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Abstract: Dyes are organic compounds capable of transmitting their color to materials, which is why
they are widely used, for example, in textile fibers, leather, paper, plastic, and the food industry.
In the dying process, measuring the dye’s content is extremely important to evaluate the process
efficiency and minimize the dye’s discharge in wastewater, but most of the time, dyes are present
in multi-component mixtures; hence, quantification by spectrophotometric methods presents a
great challenge because the signal obtained in the measurement overlaps the components in the
mixture. In order to overcome this issue, the use of the high-performance liquid chromatography
(HPLC) method is recommended; however, it has the disadvantage of being an expensive technique,
complex, and requiring excessive sample preparation. In recent years, some direct spectrophotometric
methods based on multivariate regression algorithms for the quantification of dyes in bicomponent
mixtures have been reported. This study presents a new framework that uses a combined ANN
and principal component analysis (PCA) model for the determination of the concentration of three
dyes in aqueous mixtures: Tartrazine (TZ), Amaranth Red (AR), and Blue 1 CFC (B1) dyes. The
PCA-ANN model was trained and validated with ternary mixture samples of TZ, AR, and B1,
and with known different compositions, spectra absorbance samples were measured in a UV-Vis
spectrophotometer at wavelengths between 350-700 nm with intervals of 1 nm. The PCA-ANN
model showed a mean absolute prediction error and correlation coefficient (1?) of less than 1% and
greater than 0.99, respectively. The results demonstrate that the PCA—~ANN model is a quick and
highly accurate alternative in the simultaneous determination of dyes in ternary aqueous mixtures.

Keywords: artificial neural networks; partial component analysis; spectrophotometry; ternary
solutions; azoic dyes; concentration

1. Introduction

Dyes are colored substances, usually organic compounds (natural or synthetic), with
affinity to the substrate to which they are applied. Nowadays, more than one hundred thou-
sand kinds of commercial dyes are utilized, with an annual production of over nine million
tones [1]. Dyes have a wide range of applications: paints, plastics, textiles, leather, food,
and cosmetics [1-3], and a large amount of these dyes are wasted during manufacturing
and dying procedures, which generates a large volume of dye-containing wastewater [4,5].
Therefore, the measurement of dye concentrations is a key factor in the control of dye-
ing processes.

Tartrazine (TZ), with a molecular formula of C14HgNyNa3OgSy, is an orange water-
soluble dye with applications in food, cosmetic, textile, and pharmaceutical industries [6].
Amaranth red (AR), CooH11 Nz Na3zO1Ss, is a synthetic colorant that can be found in com-
mon food products such as beverages, dry mix products, candy, and bakery products [3,7].
Brilliant Blue FCF (B1), C3yH3N209S3Nay, is used as a food dye in ice cream, candies,
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drinks, and other products [8]. These dye contents are strictly controlled since they can
prompt allergies and other diseases in sensitive people [9-11]. The chemical structures of
TA, AR, and B1 are illustrated in Figure 1.
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Figure 1. Chemical structure of (a) TZ, (b) AR and (c) B1.

Dye mixture concentration levels in water or wastewater can be determined by high-
performance liquid chromatography (HPLC) [12-14], gas chromatography/mass spectrom-
etry [15], and liquid mass spectrometry/chromatography [16]. However, chromatographic
determination of dyes in mixtures is a laborious and time-consuming procedure [16]. The
UV-Vis spectrophotometric technique can also be used for this purpose because dyes are
highly absorbent species in the visible region, and the technique has a low operating cost
and is a relatively simple procedure [13,17,18]. One of the common challenges for the
spectrophotometric technique in multi-component dye mixtures is the fact that, usually,
mixtures present the superposition or overlapping of the absorption spectra, which prevents
them from being determined by direct measurement by UV-Vis spectrophotometry [17].

In recent years, novel algorithms calibrated using UV-Vis spectrophotometry data
for the simultaneous estimation of chemical constituents in binary and ternary aqueous
mixtures have been developed. For example, A. J. Jadhav and co-workers [18] focused on a
genetic algorithm (GA) along with partial least-squares (PLS) regression for Nitrobenzene,
aniline, and phenol concentrations for the determination of individual components in
ternary synthetic mixtures. A. Mostafa et al. [19] reported the usage of a multivariate
curve resolution (MCR-ALS) alternating with PLS regression for the determination of
Beta-Antagonists in complex matrices, and K.F. Alsamarrai and S.T. Ameen [20] used
derivative spectrophotometry for the simultaneous determination of Paracetamol, Caffeine,
and Ibuprofen in their ternary mixture. In these investigations, the authors were able to
analyze the mixtures with high overlapping absorption spectra without the need for the
prior separation of the species.

On the other hand, very recently, the use of machine learning models like artificial
neural networks (ANN) have been implemented to solve problems in very diverse areas,
like engineering and science [21], because ANNSs are considered tools that can help us
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to analyze variable relationships in complex systems from large datasets [22]. However,
the performance of conventional ANNs depends strongly on the size of the input data
and large variables in the data, which may contain redundant information, which would
increase the complexity of the computation.

In this respect, to improve the ANN performance of implemented models, some
researchers, such as those in [23-26], have combined ANN models with a principal com-
ponent analysis (PCA) to create new features based on the original variables in order to
reduce the dimensions, resulting in a favorable prediction performance of the ANN in their
respective applications.

The concentration measurement of TZ, AR, and B1 mixture dyes in aqueous solutions
cannot be carried out directly by UV-VIS spectrophotometry due to the overlapping of
their absorption spectra. Although, in recent years, various direct spectrophotometric
determinations of dyes in aqueous mixture methods have been reported, the use of an
ANN and PCA coupled model has not been used for this purpose. This study presents a
new framework in which the use of a combined ANN and principal component analysis
(PCA) model serves as an alternative for the concentration determination of three dyes in
aqueous mixtures: Tartrazine (TZ), Amaranth Red (AR), and Blue 1 CFC (B1) dyes.

This paper is organized as follows: Section 2 introduces the proposed method, data
collection, and PCA and ANN models. In Section 3, we show the results and a discussion.
Finally, Section 4 presents the conclusions.

2. Materials and Methods
2.1. Data Collection

Three dyes with a wide variety of applications in different industries were selected:
Tartrazine (C.I. number 19150), Amaranth Red (C.I. number 16185), and Brilliant Blue CFC
(C.1.42090) obtained from Aceites y esencias Company. The dye standard and sample
solutions were prepared in deionized water (D.W).

Standard mother stock solutions (100 mg/L) for each dye were prepared by dissolving
appropriate amounts of each compound in deionized water. A total of 64 ternary diluted
solutions were prepared by the dilution of the standard mother stock solution; dye con-
centrations varied from 0 to 20 mg/L for TZ and AR dyes and 0 to 10 mg/L for Bl dye.
Table 1 shows the concentration values of the 64 ternary dye mixture samples prepared
in laboratory.

Table 1. Concentration data (mg/L) of the set of samples.

Set of Ternary Mixtures Dyes (mg/L)

N° TZ AR B1 N° TZ AR B1 N° TZ AR B1 N° TZ AR B1
1 0.0 0.0 0.0 17 5.0 0.0 0 33 10 0.0 0.0 49 20 0.0 0.0
2 0.0 0.0 25 18 5.0 0.0 25 34 10 0.0 25 50 20 0.0 25
3 0.0 0.0 5.0 19 5.0 0.0 5.0 35 10 0.0 5.0 51 20 0.0 5.0
4 0.0 0.0 10 20 5.0 0.0 10 36 10 0.0 10 52 20 0.0 10
5 0.0 5.0 0.0 21 5.0 5.0 0.0 37 10 5.0 0.0 53 20 5.0 0.0
6 0.0 5.0 2.5 22 5.0 5.0 25 38 10 5.0 25 54 20 5.0 25
7 0.0 5.0 5.0 23 5.0 5.0 5.0 39 10 5.0 5.0 55 20 5.0 5.0
8 0.0 5.0 10 24 5.0 5.0 10 40 10 5.0 10 56 20 5.0 10
9 0.0 10 0.0 25 5.0 10 0.0 41 10 10 0.0 57 20 10 0.0
10 0.0 10 2.5 26 5.0 10 2.5 42 10 10 25 58 20 10 25
11 0.0 10 5.0 27 5.0 10 5.0 43 10 10 5.0 59 20 10 5.0
12 0.0 10 10 28 5.0 10 10 44 10 10 10 60 20 10 10
13 0.0 20 0.0 29 5.0 20 0.0 45 10 20 0.0 61 20 20 0.0
14 0.0 20 25 30 5.0 20 25 46 10 20 25 62 20 20 25
15 0.0 20 5.0 31 5.0 20 5.0 47 10 20 5.0 63 20 20 5.0
16 0.0 20 10 32 5.0 20 10 48 10 20 10 64 20 20 10

The numbers in bold correspond to the sample numbers.
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The absorption UV-Vis spectra of the 64 samples were carried out in duplicate, and
measurements were scanned over wavelength range from 350 to 700 nm, with a spectral
bandwidth parameter setting in AA = 1 nm for all experiments.

All spectra and absorbance measurements were recorded with Perkin-Elmer UV-Vis
spectrophotometer model Lambda 35 and a 1.0 cm matched quartz cell.

2.2. PCA Model

PCA is a classical statistical method that aims to transform the attributes of a dataset
into a new set of uncorrelated attributes called principal components (PCs). One of the
main uses of PCA is to reduce the dimensionality of a dataset in such a way that it retains
as much of the variability of the original dataset as possible [27]. Dataset X with a m
number of variables and a #n number of observations can be expressed as a matrix with m
row-vectors each with length 7, as shown in Equation (1) [28].

X11 X12 ... X1n X1
X21 X111 ... Xon X2

X=| . . ) =1 . 1)
Xml X11 -+ Xmaxn X

The matrix X is required to linearly transform into Yj;x matrix by means of a Py, ma-
trix with raw vectors p1, p2, p3,- -+, pm and column vectors of X matrix x1, xp, X3, -+, Xy,
as can be seen in Equation (2).

pP1.X1  pP1.X2 ... P1.Xn X1
p2.X1  p2X2 ... P2.Xp X>

men = Ppun X = . . . . = : (2)
Pm-X1  PimX2 .. Xmxn Xim

The projection of the original dataset X on the columns of P is achieved through the
dot product p;- x1 showed in Equation (2). The rows of matrix P are a new basis that
signifies the principal component directions.

In our case, the results obtained from absorption spectra of samples represent the
matrix X, which means that from each 64 ternary dye solution sample UV-Vis spectrophoto-
metric measurement, we obtain a vector with 350 characteristics; the aim of PCA method is
to reduce the number of characteristics data to their essential features, which are principal
components (PCs). UV-Vis spectra of the 64 samples were handled with the library of
Numpy package of the programming language Python.

PCA method was carried out with the use of the sklearn.decomposition module
included in the package of the language programming Python.

2.3. ANN Model

Artificial neural networks have recently become powerful tools for machine learning
that mimic the human brain’s biological neural networks, which make them a powerful
method for solving a large variety of complex problems. A typical ANN architecture is
completely well-defined by three layers (an input layer, one or more hidden layers, and an
output layer), where each layer has a specific number of neurons that are linked to each
other [29].

In this work, the ANN architecture consisted of the PCs obtained from PCA model
as input variables; the number of neurons in the hidden layer was optimized from 1 to
1000 by iterative tuning, configuration, and three output layers (concentrations of each dye
in the mixture in mg/L). Figure 2 shows the optimal ANN architecture.
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Figure 2. Architecture of the ANN in this study.

We divided the dataset into training samples (75%) and testing samples (25%). To
improve the ANN stability and prediction performance, the PC’s input data were standardized
with Equation (3) so that the mean of observed values is 0 and the standard deviation is 1.

7 = X 3)

With mean:
K= E 21’:1 Xi (4)

And standard deviation:

o= \/1112?1(9@ —p)? (5)

where 1 is the number of data points, x; denote the input data,  and ¢ are the mean and
standard deviation of input data, respectively.

The accuracy of the ANN model was measured by the coefficient of determination (r?)
and the mean absolute prediction error (MAPE) of both training and testing datasets, as
shown in Equations (6) and (7), respectively.

1

Yi = Ypred,i
n
MAPE= | =370 "

-y x 100 (6)

2
5 2?21 (]/i - ]/pred,i)
rc=1-— — @)
Y (i =)
where 7 is the number of data points, i, denotes the estimated obtained from the ANN
model, y; and ¥ are the observed and mean of the data, respectively. A summary of the
parameters used in the ANN model is presented in Table 2.

Table 2. Summary of learning parameters of the ANN model.

Parameter Value
Number of iterations 200
Learning rate 0.001
Hidden layer neurons activation function ReLU

Number of hidden layer neurons 500
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ANN method was carried out with the use of the sklearn.neural_network module and
MLPRegressor function of the language programming Python.

3. Results and Discussions
3.1. Spectrophotometry Data Acquisition

Figure 3 presents the outcomes of absorption spectra from the UV-Vis spectroscopy
analysis of pure B1, AR, and TZ dyes and the ternary mixture samples in the wavelength
range from 350 to 700 nm.

—B1 (10 mg/L)

14 41 —AR (20 mg/L)
TZ (20 mg/L)

—Ternary mixture

1.2 4

Absorbance

350 400 450 500 550 600 650 700
Wavelength (nm)

Figure 3. UV-Vis spectra of pure and ternary dye solutions.

It can be observed from Figure 3 that the absorption spectra bands of all three pure
dye samples are not very widely separated and overlap each other, which causes small
shoulders or peaks from the total spectrum (ternary mixture), and this makes it impossible
to determine the concentration of the individual components of the mixture by a simple
direct spectrophotometric method.

The absorption spectra of all sixty-four prepared solutions with different concentra-
tions of B1, AR, and TZ dyes are presented in Figure 4; different color to each single spectra
are presented for better visualization, so that the differences in shape can be seen, which
are due to the variation of the concentration values of the three dyes in each mixture.

Absorbance

350 400 450 500 550 600 650 700
Wavelength (nm)

Figure 4. UV-Vis spectra of 64 samples of dye solutions with different concentration.
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3.2. Principal Component Analysis (PCA)

Spectral data from the 64 samples of the dye solutions can be represented as a matrix X
with m row-vectors and 7 length, where m = 350 number of variables (UV-Vis spectroscopy
analysis wavelength range), and n = 64 number of observations (samples), resulting in a
size of X matrix (64 x 350).

The mathematical method underlying the principal component analysis was used in
the spectral data from the 64 samples of dye solutions to reduce the dimensionality of the
dataset. PCA was performed in Python using the scikit-learn library; the cumulative total
variance of the top three principal components equaled up to 99.4%; in other words, three
new noncorrelated variables (principal components) retained a maximal total variance
explained by the 350 variables from the original data.

In order to visualize the results of the PCA, the score plots of PC1 versus PC2 and
PC1 versus PC3 were plotted, as can be seen in Figures 5 and 6, respectively; the points are
labeled based on dye concentrations of the sample ID, as can be seen from Table 1.
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Figure 5. Principal component analysis (PCA) score plot using the first and second principal compo-
nents, PCA points are labeled based on (a) TZ, (b) AR and (c) B1 dyes concentrations.
TZ [mg/L AR L B1 [mg/L]
[,—‘92010 [mgéolo I
o o ° °
1 B o 4
» 0o’ ° 175 B o © ° 175 B o © .
=] 8
1 0 ® ° F15.0 104 o ? 15.0 109 o«
o © ° o © ° o ©® °
° ° ° ° o ° ° . °
5 o © ° oo t12s _ 549 o © o 0o 125 _ 3 5 © o ce s
§ ° o 0o o ° o H o o 0o? ° ° g o o ©° o° . .
= 0 o o ° w0 S o, © ° ° wo 5 o o o °
- ° 0 % 50° 6 o0 ° - ° © 90 o L@ - © 0 % e e Lo
4 0o % o0 4 o ® o ® 4 o © 4
s o o ° R t7s s 1 ° ° ° 7.5 s o ° .
o © o o ©° . °
_101 ° e ® o Fs5.0 104 e ® o 5.0 1ol o © 0°°%,
0©° ° e o © 2
15 o ° 2.5 s ° i 25 o L]
_ _15 ] _15 °
0 © o ® 15 o ©
3 20 -0 o0 1 20 3 - 30 20 -0 o0 10 20 3 e 30 10 5 1 20 =
PC1 (50.8%) PC1 (50.8%) PC1 (50.8%)
(a) (b) ()

Figure 6. Principal component analysis (PCA) score plot using the first and third principal compo-
nents; PCA points are labeled based on (a) TZ, (b) AR and (c) B1 dyes concentrations.

From the score plots shown in Figure 5, we noticed that the first and second principal
components had a strong relationship with the Bl dye concentration, given that the data
separated into three appreciable clusters (Figure 5c). Figure 6 shows three clusters for TZ
and AR concentration classes along the PC2 dimension (Figures 6a and 6b, respectively).

3.3. Artificial Neural Networks

The ANN was performed based on the previous three principal components as an
input dataset. The optimum numbers of epochs and neurons in the hidden layer were
defined by using an iteratively tuned configuration for predicting Bl, AR, and TZ dye
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concentrations in the mixtures. As shown in Figure 7, the model could train the neurons

well after about 175 epochs since, from this value, the minimum MSE and MAPE were
found for the training and testing data.

Training & Testing Accuracy Training & Testing Loss
80
—— Training —— Training loss
— Testing —— Testing loss
70

N
=3
=3
=3

-3
=3
=3
S

60

w
=3
=3
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8
8
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8

N
o
=3
o

Mean absolute prediction error (MAPE)
Mean Squared error (MSE)
8

- i \\

0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200

Epochs Epochs
(a) (b)
Figure 7. Loss vs. Epoch Graphs. (a) MAPE vs. Epoch, (b) MSE vs. Epoch.

o
o

Once the number of epochs for training had been decided, the next step was to find
the number of neurons in the hidden layer. To do this, we used a cross-validation method,
which consisted of starting to evaluate the model with a small number of neurons and
gradually increasing the number until we found the minimum MSE of the training and
testing sets.

As shown in Figure 8, the optimal number of neurons in the hidden layer was found
to be 500.

35

30 - Training loss
——— Testing loss
25 4

Mean squared error (MSE)

aule

0 = T T T T T T

0O 100 200 300 400 S00 €600 700 80 900 1000
Number neurons (hidden layer)

Figure 8. MSE vs. number of neurons in the hidden layer.

The optimum number of epochs and neurons in the hidden layer were used to fit the
database with the same architecture. Regression coefficients (r?) for predicting TZ, AR, and
B1 dye concentrations in the mixtures achieved by the model are shown in Figure 9a—c.

The closer the r? values of the PCA-~ANN model were to one, the higher the fitting
effect of the model was. It can be observed from Figure 9 that the 12 values of the three dyes
are greater than 0.99. This means the PCA-ANN model is highly accurate in the prediction
of dye concentrations in ternary mixtures.
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(a) TZ dye prediction (r? = 0.998)
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— 104 e Data ’]r
= —=- Target=Predicted e
-
E -~
.
5 81 e
B -~
= -
@ 67 e
g -
8 A
o -
XS L
— -
@
T 24 «"’
8 -
] -
3 -
g e
= o4 l
T T T T T T
0 2 4 6 8 10

Target B1 dye concentration [mg/L]

Figure 9. The scatter plot of target versus predicted dye concentration in mixtures and Regression
coefficient (r2) (a) TZ, (b) AR and (c) Bl by the PCA-ANN model in test samples.

4. Conclusions

In this work, a new framework was applied, which used a combined ANN and PCA
model as an alternative for the simultaneous concentration determination of the three dyes
in aqueous mixtures. As the main contribution, the combination of PCA and ANN models
allowed us to overcome the high dimensionality, low sample size of the input data, and
high UV-Vis spectra overlapping, leading to obtaining satisfactory results for quantifying
the three dyes in aqueous mixtures.

With the use of the PCA model, it was discovered that more than ninety-nine per-
cent (99%) of the total variation was explained by three principal components instead of
350 original variables. The optimal ANN model had 175 training epochs, one hidden layer
with 500 neurons, a performance prediction with r? values greater than 0.99, and MAPE
values of less than 1% for the three dyes. This study proved that the combination of the
PCA-ANN model predicts the concentration of B1, AR, and TZ dyes in aqueous mixtures
as a rapid and accurate alternative.
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