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Abstract: The application of modern technical tools 

in the analysis of essential oils requires a constant 

search for new express methods of measurement. 

This is because new technological equipment as well 

as new technological methods are constantly being 

introduced in the production. This article presents 

the results obtained for the color indices of orange 

essential oil. A selection of features has been made 

that are suitable for both classification and 

prediction of oil density. The possibility for 

prediction according to the selected features is 

assessed. Predictive models have been developed 

that describe with sufficient accuracy the change in 

oil density, using color indices as input. 

 

Keywords: Essential oils, Orange, Color indices, Food 

technology, Innovative techniques, Predictive models 
 
 

I. Introduction 
 

A wide variety of essential oils are available on the 
world market. From the reviewed literature sources [1, 
2, 3], it can be summarized that the chemical 
composition of essential oils and the amounts of 
components vary widely. The reasons for these 
variations include a number of factors, such as 
geographical, environmental, agro-technical [4, 5, 6], 
which determine the quality of the essential oil. 
The type and composition of essential oils are 
influenced by the botanical characteristics of plants 
(species, subspecies, variety, hemorrhage), soil and 
climatic conditions (geographical area, type and 
condition of the soil, atmospheric conditions used in 
the cultivation of fertilizers). It also matters which part 
of the plant (flowers, leaves, needles, twigs, bark, 
seeds, roots) is used to extract the essential oil. From 
different parts of the plant, even with the same 
botanical affiliation, different oils are obtained. 

The composition of the essential oils is also influenced 
by the technology of extraction from the plants (by 
distillation, pressing or extraction), the conditions and 
duration of storage, as well as their additional 
processing before use. Therefore, from the same 
starting material, as a final product, an essential oil of 
different composition can be obtained. 
The main indicator for determining the quality of 
essential oils is their chemical composition, which 
varies widely. While for technical oils of vegetable 
origin the quality indicators are standardized, the 
industry of essential oils is not subject to regulation. 
There are not enough standards in this industry to 
categorize all types of oils, certain types with wider 
application are standardized. There are no generally 
accepted rules and regulations that include product 
characteristics and requirements, production 
procedures, test methods and conformity assessment. 
Some manufacturers have internal standards for this 
assessment, others use the services of laboratories 
that check the quality of their products. Gas 
chromatography-mass spectrometry (GC-MS) is widely 
used in analytical laboratories, other convection 
methods for the analysis of essential oil are known in 
the literature, as well as some modern methods that 
are still limited to laboratory tests. The overview of the 
analysis techniques used confirms that their 
implementation requires laboratory conditions, which 
include expensive laboratory equipment, high quality 
reagents and consumables, technological time for 
sample testing and last but not least highly qualified 
specialists. 

For the reasons listed above, it would be useful to 
develop a methodology for the analysis of essential oils 
using spectrophotometric techniques. When searching 
in the existing literature [6, 7, 8] found that there is 
scarce research in the field of essential oils based on 
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spectrophotometric techniques. The implementation 
of such a methodology would lead to the following 
advantages: creating a fast method that provides 
express analysis of the results, accessible – no high-
cost equipment is used, no special knowledge is 
required to work with laboratory equipment. The 
method could be used by teachers with knowledge in 
engineering and computer science to test theoretical 
knowledge in practical learning situations. 
 

II.  Material and methods 
 

Selection of essential oil. Orange oil (Rivana EOOD – 
Plovdiv, Bulgaria) was chosen for the realization of the 
tasks of the present work. The main composition 
indicated on the label is: Citrus sinensis peel oil; 
limonene; citral. The manufacturer recommends 
aromatherapy oil, scented lamp, locket, massage and 
bath. 
After consultation with the manufacturer, we were 
provided with data on the composition of the essential 
oil, determined by gas chromatography. The 
concentrations of the main compounds in the 
composition of the orange essential oil used are given 
in Table 1.  
 

Table 1. Main composition of orange essential oil 
Component  Content,% Component  Content,% 

Limonene  94,31 Octanal 0,10 

α-Pinene  0,62 Linalool 0,42 

Sabinene and β-Pinene 0,41 δ-3-Carene  0,08 

Myrcene  2,00 Decanal 0,24 

 

Orange oil is chosen because of the wide variety of 
household, industrial and medical applications. In 
everyday life it is used to flavor drinks, desserts and 
pastries. It is used in industry in the production of 
soaps, body lotions, anti-aging creams, room 
fragrances, sprays, deodorants, concentrates, soft 
drinks, biscuits, chocolates, confectionery and bakery 
products. 

Choice of diluent of essential oil. Glycerin GT (VETA 
Pharma AD - Veliko Tarnovo, Bulgaria) was chosen as 
diluent. The diluent is manufactured according to TD-
04/2014 of the manufacturer. The diluent was chosen 
because it is a trivalent alcohol that does not react with 
polymeric materials. This allows its use in polymer 
cuvettes, which reduces the cost of analysis compared 
to the use of cuvettes with optical or quartz glass. 

Determination of essential oil and diluent density. 
The density ρ, is determined by the formula: 
 

𝜌 =
𝑚

𝑉
, 𝑘𝑔/𝑚3 (1) 

 

where m is the mass of the substance, kg; V - volume, 
m3. 

The density was determined in a polymer cuvette with 
an effective volume of 4 ml (0,000004 m3). The 
cuvettes weigh 2,13 g (0,00213 kg), which is subtracted 
from that of the substance to obtain the mass of the 
substance therein. 
The weight of the raw materials is determined with a 
technical scale Pocket Scale MH-200 (ZheZhong 
Weighing Apparatus Factory), maximum determined 
weight 200g, with a resolution of 0,02g. 

Density is an important indicator in the separation of 
oil from condensate during extraction. Determining 
this indicator helps to improve the technological 
process of extraction of essential oils. For example, 
depending on the density of the oil, it can be judged 
whether to implement automatic systems for 
regulating the temperature of the condensate, which 
will change the density of the oil, in the direction of it 
being easier to separate and reduce technological 
losses. 

Experimental setup, used in the work. The 
experimental setup used, in the form of a schematic 
diagram, is presented in Figure 1. It consists of: a 
single-board Arduino Nano microcontroller 
(Kuongshun Electronic Ltd.); TCS230 
spectrophotometric sensor (TAOS Inc.); light source - 
white LED, with the highest light intensity at 450nm; 
cuvette; personal computer. 

Obtaining spectral characteristics. The obtaining 
spectral characteristics consists of two main programs 
– a program with which the single-board 
microcontroller works and a subroutine (function in 
Matlab) for converting RGB values into spectral 
characteristics, in the range 300-1100nm. 

The Arduino program is proposed in [9], and some 
modifications have been made in the present work. 
The received values are sent to the personal computer 
via COM port, with a preset speed of 9600 bit/s. 
The Arduino program is proposed in [9], and some 
modifications have been made in the present work. 

https://en.wikipedia.org/wiki/Limonene
https://en.wikipedia.org/wiki/Octanal
https://en.wikipedia.org/wiki/%CE%91-Pinene
https://en.wikipedia.org/wiki/Linalool
https://en.wikipedia.org/wiki/Carene
https://en.wikipedia.org/wiki/Myrcene
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Figure 1. Experimental setup – principal schematic 

 

The received values are sent to the personal computer 
via COM port, with a preset speed of 9600 bit/s. 
The function in Matlab reads the values from the COM 
port and converts them into spectral characteristics. 
The read RGB values are in transmittance. These values 
are normalized by dividing those measured by placing 
an empty cuvette.  
The obtained normalized values are converted to 
reflectance (R) by the formula: 

 

𝑅 =
1

10𝑇
 (2) 

This is due to the fact that the TCS230 sensor 
manufacturer offers reflectance-only matching 
functions, as shown in Figure 2. 
The obtained spectral characteristics of reflection can 
be converted into transittance spectra (T) by 
mathematical dependence: 
 

𝑇 = log(
1

𝑅
) (3) 

Similarly, the transittance spectra can be converted to 
those of absorption (A), measured in absorption units 
(AU): 
 

𝐴 = 2 − log(𝑇) , 𝐴𝑈 (4) 
 
The spectral characteristics were obtained in polymer 
cuvettes with an optical path of 10 mm. Their 
dimensions are 12,5x12,5x45 mm. Their effective 
volume is 4 ml. 

 

 
Figure 2. Spectral matching functions for TCS230 

sensor 
 

Conversion of absorption spectral data to color 
components. The conversion of the measured 
absorbance of the samples to XYZ color components 
was done according to the following mathematical 
dependences presented in [10] and developed in [11]: 
 

𝑋 =
1

𝑁
∫ 𝐴(𝜆)�̅�(𝜆)𝐼(𝜆)𝑑𝜆
780

380

 

(5) 𝑌 =
1

𝑁
∫ 𝐴(𝜆)�̅�(𝜆)𝐼(𝜆)𝑑𝜆
780

380

 

𝑍 =
1

𝑁
∫ 𝐴(𝜆)�̅�(𝜆)𝐼(𝜆)𝑑𝜆
780

380
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𝑁 = ∫ �̅�(𝜆)𝐼(𝜆)𝑑𝜆
780

380

 

 

where A (λ) is the measured absorbance of a sample in 
the VIS region; ; �̅�, �̅� и �̅� are values from 
correspondence matrices [12]; λ is the wavelength in 
the range 380-780 nm; I (λ) is the correspondence 
vector for the illuminance used. The functions used 
depend on the specified observer and brightness. 
The conversion from XYZ to RGB color model is done 
according to the following mathematical dependence: 
 

𝑚 = [
3,2406 −1,5372 −0,4986
−0,9689 1,8758 0,0414
0,0557 −0,2040 1,0570

] 

(6) 

[
𝑅
𝐺
𝐵
] = [𝑚]. [

𝑋
𝑌
𝑍
] 

 

An adjustment was made to the values obtained of the 
color components of the RGB model, under the 
following conditions: 
 

𝑐𝑐 = {
12,92. 𝐶𝐶, 𝐶𝐶 < 0,0031308

1,055. 𝐶𝐶0,41666 − 0,055, 𝐶𝐶 > 0,0031308
 (7) 

 

where CC is the corresponding color component (R, G 
or B). 
The conversion functions used are at the same settings 
for observer and brightness. According to the 
methodology presented in [13], the absorption of the 
samples was measured at wavelengths of 420, 520 and 
620 nm. Convertion functions with observer 2o (Stiles 
and Burch 2o, RGB (1955)) and illumination D65 
(average daylight with UV component (6500K)) were 
applied. 

Obtaining color indices. The color of the essential oils 
is determined with the software application Color 
Meter Free (VisTech.Projects). The application is 
installed on a Motorola Moto E5 mobile phone 
(Motorola Inc., USA). The video sensor of the phone is 
13MP, with a pixel size of 1.14 μm. A white LED strip 
with the highest light intensity at 450 nm was used to 
illuminate the shooting scene. 

The values obtained in the RGB color model are 
converted to XYZ and then to the Lab model. YI-index 
of yellow, WI-index of white are determined. These 
indices are defined in the ASTM E313-20 standard [14]. 
The yellow index (YI) is a value determined by 
colorimetric or spectrophotometric data of the 

product, which describes the change in the color of the 
sample from transparent or white to yellow. This test 
is most often used to assess changes in the color of 
products caused by real or simulated external 
influences. 
A brown index (BI) has also been determined. This 
index shows the purity of the brown color in the 
measured sample. 
The values of chromium C and hue are determined by: 
 

𝐶 = √𝑎 + 𝑏ℎ𝑜 = 𝑎𝑡𝑎𝑛 (
𝑏

𝑎
) (8) 

 

Color difference (ΔE). The color difference is that 
between the color components of the Lab model for 
the reference and the corresponding measured 
sample. It is defined as: 
 

∆𝐸 = √∆𝐿2 + ∆𝑎2 + ∆𝑏2 (9) 
 

In addition to the indices of yellow, white and brown, 
there are some, according to the formulas summarized 
by Pathare et al. [15]. 
 

𝑌𝐼 =
142,86𝑏

𝐿
 (10) 

𝑊𝐼 = 100 − √(100 − 𝐿)2 + 𝑎2 + 𝑏2 (11) 

𝐵𝐼 =
𝑥 − 0,31

0,17
 

where 

𝑥 =
𝑎 + 1,75𝐿

5,645𝐿 + 𝑎 − 0,012𝑏
 

(12) 

𝑆𝐼 = √𝑎2 + 𝑏2 (13) 

𝐶𝐼𝑅𝐺 =
180 − 𝐻

𝐿 + 𝐶
 (14) 

𝐶𝑂𝐿 =
2000𝑎

𝐿𝐶
 (15) 

𝐶𝐼 =
𝑎

𝑏
 (16) 

𝐸𝐶𝐵 =
𝑎

𝑏
+
𝑎

𝐿
 (17) 

𝐹𝐶𝐼 = 𝐿 − 𝑏 (18) 

𝑊𝐿 =
𝐿

𝑏
 (19) 

𝑃𝐴𝐶𝐼 =
1000𝑎

𝐿 + ℎ
 (20) 

 

Method for selection of informative features. Method 
for selecting regression features by analysis of adjacent 
components, FSRNCA [16]. The weights of the 
characteristics are determined by means of a diagonal 



 
№ 2-3 (2),  2020 

 

 

ISSN: 2682 – 9517 (print)         ISSN: 2683 – 0930 (online) 
 

 

  JOURNAL  OF  INFORMATICS  AND  INNOVATIVE  TECHNOLOGIES  (JIIT)    
 

adaptation of the method of analysis of adjacent 
components (NCA). This algorithm works well in 
assessing the significance of characteristics for 
distance-based models. The algorithm is suitable for 
selecting features for regression analysis. It can also be 
used to select classification criteria. 
 

Classification methods used. The classification 
methods used are described in detail in [17]. In 
general, the classifiers are shown in Figure 3. 
The naïve Bayesian classifier (NB) was used as a 
reference. It is one of the classical algorithms in 
machine learning and is based on Bayes' theorem for 
determining the a posteriori probability of an event. 
Accepting the "naïve" assumption of conditional 
independence between each pair of parameters. 
The k-nearest neighbors method (kNN) is an image 
classification method that is based on the closest 
training examples in the feature space. An unknown 

image refers to a class to which at least S of the k 
nearest neighbors of the training image sample belong. 

Discriminant analysis (DA) is a multidimensional data 
analysis that is used when there is a need to predict the 
values of a grouping variable. This is known as image 
classification or recognition. The following separating 
functions were used in the discriminant analysis: Linear 
(L) - a linear separation function, suitable for data with 
multivariate normal density of each group, with a 
general estimate of covariance; Quadratic (Q) - a 
quadratic separation function (of the second degree), 
distributes data with multivariate normal density by 
calculating the covariance and collects them in a group; 
Diagquadratic (DQ) - is similar to the quadratic 
separation function, but uses the calculation of the 
diagonal of the covariance matrix (diagonal nonlinear 
separation function); Mahalanobis (M) - divides the 
data into groups by the distance of Mahalonobis by 
determining the covariance in the data.

 

   
a) naïve Bayesian classifier b) discriminant classifier c) kNN method 

Figure 3. General view of the classifiers used 
 
The evaluation of the work of the used classifiers is 
made by a general classification error, which is 
described by the formula: 
 

е =
∑ (∑ 𝑦𝑖𝑘 − 𝑦𝑖𝑖

𝑛
𝑘=1 )𝑛

𝑖=1

∑ ∑ 𝑦𝑖𝑘
𝑛
𝑘=1

𝑛
𝑖=1

. 100,% (21) 

 

where yik is the number of class i samples classified by 
the classifier in class k; yii - number of correctly 
recognized samples; k=1...n – number of incorrectly 
assigned in a given class i in relation to the total 
number of samples; n - number of classes. 

Model for predicting the density of essential oil. An 
initial model was used, describing the relationship 
between selected characteristics of essential oils of the 
type: 

 

𝑧 = 𝑏0 + 𝑏1𝑥 + 𝑏2𝑦 + 𝑏3𝑥
2 + 𝑏4𝑥𝑦 + 𝑏5𝑦

2. (22) 
 

The coefficients of the model, their standard error (SE), 
t-statistics (tStat), p-value are determined. The sum of 
the squared error (SSE) and the root mean square error 
(RMSE) are also used. 

An analysis of the coefficients of the model depending 
on the value of p, for each of them. Non-informative 
coefficients are rejected by the model. 

The data processing was performed in the software 
products MS Excel 2016 (Microsoft Corp.) and Matlab 
2017 (The Math Works Inc.). All data were processed 
at a level of significance α=0,05. 
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III. Results and discussion 
 

Results for the color indices of essential oil are 
presented. A selection of features has been made that 
are suitable for both classification and prediction of 
essential oil density. The possibility for prediction, 
according to the selected features is assessed. 
Predictive models have been developed that describe 
with sufficient accuracy the change in essential oil 
density using color indices.  
Results of determination of density of essential oil at 
dilution. The results of determining the density of 
orange essential oil at dilution are shown in Table 2. 
The table shows that the oil has a density close to that 
of the diluent. 
 
Table 2. Density of essential oil at dilution 

Designation 
Разреждане 

Density, kg/l 
Essential oil, % Diluent, % 

R1 0 100 0,760 

R2 25 75 0,788 

R3 50 50 0,778 

R4 70 25 0,785 

R5 100 0 0,810 

 

Color indices based on data from a video sensor on a 
mobile phone. Figure 4 shows a graph of the location 
of the diluted essential oil samples in the Lab color 
space. The presented graph depends on the 
percentage of diluent. It can be seen that the values of 
the color components of the diluent differ significantly 

from those of the essential oil. Diluted oils are clearly 
different from each other on the chart. 

Table 3 lists the color components, color 
characteristics and color indices of the diluted oils and 
diluent. The color difference ΔE is calculated relative to 
pure orange oil. 

Spectral characteristics and color indices according to 
spectrophotometer data. Figure 5 shows the averaged 
spectral transmittance characteristics, depending on 
the percentage of diluent. It can be seen that the 
values of the transmittance of the diluent differ 
significantly from those of the oil. Diluted oils visibly 
differ from each other in their spectral characteristics. 

An increase in the transmittance curves from the 
visible to the infrared region of the electromagnetic 
spectrum is observed. Low values of the transition in 
the red region are followed by a sharp rise in the curves 
to high values of the transmittance in the near infrared 
region. This sharp increase in transmittance values is 
known as the red edge. 

After converting the spectra from transmittance to 
absorption, the color components of the Lab color 
model were calculated. Color difference and color 
indices are determined. Table 4 lists the color 
components, color characteristics and color indices of 
the diluted essential oils and diluent. The color 
difference ΔE is calculated relative to pure orange 
essential oil.  
 

 
 

 
 
Figure 4. Lab components of orange essential oils 
according to video sensor data 

 
 
Figure 5. Transmittance spectral characteristics of 
orange essential oils 
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Table 3. Color indices for orange essential oil at dilution, according to mobile phone data 

Designation  R1 R2 R3 R4 R5 

Diluent, % 100 75 50 25 0 

EO, % 0 25 50 75 100 

DS 
CC and CI 

mean SD CV mean SD CV mean SD CV mean SD CV mean SD CV 

L 66,9 0,8 1% 47,9 0,5 1% 42,7 2,3 5% 35,7 0,6 2% 36,4 2,6 7% 

a 2,4 1,3 53% 17,9 1,2 7% 33,3 6,6 20% 40,2 2,0 5% 33,7 4,7 14% 

b 6,6 1,2 18% 55,5 0,5 1% 52,7 1,3 2% 46,9 0,8 2% 44,7 4,8 11% 

C 3,0 0,3 11% 8,6 0,1 1% 9,3 0,3 3% 9,3 0,1 1% 8,9 0,1 1% 

h 1,0 0,7 69% 1,3 0,0 2% 1,0 0,1 10% 0,9 0,0 3% 0,9 0,1 13% 

ΔE 70,1 2,1 3% 22,4 6,8 30% 14,2 6,9 49% 10,3 2,5 24% 0,0 0,0 0% 

YI 14,0 2,5 18% 165,8 0,6 0% 176,5 5,7 3% 187,7 3,8 2% 175,1 9,1 5% 

WI 66,1 0,9 1% 21,7 0,4 2% 15,1 3,6 24% 10,8 1,2 11% 15,0 1,9 13% 

BI 233,7 91,1 39% 24,4 1,1 4% 15,2 2,3 15% 11,5 0,5 4% 13,1 1,6 12% 

SI 7,1 1,2 17% 58,4 0,7 1% 62,6 2,9 5% 61,8 1,3 2% 56,4 1,7 3% 

CIRG 0,0 0,0 33% 0,0 0,0 1% 0,0 0,0 9% 0,1 0,0 2% 0,0 0,0 12% 

COL 24,5 9,5 39% 87,3 5,3 6% 169,4 38,2 23% 241,0 12,8 5% 212,1 46,8 22% 

CI 0,4 0,2 45% 0,3 0,0 7% 0,6 0,1 22% 0,9 0,0 6% 0,8 0,2 26% 

ECB 0,3 0,2 55% 0,7 0,0 7% 1,4 0,3 24% 2,0 0,1 6% 1,7 0,4 24% 

FCI 73,5 1,1 2% 7,7 0,1 2% 10,0 1,1 11% 11,2 0,8 8% 8,3 2,6 31% 

WL 10,5 1,9 18% 0,9 0,0 0% 0,8 0,0 3% 0,8 0,0 2% 0,8 0,0 6% 

PACI 36,9 16,2 44% 364,5 25,5 7% 772,4 202,6 26% 1099,0 69,0 6% 916,5 204,9 22% 

R-dilution; EO-essential oil; DS-descriptive statistics; CC-color component; CI-color index; mean-average value; SD standard deviation; 
CV-coefficient of variation 

Figure 6 shows a graph of the location of the diluted 
essential oil samples in the Lab color space.  
The presented graph depends on the percentage of 
diluent. It can be seen that the values of the color 

components of the diluent differ significantly from 
those of the oil. Diluted oils are clearly different from 
each other on the chart.

 

Table 4. Color indices for orange essential oil at dilution, according to spectrophotometer data 

Designation  R1 R2 R3 R4 R5 

Diluent, % 0  25  50 75  100  

EO, % 100 75 50 25 0 

DS 
CC and CI 

mean SD CV mean SD CV mean SD CV mean SD CV mean SD CV 

L 47,7 0,6 1% 51,4 0,7 1% 54,1 0,6 1% 60,1 0,6 1% 64,9 0,7 1% 

a 18,6 0,6 3% 13,6 0,4 3% 4,2 0,7 17% 5,8 0,4 7% 3,7 0,5 12% 

b 15,6 0,4 3% 24,8 0,6 2% 40,6 0,4 1% 61,1 0,3 0% 57,3 0,5 1% 

C 5,8 0,0 1% 6,2 0,0 0% 6,7 0,0 1% 7,4 0,0 0% 7,3 0,0 1% 

h 0,7 0,0 3% 1,1 0,0 2% 1,5 0,0 1% 1,5 0,0 0% 1,5 0,0 1% 

ΔE 50,4 0,9 2% 39,2 0,7 2% 21,4 0,6 3% 6,5 0,3 5% 0,0 0,0 0% 

YI 46,6 1,4 3% 69,0 2,4 3% 107,2 1,4 1% 145,3 1,0 1% 126,2 1,4 1% 

WI 42,4 0,6 2% 43,7 0,7 2% 38,6 0,4 1% 26,8 0,2 1% 32,7 0,5 1% 

BI 23,2 0,6 3% 30,3 0,6 2% 60,8 4,4 7% 764,3 259,1 34% 563,9 192,7 34% 

SI 24,2 0,4 2% 28,3 0,4 1% 40,8 0,4 1% 61,4 0,3 1% 57,5 0,5 1% 

CIRG 0,0 0,0 2% 0,0 0,0 1% 0,0 0,0 1% 0,1 0,0 1% 0,1 0,0 1% 

COL 133,3 4,5 3% 85,6 2,5 3% 23,1 3,8 16% 25,9 1,9 7% 15,5 1,9 12% 

CI 1,2 0,1 5% 0,6 0,0 6% 0,1 0,0 17% 0,1 0,0 7% 0,1 0,0 12% 

ECB 1,6 0,1 5% 0,8 0,0 5% 0,2 0,0 17% 0,2 0,0 7% 0,1 0,0 12% 

FCI 32,2 0,7 2% 26,6 1,1 4% 13,5 0,6 5% 1,0 0,4 41% 7,6 0,7 9% 

WL 3,1 0,1 3% 2,1 0,1 3% 1,3 0,0 1% 1,0 0,0 1% 1,1 0,0 1% 

PACI 383,9 14,8 4% 260,0 7,8 3% 75,2 12,6 17% 98,8 6,9 7% 58,0 6,8 12% 

R-dilution; EO-essential oil; DS-descriptive statistics; CC-color component; CI-color index; mean-average value; SD standard deviation; 
CV-coefficient of variation 
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Figure 6. Lab color components of orange essential 

oils according to spectrophotometer data 

Classification of orange essential oil at dilution. A 
selection of color indices for classification and 
prediction of the density of orange essential oil at 
dilution. Figure 7 shows the results of this selection for 
the two compared sensors. It can be seen that in both 
cases the COL and PACI color indices have the highest 
weighting coefficients compared to the other indices. 
In the data from the video sensor, the COL index (6) has 
the highest value of the weighting factor, and the PACI 
index (11) has a lower coefficient. In the 
spectrophotometer data, both indices also have the 
highest weights, but the COL index has a lower value of 
the coefficient compared to PACI. Selected indices are 
used in classification and in predicting the density of 
essential oil.

 

  
a) according to data from a video sensor b) according to spectrophotometer data 

Figure 7. Selection of features for prediction and classification 
 
Table 5. Results of classification of essential oils at 
different degrees of dilution according to data from a 
video sensor on a mobile phone 

Classifier 
Dilution 

Naïve Bayes 
NB 

kNN 
DA 

L Q DQ M 
R1-R2 0% 0% 0% 0% 0% 0% 

R1-R3 0% 0% 0% 0% 0% 0% 

R1-R4 0% 0% 0% 0% 0% 0% 

R1-R5 0% 0% 0% 0% 0% 0% 

R2-R3 3% 4% 5% 3% 2% 5% 

R2-R4 2% 3% 3% 2% 2% 3% 

R2-R5 2% 2% 3% 2% 2% 3% 

R3-R4 13% 4% 4% 3% 2% 4% 

R3-R5 43% 3% 3% 2% 2% 3% 

R4-R5 7% 2% 4% 3% 2% 4% 

R-dilution; L-linear; Q-quadratic; DQ-diagonal quadratic; M-Mahalanobis 

Tables 5 and 6 show the results of the classification of 
orange essential oil at dilution. The classification in two 
classes – diluent and essential oil gives zero general 

classification error, regardless of the sensor used. In 
the Bayesian classifier (which is used as a reference), 
the highest error values are obtained between R3-R4 
and R3-R5. 

When using data from a video sensor, the error is in the 
range e=13-43%, while when using those from a 
spectrophotometer, the error is twice smaller (e=15-
20%). When using linear classifiers such as kNN and DA 
with a linear separation function, the total 
classification error reaches e=2-4%, when using video 
sensor data. When applying data from a 
spectrophotometer with linear separation functions, 
the error reaches e=1-3%. 

Table 6. Results of classification of essential oils at 
different degrees of dilution according to 
spectrophotometer data 
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Classifier 
Dilution 

Naïve Bayes 
NB 

kNN 
DA 

L Q DQ M 

R1-R2 0% 0% 0% 0% 0% 0% 

R1-R3 0% 0% 0% 0% 0% 0% 

R1-R4 0% 0% 0% 0% 0% 0% 

R1-R5 0% 0% 0% 0% 0% 0% 

R2-R3 2% 3% 4% 2% 1% 4% 

R2-R4 1% 2% 2% 1% 1% 2% 

R2-R5 1% 1% 2% 1% 1% 2% 

R3-R4 20% 3% 3% 2% 1% 3% 

R3-R5 15% 2% 2% 1% 1% 2% 

R4-R5 2% 1% 3% 2% 1% 3% 

R-dilution; L-linear; Q-quadratic; DQ-diagonal quadratic; M-
Mahalanobis 

 

Prediction from spectrophotometer data. The 
selected features were used in compiling a model to 
predict the density of the essential oil at dilution. After 
removing the insignificant coefficients from the basic 
model, which have p-Value>>α, it was found that the 
relationship between mass density (D) and color 
indices can be described by the following model: 
 
𝐷 = 0,74 − 5. 10−3𝐶𝑂𝐿 + 2. 10−3𝑃𝐴𝐶𝐼 + 
+3,4. 10−5𝐶𝑂𝐿2 − 4. 10−6𝑃𝐴𝐶𝐼2.  (23) 
 
 

 
Figure 8. Model of the type D=f (COL, PACI), according to data from a spectrophotometer – general view 

An assessment of the obtained model was made. Table 
7 shows the results of this test. There is a low standard 
error. 

Table 7. Results of model analysis based on 
spectrophotometer data 

R=0,95; R2=0,90; F(4,45)=101,68; 
p<0,00; Std.Error of estimate=0,005; 

SSE=0,001; RMSE=0,005 

 Beta Std.Err. B Std.Err. t(45) p-level 

Intercept - - 0,74 0,01 151,62 0,00 

x -13,87 2,07 -0,01 0,00 -6,70 0,00 

y 15,64 2,13 0,00 0,00 7,35 0,00 

x^2 14,27 2,44 0,00 0,00 5,86 0,00 

y^2 -15,06 2,77 -0,00 0,00 -5,43 0,00 

The coefficients of the model are significant because 

the p-Value is much less than the accepted significance 
level α=0,05. The SSE, MSE and RMSE error values are 
low. The results show that the obtained model 
describes a significant part of the change in the density 
of orange essential oil during dilution. 

Figure 8 shows the obtained model, in graphical form, 
together with the data used. The values of the color 
index COL are plotted on the X axis. On the Y axis, those 
of the PACI index. On the Z axis the density values (D). 
The COL color index has a greater influence on density 
prediction (D) than the PACI index. It can be seen that 
the area of change of the two factors in which D has 
the largest values, is when they are at their upper 
levels.
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Prediction from video sensor data. The selected 
features were used in compiling a model for predicting 
essential oil density. After removing the insignificant 
coefficients from the basic model, which have p-
Value>>α, it was found that the relationship between 

mass density (D) and color indices can be described by 
the following model: 
 

𝐷 = 0,76 + 7,1. 10−5𝑃𝐴𝐶𝐼 + 3. 10−5𝐶𝑂𝐿2 − 
−1,81. 10−7𝑃𝐴𝐶𝐼2.   (24) 

 

 

Figure 9. Model of the type D=f(COL, PACI), according to data from a video sensor – general view 

 
An assessment of the obtained model was made. Table 
8 shows the results of this test. A low standard error is 
observed. 
 
Table 8. Results of model analysis based on video 
sensor data 

R=0,87; R2=0,76; F(3,496)=519,33; 
p<0,00; Std.Error of estimate=0,008; 

SSE=0,03; RMSE=0,008 

 Beta Std.Err. B Std.Err. t(496) p-level 

Intercept - - 0,76 0,00 895,04 0,00 

y 1,79 0,08 0,00 0,00 21,96 0,00 

x^2 4,61 0,22 0,00 0,00 21,43 0,00 

y^2 -5,82 0,22 -0,00 0,00 -26,56 0,00 

The coefficients of the model are significant because 
the p-Value is much less than the accepted significance 
level α=0,05. The SSE, MSE and RMSE error values are 
low. The results show that the obtained model 

describes a significant part of the change in the density 
of orange oil during dilution. 
Figure 9 shows the obtained model, in graphical form, 
together with the data used. The values of the color 
index COL are plotted on the X axis. On the Y axis, those 
of the PACI index. On the Z axis the density values (D). 
The PACI color index has a greater influence on density 
prediction (D) than the COL index. The area of change 
of the two factors in which D has the largest values is 
when they are at their upper levels. 
The results obtained in the present work can be 
compared with those in the available literature. Hobbs 
et al. [18], offer a spectrophotometer similar to those 
proposed in the present work. The disadvantage of the 
sensor used by the authors is that it works in the VIS 
field and its range is only 6 wavelengths, which limits 
its practical application. 
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The results obtained in the present work confirm those 
of Ghorude et al. [19]. The authors compare the results 
of the TCS230 sensor with those of a reference 
spectrophotometer. These data are supplemented in 
the present work by comparison with data obtained 
with a video sensor on a mobile phone. 
Yeh and Tseng [16], and at a later stage Lazaro et al. 
[20], offer software and hardware solutions for 
spectrophotometers, using low cost sensors. Both in 
the present work and in that of Lazaro and team, the 
main drawback of previous solutions for such technical 
systems has been eliminated, that their creation is 
time-consuming and requires specialized knowledge in 
the field of electronics. 
 

IV.  Conclusion 
 

In the present work the possibility for determination of 
color indices of orange essential oil is established. 
Data sets have been compiled, measurements and 
analyzes of color characteristics and indices of 
essential oils have been made. These indices are used 
for classification and forecasting, depending on the 
density of the essential oil. 
From the comparative analysis for evaluation of the 
influence of the used methods on the accuracy of 
classification, depending on the used sensor, it was 
found that when using the three studied methods for 
classification NB, kNN and DA with spectrophotometer 
data, better results are obtained. when predicting 
essential oil density than when using a mobile phone 
video sensor. 

The comparative analysis shows that the high accuracy 
of classification is achieved with the nonlinear 
functions of the discriminant analysis. In this method, 
the general classification error is e=1-4% according to 
spectrophotometer data and e=1-5% according to 
mobile phone video sensor data. The use of the NB and 
kNN methods also showed good results (e=2-43%), 
which are much weaker than those obtained with DA 
using a nonlinear separation function. 

Models have been developed to predict the density of 
orange essential oil, depending on its color indices, 
which can be used to predict a change in this property. 
A comparative analysis of the models obtained from 
data from the two used sensors was made. Similarity 
was found in the models with errors not exceeding 5%. 
The application of data from digital images obtained 
with a video sensor on a mobile phone is a practically 

significant method for quantifying the density of 
essential oil in the laboratory. Also, the results of this 
work can be used in the training of future engineers in 
the subject area. 
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