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Abstract: The present work reports the potential of a bio-inspired system based on spectrometry, 
also known as Electronic Eye (EE), capable of detecting different Tequila samples. The reported 
system analyzes small volumes of Tequila Reposado and Blanco by calculating samples’ 
absorbances, using a low cost and portable instrumentation employing a CCD camera. The 
absorbance imaging method consisted of exciting samples with light passes through an 8MP camera 
connected to a Raspberry Pi Card. The camera’s image data are analyzed using MATLAB 2018b to 
be represented in Red, Green and Blue (RGB) components for each pixel, in order to get an 
approximation of the absorbance and the Surface Color Index ( 𝐼௦௖ ) associated with sample 
concentration. Using the developed EE, it was possible to identify seven different kinds and brands 
of Tequila. From the obtained results, it was observed that the average absorbance of the Tequila 
Reposado was greater than the absorbance of the Tequila Blanco. Otherwise, with the 𝐼௦௖ , the 
Tequila Blanco color index is lower concerning the Tequila Reposado’s. Finally, the EE allowed the 
identification of Tequila samples with reproducibility and repeatability. 
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1. Introduction 

The growing interest of spirits producers to evaluate their authenticity, quality, and safety has 
motivated the development of efficient, portable, and low-cost analytical systems capable of 
monitoring these products’ characteristics. The use of analytical equipment has reached a level of 
sophistication that allows the investigation of foods’ properties. Regarding spirits and liquors, a 
consumer commonly wants and expects a product that is pleasant to taste and smell. In this regard, 
Tequila quality control is oriented toward understanding, characterizing, and controlling its aging, 
alcoholic content, and volatile composition, which define its characteristic color, flavor, and aroma. 

Tequila is the traditional Mexican liquor whose worldwide consumption ranks fourth after 
whiskey, vodka, and rum. It has a significant presence in more than 120 countries and has sales of 
more than 200 million liters per year [1]. To control its production and quality specifications to export, 
it established the Protected Designation of Origin (POD) [2], recognized by the United States [3] and 
the European Union [4]. The Tequila is a distilled spirit from the cooked and fermented juice of the 
Agave Tequilana Weber blue variety, whose cultivation is authorized in the Mexican states of Jalisco, 
Nayarit, Tamaulipas, Michoacan, and Guanajuato. 

Usually, Tequila’s quality assessment is performed using conventional analytical methods, 
mainly based on UV–Vis spectrophotometry, high-performance liquid chromatography, 
spectroscopy, chemical analysis [5], and sensory analysis performed by a human panel [6]. Despite 
these advantages, the conventional analytical methods are long protocols that require a period from 
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hours to days to carry out the tests, expensive equipment and require an abundance of technically 
qualified personnel, considering its use as complete evaluations confined to a specialized laboratory 
with no possibilities of adaptation in applications with online quality control. Therefore, there is an 
urgent need for fast, cheaper, portable, and field effective alternatives that achieve reliable and non-
destructive measurements. 

This new perspective on analytical instrumentation has been focused on using bio-inspired 
systems that base their operation on the emulation of human senses to determine food characteristics, 
such as color, shape or size. In particular, the Electronic Eye (EE) has been designed to mimic human 
vision and analyze the color and some other attributes related to the sample’s appearance [7,8], and 
it is usually based on computer vision, colorimetric or spectrophotometry methods [9–11]. 

Electronic Eyes have proven advantageous in various foodstuff areas, such as process 
monitoring, quality control, freshness assessment, shelf life investigation, and authenticity 
assessment. Over the last few years, it has been possible to find applications related to the evaluation 
of the quality in alcoholic beverages [12,13], fruit ripening analysis [14–16], vegetables [17,18], cereals 
[19,20], meat products [21,22], fish and seafood [23–25], coffee [26,27], tea [28,29], olive oil [30,31], and 
others [32,33]. 

The main basis of electronic eyes is the acquisition of analytical information (Figure 1), typically 
using a Charge-Coupled Device (CCD) image sensor coupled with a camera [34–36]. After digital 
imaging, image processing is applied to enhance the acquired images for further analysis. 

 
Figure 1. Schematic structure of an image analysis system. 

The objective of this work is to present an ongoing research related to the development of a 
portable Electronic Eye based on a typical computer vision system with the fundamental 
components: Lighting device, a frame-grabber, a CCD array camera, a personal computer, and a high-
resolution color monitor, for identification of small volumes of Tequila samples by absorbance 
detection. 

2. Materials and Methods 

2.1. Samples of Tequila 

This work focused on studying Blanco and Reposado Tequila from the Jalisco state region due 
to these types being the most popular and consumed. A total of seven commercial Tequila bottles 
were purchased from a local supermarket considering different well-known brands and certified by 
the Consejo Regulador del Tequila (CRT). Different samples share one or more characteristics (a 
complete description of the set is shown in Table 1). 
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Table 1. Sample subdivision according to properties of interest. 

Type Brand Brand Tag Alcoholic Strength (vol %) 
Blanco Hornitos  B1 38 
Blanco Orendain B2 38 

Reposado Hornitos R1 38 
Reposado Jimador R2 35 
Reposado 100 años Agave Azul R3 35 
Reposado Don Ramón R4 35 
Reposado Jarana R5 35 

2.2. Electronic Eye Design General Features 

The EE designed prototype is integrated as a portable system, smoothly operated as a PC 
peripheric. The light source with which the system operates is based on a Light-Emitting Diode 
(LED), positioned in a centered zenith plane to improve accuracy and image acquisition (this position 
is widely used for samples with flat surfaces) [7]. There is a channel to place the sample to be analyzed 
and a CCD sensor to acquire digital images. The data’s control and processing are carried out through 
routines programmed in a small single-board computer that interacts with the user by a digital 
display. A general diagram of the device is shown in Figure 2. 

 
Figure 2. Schematic representation of EE system for digital image measurements of Tequila samples. 
1: Control card (Raspberry 3B+); 2: Digital camera CCD v2 Raspberry; 3: Fixed holder and cuvette; 4: 
Closed box for light control; 5: LED; 6: Image Display 7″. 

2.3. Experimental 

Some steps are necessary to operate the EE system. First, seven UV cuvettes are filled with 1 mL 
of each Tequila sample and one cuvette with the same volume of blank solution (distilled water). 
Figure 3 shows the result of the described process. The first sample to be measured corresponds to 
the blank solution in order to establish a reference signal. Afterward, the cuvettes containing different 
Tequila samples are measured one by one. Image capture readings are recorded using the designed 
Python-based manual control platform. 

During each measurement, the lighting is always on, while the active Raspberry V2 camera sent 
the acquired image to the Raspberry Model 3B + development board. The entire procedure to capture 
a single sample takes around 10 s. Five subsequent tests with ten repetitions were carried out 
separately for each sample to observe the repeatability and reproducibility measures. 
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Figure 3. (a) Commercial Tequila bottles; (b) set of samples prepared for analysis. 

From the captured information, the RGB intensity histograms for each sample were obtained, in 
addition to the blank solution. Finally, the experimental absorbance value is obtained in terms of RGB 
intensity. Since the variation is minimal in the calculated absorbance values for each repetition of the 
experimental phase, it was decided to report only the average value. All calculations were made 
considering the 8-bit pixel value format. 

2.4. Apparatus and Software 

Digital images were obtained with the designed EE system under controlled light using a white 
2xLED (model LYA-L29; Huawei Smartphones®) and a digital camera (Raspberry Pi Camera Module 
v2) with a Sony IMX219 8-megapixel sensor. They were controlled using a Raspberry Pi B Model 3+ 
with Python 2.7 software. Samples were placed in disposable plastic cuvettes (BRAND, UV-cuvettes) 
free of dust and dirt to obtain trustworthy images. The cuvettes’ filling volume has a range of 1.5 to 
3.0 mL, with external dimensions of 4.5 mm × 23 mm that fits in a holder box that was located at a 
fixed distance (3 cm) from the camera focal plane. All digital images were processed offline to obtain 
RGB-data using MATLAB® 2018b (MathWorks, Natick, MA, USA). 

2.5. Image Acquisition 

Three hundred fifty Tequila images were captured (50 photos for each tequila sample). Each 
image was captured by the camera CCD Raspberry V2 and saved as an 8-bit JPG format on the 
Raspberry model 3B+ memory, the average size per image is 2.7 MB (8 Megapixels resolution, focus 
of f/2, 2592 × 1944 pixels). It was monitored during all experimental stages that the chassis remained 
closed during image capture, avoiding external light to get good quality images. 

The white LED light source is placed at a zenith angle of the sample, where it is covered with 
white absorbent paper to avoid discrepancies with the lighting. The Raspberry 3B + card controls the 
camera v2. When the camera is turned on, the image is acquired and stored while displayed on the 
system screen. Subsequently, a preprocessing task is carried out, which consist on select and crop the 
region of interest (ROI). All images cropped were saved as a separate file with a constant pixel size 
(1244 × 231 pixels). 

Considering that the obtained images are true-color images, it is possible to represent them as 
3D matrixes associated with red, green, and blue components [37,38]. The key steps followed for the 
EE acquisition and elaboration of the regions RGB images are illustrated in the right side of Figure 4. 
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Figure 4. A generalized block diagram of acquisition and identification of image processing EE. 

2.6. Digital Image Analysis 

When light passes through the sample, some of the light is absorbed [39,40]. Considering this 
phenomena, the response of the EE system can be modeled as shown in (1) where Aλ is the absorbance 
governed by the Lambert-Bee law [41], where 𝐼଴ is the intensity incident on the solution, 𝐼ଵ is the 
intensity that comes out of the sample, λ is the wavelength of the applied light, C is the concentration 
of the absorbent sample ሺ𝑚𝑜𝑙𝑒𝑠 ∙ 𝑙ିଵሻ, b is the optical path (thickness of the cell) and ε is the molar 
absorptivity coefficient. 𝐴ఒ = − log ൬𝐼ଵ𝐼଴൰ = 𝜀𝑏𝐶 (1) 

This law expresses the proportional relationship between the absorbance and the concentration 
of certain compounds present in the sample under analysis. This equation represents a crucial 
element in evaluating the sample’s absorbance; therefore, it was part of the implemented algorithms 
for image processing in the MATLAB®. 

Experimentally, once a beam of light passes through the cuvette of transparent material 
containing the sample, the intensity of that light will be absorbed, some will be reflected, and some 
will be transmitted. This way, it is possible to compare the transmitted intensity of a standard or 
blank solution and the interested sample’s transmitted intensity. This procedure allows not only the 
system calibration but also the obtaining of an experimental absorbance, as shown below in (2): 𝐴ఒ௘௫௣௘௥௜௠௘௡௧௔௟ = − log ቆ 𝐼௦௢௟௩௘௡௧𝐼௔௡௔௟௬௧௘ ௦௢௟௨௧௜௢௡ቇ (2) 

In order to complete the Tequila samples’ characterization, it was considered to use the average 
surface color index (𝐼௦௖) for RGB space to describe the changes in color intensity and turbidity on the 
surface of a sample [42]. Due to a digital image is a two-dimensional collection of data, three values 
associated with vectors R, G, and B for each pixel, mean values can be calculated for the same phase 
and, in consequence, a total vector can be calculated to describe the entire surface. For a surface equal 
to one pixel, (𝐼௦௖) is given by: 𝐼௦௖ = ௙೘ඥோమାீమା஻మ  (3) 

where 𝑓௠  is a magnification factor used to increase the numerical value of 𝐼௦௖(here, use to 𝑓௠ =1 × 10ହ in order to obtain values in the 0 - 100 scale) R, G and B are the magnitudes of vectors R,෡  G෡ 
and B෡, respectively. 

3. Results 

The selected ROI is automatically defined and fixed for all analyzed sample images. The ROI 
was chosen considering the UV-Vis viewing window of the cuvette. In this way, the region of interest 
and its relative position regarding the sample support is always constant. Figure 5 shows three 
original images captured from some representative samples; the black dotted lines within the cuvette 
image denote the selected ROI, as well as the RGB intensity histogram associated with it. 
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Furthermore, it can be seen in the histogram graphs that the color components are very close to each 
other, especially the green and blue ones. The three components reach a maximum intensity value of 
255 (along the x-axis in graph). 

 

Figure 5. Representative images of (a) Blank solution, (b) Blanco Tequila and (c) Reposado Tequila 
samples. From left to right you can see image captured by EE, ROI region and RGB intensity 
histogram. 

Since the RGB model is the most common method used to detect color variations, this work was 
employed to detect color variations in Tequila samples. For this purpose, the images acquired were 
organized as a matrix 50 × 21, where the rows correspond to the total number of repetitions (5 tests 
with 10 repetitions for each test), and the columns represent the seven Tequila samples analyzed by 
triplicate. The RGB histogram was obtained from each element of the matrix and the average of the 
R, G and B components was associated with the experimental absorbance through of Equation (2). 
The evaluated absorbance values from each analyzed sample are shown in Table 2. Likewise, it can 
be observed that there is a distinction of maximum absorbance by the hue of the color sample when 
compared with the RGB components. 

Table 2. Absorbance values. 

 Average Components of RGB Vector 
Average Intensity 

(RGB) 
𝑨𝒃𝒔𝒐𝒓𝒃𝒂𝒏𝒄𝒆𝝀 Brand 

Tag R G B 

Blank 255 251 ± 4.0970 253 ± 3.4674 253 0.0016 ± 0.0038 
B1 214 ± 0.91 204 ± 0.8581 206 ± 1.2337 208 ± 1.006 0.0867 ± 0.0021 
B2 214 ± 1.9303 205 ± 1.8688 196 ± 2.077 205 ± 1.9589 0.0928 ± 00.42 
R1 196 ± 5.9285 187 ± 5.1556 181 ± 5.6821 188 ± 5.5887 0.1304 ± 0.129 
R2 192 ± 1.3674 180 ± 1.5104 178 ± 1.3740 183 ± 1.4172 0.1415 ± 0.0034 
R3 210 ± 4.144 194 ± 3.8391 185 ± 3.2486 196 ± 3.7440 0.1125 ± 0.0083 
R4 190 ± 6.0422 172 ± 4.7693 154 ± 4.3530 172 ± 5.0548 0.1688 ± 0.0128 
R5 209 ± 2.4598 199 ± 2.5813 188 ± 3.0035 199 ± 2.6815 0.1066 ± 0.0059 
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Figure 6 shows the absorbance with the dispersion, where the Blanco tequilas labeled as B1 and 
B2 have an absorbance value below 0.1. On the other hand, Reposado tequilas show an absorbance 
greater than 0.1; in particular, the sample labeled as R4 has the highest absorbance for the seven 
tequilas analyzed. 

 
Figure 6. Absorbance of analyzed samples. 

To ensure that the internal lighting conditions do not affect the homogeneity of color (due to 
shadows or flashing reflections) in the sample, a validation of the homogeneous color distribution 
was carried out employing the Surface Color Index [41]. 

The changes in the RGB components indicate variations of color, which are associated with the 
composition of the sample. The vectors R, G, and B are the combination of values required to define 
the resultant vector’s magnitude in RGB space. In the case of digital images, the values of R, G and B 
are integers and range from 0 to 255, which allows generating 16,777,216 colors, where the color white 
is formed with the three primary colors at their maximum value (255, 255, 255). It is possible to 
identify the two analyzed Tequilas (Blanco and Reposado) by associating it with the 𝐼௦௖. 

Table 3 indicates the color index data for each sample of Tequila, and Figure 7 represents 
graphically the 𝐼௦௖ distribution for the seven Tequila samples analyzed. It is possible to find 
similarities in the Figures 6 and 7, due to the absorbance and Surface Color Index have a similar 
relation in the Tequila samples. Less value in Blanco Tequilas and high values for Reposado Tequilas. 

Table 3. Surface color index intensity. 

 Average Components of RGB Vector 𝑰𝒔𝒄 
Brand Tag R G B 

Blank 255 251 ± 4.0970 253 ± 3.4674 0.0016 ± 0.0038 
B1 214 ± 0.91 204 ± 0.8581 206 ± 1.2337 27.8 ± 1.3335 
B2 214 ± 1.9303 205 ± 1.8688 196 ± 2.077 28.1 ± 2.6833 
R1 196 ± 5.9285 187 ± 5.1556 181 ± 5.6821 30.7 ± 9.1298 
R2 192 ± 1.3674 180 ± 1.5104 178 ± 1.3740 31.5 ± 2.4289 
R3 210 ± 4.144 194 ± 3.8391 185 ± 3.2486 29.4 ± 5.6141 
R4 190 ± 6.0422 172 ± 4.7693 154 ± 4.3530 33.4 ± 9.8801 
R5 209 ± 2.4598 199 ± 2.5813 188 ± 3.0035 29.0 ± 3.8982 
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Figure 7.  Surface color index (𝐼௦௖) of analyzed samples. 

4. Discussion 

Seven different kinds of Tequila and one sample of distilled water as blank were tested with the 
EE device. Once all sample images were acquired as Section 2.5 described, the ROI of the different 
samples was decomposed in its RGB components and the number of pixels were associated with the 
RGB level intensities. 

The horizontal axis is divided into three imaginary zones, where the RGB histogram is plotted 
at the core; if the histogram is shifted to the left side in the horizontal axis provides information about 
the shadows in the image. The central zone represents the areas of medium luminosity, and the 
histogram shifted to the right side indicates the light areas at 100%. Figure 5 shows the blank sample’s 
histogram, where the three components have an approximate value of 255; these data allow to 
identify full luminosity in the EE system. 

From the matrix 50 × 21, the values of the RGB components obtained were proceeded to calculate 
the 𝐼௦௖. The 𝐼௦௖ value obtained allows validating the proposed methodology’s capacity by showing 
the possibility of discriminating different samples based on their magnitude. In this way, it was to 
distinguish between Blanco and Reposado Tequila samples by their color variation. Mathematically, 𝐼௦௖ value is represented as the ratio of the quotient between a factor and the root of the sum of the 
image’s RGB components. 

Although the discrimination of the main groups of tequilas can be carried out based on the 
values of absorbance or the Surface Color Index, the results encourage carrying out individual 
discrimination of samples using some artificial intelligence tools such as artificial neural networks 
(ANN) or support vector machines (SVM). Both models could be fed with the color parameters 
obtained in order to build simple classifiers with two input parameters with linear/non-linear 
mapping to the output. Future experimental stages should be considered to increase the number of 
analyzed to strengthen the classification process and take advantage of these models’ generalization 
capability. 

5. Conclusions 

The absorbance values and the Surface Color Index were employed as quantitative color 
characteristics based on the RGB model, used to describe the variations of color in the sample. The 
quantitative color characteristics based on image analysis show sensibility to detect coloration 
changes from apparently homogeneous samples. The results suggest that image analysis employing 
quantitative color characteristics can identify Blanco and Reposado Tequila samples. Finally, the 
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absorbance and the Surface Color Index show a linear trend; in the absence of color, the value of 
absorbance and 𝐼௦௖ is minimal and increases for colored samples. Using the developed EE, it was 
possible to differentiate between the two kinds of Tequila samples with a portable and low-cost 
system. 
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