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Abstract

Sensory science has witnessed increased adoption of technological advancements in recent years. Food analysis 
using human senses severely impacted the evaluation responses due to errors and the complexity of the assess-
ment methods. Hence, the adoption of tools capable of mimicking human senses is considered a more viable 
approach. This article provides a critical demonstration of the developments in sensory science detailing the tech-
nology behind the construction and working of the electronic tongue, electronic nose, and electronic eye. The 
paper also attempts to brief the industrial applications of artificial senses and the fusion technique in monitoring 
as well as assessment of food quality. 
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Introduction

The concept of sensory science dates back to the 1940s 
when food acceptance methodologies were devel-
oped based on customer or hedonic scales (Tuorila and 
Monteleone, 2009). The evolution of the field led to a 
more sophisticated approach where sensory science is 
defined as “a scientific method used to evoke, measure, 
analyze, and interpret those responses to products as 
perceived through the senses of sight, smell, touch, taste, 
and hearing” (Lawless and Heymann, 2010, pp. 1–2). 
Among various sensory evaluation methods, subjective 
analysis comprising descriptive and discriminative tests 
is mostly employed in the food industry (Yang and Lee, 
2019). However, reliance on human senses for sensory 
evaluation has limited the applicability of subjective anal-
ysis. The various limitations encountered can be sum-
marized as the increased probability of human errors in 
perceiving the complex food–receptor interactions, the 
influence of the external environment, and insubstantial 
testing of food samples (Marques et al., 2022). 

The latest technological advancements suggested a more 
feasible approach which is artificial senses. The concept 
of artificial senses is based on the ability of instruments 
to mimic the human senses (Ghasemi-Varnamkhasti 
et al., 2010). Some of these instruments are electronic eye 
(e-eye), electronic nose (e-nose), and electronic tongue 
(e-tongue), mimicking the three major human senses, 
namely, vision, smell, and taste. Apart from overcoming 
the limitations of subjective analysis, the striking features 
of these instruments are consistency, easy calibration, 
and efficient result interpretations. Furthermore, these 
tools can be used independently as well as in conjunction 
with each other (Rodriguez-Mendez and Preddy, 2016). 

An electronic nose (e-nose) is designed to detect and 
distinguish between the complex odors of aroma com-
ponents of a food sample. It consists of a wide variety 
of heterogeneous gas sensors with partial specificity 
and a pattern recognition system (Tan and Xu, 2020). 
The extensive application of e-nose has contributed 
to advances in sensors, improvements in materials, 
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Electronic sensors

Sensors are the crucial elements of the electronic sensing 
system. In this system, the input signal is converted to an 
output signal in the form of electric, chemical, magnetic, 
thermal, or radiation energy (Magdalena et al., 2014). 

Broadly, sensors used in e-nose and e-tongue can be 
divided into five groups. Electrochemical Sensors mea-
sure changes in voltage, electric current, impedance, or 
changes in conductivity. These include potentiometric, 
voltammetric, amperometric, impedimetric, and con-
ductometric sensors (Jiang et al., 2018). Piezoelectric 
Sensors utilize absorption or adsorption of substrate 
components (such as lithium niobite, quartz crystal, and 
ZnO) as input signals and measure their impact on res-
onance and electric current. Since most of the samples 
tested using these sensors are odorants, these sensors 
find utilization in e-noses (Go et al., 2017). Colorimetric 
Sensors are based on the phenomenon of electromag-
netic radiation such as fluorescence, absorbance, or 
reflection. The changes in spectral properties due to the 
interaction of food components with sensors are used as 
an indicator (Ajay Priya et al., 2017). Biosensors rely on 
the interaction of biological components or biomolecules 
with target analytes. These sensors are usually combined 
to form a biosensing analytical system and help in the 
detection of enzymes, microbes, or other food compo-
nents (Tan and Xu, 2020). Other sensors are based on 
chromatographic or spectroscopic principles. 

However, the sensors used in the case of e-eye are ultra-
sound, X-ray, charged-coupled devices, etc. These sensors 
create images of the object. Thermal imaging cameras 
and terahertz cameras can also be used for image analy-
sis. The major factors responsible for high-quality image 
are illumination and lightning arrangement. Light sources 
vary according to the purpose of use and various sources 
are incandescent, fluorescent, laser, infrared lamps, and 
X-ray tubes (Koyama et al., 2021; Tan and Xu, 2020).

Data analysis and interpretation

The changes to sensors are recorded as data and the 
complex data gathered are interpreted through multi-
variate statistical analysis such as Hierarchical Cluster 
Analysis (HCA), Principal Component Analysis (PCA), 
Linear Discriminant Analysis (LDA), Discriminant 
Function Analysis (DFA), Partial Least Squares (PLS), 
Soft Independent Modeling Class Analogy (SIMCA), 
etc. These methods are discussed in detail by Magdalena 
et al. (2014) and Jiang et al. (2018). 

Depending on the test data being analyzed or the aim of data 
interpretation, these analyses have a specific application. 

innovative software, and progress in designs, circuits, 
and systems (Rodríguez-Mendez et al., 2016). Currently, 
e-nose is widely used in various industries including 
food, pharmaceuticals, and other scientific research fields 
(Yakubu et al., 2021). 

Electronic tongue (e-tongue) also acclaimed as an arti-
ficial tongue or as a taste sensor can be defined as an 
analytical tool that is used to classify various tastes of dif-
ferent chemical substances in a liquid sample (Jain et al., 
2010). It is commonly being used in medical diagnosis, 
microbial analysis, environmental monitoring, and food 
technology (Tan and Xu, 2020). E-tongue has the advan-
tages of measuring toxic substances, conducting objec-
tive analysis, and having no detection fatigue (Jiang et al., 
2018).

Electronic eye (e-eye) can be explained with a system 
known as computer image analysis or computer vision. 
Computer vision mimics human vision by develop-
ing a theoretical groundwork and algorithms for the 
extraction and analysis of useful information about an 
object (Hong et al., 2014). It deals with the visual inspec-
tion of quality characteristics of food products by cap-
turing, processing, and analyzing images. Due to its 
cost-effectiveness, superior speed, accuracy, and consis-
tency, e-eye has been successfully used for quality anal-
ysis of meat, fish, pizza, cheese, bread, and cereal grains 
(Koyama et al., 2021).

The excellent capabilities of these artificial senses to 
detect, recognize, and discriminate complex mixtures 
of chemicals have led to development in electronic ana-
logs of biological systems (Amoli et al., 2019). These 
tools have proven to be successful for quality assess-
ment, shelf-life studies, and sensory evaluation of var-
ious food products individually. However, the fusion 
technique which is based on a combination of artificial 
senses along with other analytical instruments can form 
a powerful and objective analytical tool able to out-per-
form the individual artificial senses (Di Rosa et  al., 
2018).

This article reviews the principle, construction, and 
working of sensory analytical tools; critically analyzes the 
limitations of these tools; and discusses potential applica-
tions of the fusion technique in the food industry. 

Elements of Sensory Analytical Tools

The basic elements of objective sensory analytical tools 
are an array of sensors that sense the material, data 
acquisition, and data processing systems to generate a 
response, and a display system to convert responses to 
recordable digital information. 
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specific particles such as atoms, molecules, ions, or gases. 
The various kinds of electrochemical sensors used for 
e-nose are metal oxide gas sensors, fiber-optic gas sen-
sors, etc. (Koyama et al., 2021; Miguel and Laura, 2009; 
Yakubu et al., 2021). Finally, the third element is the data 
analysis and processing system helping in interpretation 
of the data generated by the detection system (Tan et al., 
2019). 

Electronic tongue (e-tongue)

The basic backbone of e-tongue is the sensor array. The 
sensor array consists of varied sensors that generate an 
output signal to be processed by software. The e-tongue 
is developed based on electrochemical sensors incor-
porating electrode system. There are three electrodes, 
namely, working electrode, reference electrode, and 
auxiliary electrode (Jiang et al., 2018). Another model 
developed by the University of Texas was based on illu-
mination where the sensory array was based on silicon 
polymer beads (Jain et al., 2010). 

Electronic eye (e-eye)

A computer vision system generally consists of five 
basic components: a lighting system, a camera, an image 
capture board (frame grabber or digitizer), a personal 
computer, and software. Figure 1 depicts the Schematic 
structure of image analysis. 

The lighting system plays a major role in capturing images 
and it must provide a consistent picture by eliminating 
the appearance of variations, etc. Lighting arrangements 

For example, PCA is mostly used to compress, model, and 
visualize multivariate data, whereas PLS is a variant of PCA, 
in which the response variable is predicted. In the SIMCA 
method, a different model is designed for each class that is 
based on the principal component approach (Magdalena 
et al., 2014). Furthermore, HCA is used to cluster territorial 
units toward homogeneous regions. The objective of LDA is 
to design linear discriminant tasks for samples in the model 
set that pertain to specific groups. In DFA, data are classi-
fied with a discriminant prediction equation to observe the 
differences among or between groups (Lee and Lee, 2014). 
In case of nonlinear responses, Artificial Neural Network 
(ANN) can also be used for data modeling.. An artificial 
neural network imitates a biological neural network that 
collects and conveys signals to the central nervous system 
and then processes the data and later makes specific deci-
sions that depends on the identified objects (Baldwin et al., 
2011; Gowen et al., 2010). 

Construction

Electronic nose (e-nose)

E-nose usually consists of a set of sensors, electronic com-
ponents, pumps, a flow meter, and data analysis software 
(Tan et al., 2019). The first element of the e-nose system 
is the sample handling system which is used for introduc-
ing the volatile components of the sample. This system 
involves different sampling procedures such as headspace 
sampling, bubblers, diffusion methods, or pre concentra-
tors (Miguel and Laura, 2009). The second element is a 
detection system that consists of an array of gas sensors. 
These sensors can convert the chemical quantity into an 
electrical signal that is correlated to the concentration of 

Figure 1.  Schematic structure of computer vision (Hong et al., 2014).
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in light-related properties like color, wavelength, etc. 
(Miguel and Laura, 2009; Pereira et al., 2021).

Electronic nose (e-nose)

The analysis in e-nose takes place by placing the sample 
into an airtight sampling chamber (Figure 2). 

In this chamber, the product should be kept for at least 
1 h so that the volatile components are released. Then, 
the aliquot of sample headspace is pumped onto sen-
sors using a syringe. The measurement phase accounts 
for about 60 s and then the standby phase is activated. 
In the standby phase, the system is cleansed by pump-
ing fresh air and the sensor is reset to baseline level (Tan 
et al., 2019). Air first crosses the sensor array and then 
reaches the concentration chamber. The signals so pro-
duced are recorded using transducer recording devices. 
These changes are then preprocessed and conditioned by 
various pattern recognition systems (Gomez et al., 2007; 
Tan and Xu, 2020). 

Electronic tongue (e-tongue)

The e-tongue working can be explained by two different 
models based on difference in the sensor arrays used. The 
first model relies on electrochemical sensors and an elec-
trode system (Figure 3). 

The working electrode is an inert material like platinum, 
glassy carbon, gold, iridium, rhodium, etc. It is focused 
on surface and electrochemical interactions that occur 

can be front or back lighting where front lighting helps in 
the detection of external surface characteristics and back 
lighting enhances the background of objects. Back light-
ing is used for the detection of translucent objects such 
as hatching eggs or for measuring the geometric dimen-
sions of obscured objects like shoot height, pine diame-
ter, etc. (Patel et al., 2011). 

Digital cameras are used for image capturing. The image 
capture board is used for converting pictorial images into 
numerical form, called digitization (process of dividing 
images into pixels using a frame grabber). A personal 
computer or microprocessor system helps in data stor-
age. The system also provides a high-resolution display 
unit called LCD. It aids in analyzing images and effects of 
various analysis (Kodagali and Balaji et al., 2012). 

Working

The basic idea behind the working of these analyti-
cal tools is a reversible physical, chemical, or electrical 
change produced in the sensing material due to interac-
tions with the sample components These changes gener-
ate data (responses) which are recorded, analyzed, and 
interpreted for measuring the sensorial characteristics 
(Pereira et al., 2021). 

The most common means of using transduction princi-
ples are based on electrical measurements where changes 
in voltage, current, impedance, or electrical fields are 
measured. However, measurements of mass or phys-
ical change, temperature change, or heat generation 
are also used. Optical sensors measure the modulation 

Figure 2.  Working of an e-nose (Tan and Xu, 2020).
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segmentation focuses on partitioning a digital image into 
multiple segments known as super-pixels for simplifying 
and/or changing the representation of an image for easier 
analysis. Representation and description are carried out 
using statistical classifiers or multilayer neural networks. 
Finally, recognition and interpretation of results is car-
ried out by using various techniques such as Fuzzy logic, 
decision tree, and genetic algorithms (Du and Sun, 2006). 

Fuzzy logic is established on “degrees of truth” rather 
than usual “true or false” (0 or 1). However, in a deci-
sion tree, each node represents a feature (attribute), link 
(branch) represents a decision (rule), and leaf represents 
an outcome (categorical or continues value). Genetic 
Algorithms (GAs) are adaptive search algorithms based 
on the evolutionary ideas of natural selection and 
genetics (Jin et al., 2013; Koyama et al., 2021).

Principle

The principle behind the design of these tools is focused 
on the fact that these tools mimic biological systems. In 
human nose, the olfactory neurons respond to several 
odorants and they are detected by the olfactory neurons 
in the brain (Yakubu et al., 2021). Similarly, in e-nose, 
the sensors detect the odorants by converting the sen-
sor’s response to a digital signal. These responses are 
called fingerprints. Similar responses have the same fin-
gerprints and different aromas will differ in their finger-
prints easing the detection of odors (Milna et al., 2014). 

In humans, the taste buds contain receptors that iden-
tify the flavor-imparting components and trigger the 
nerve signals. Taste occurs due to complex network of 
chemical reactions that activates the neuronal circuits 
(Mattes and Popkin, 2009). Each taste sensation can 

on this surface. The reference electrode is used for mea-
suring the potential of the working electrode. Usually, an 
Ag/AgCl material is used as a reference electrode as the 
electrode functions as a redox electrode and the equilib-
rium is between the silver metal (Ag) and its salt—silver 
chloride (AgCl, also called silver(I) chloride) and hence 
the reference electrode stabilizes the voltage without 
adding onto the potential of the working electrode. The 
auxiliary electrode completes the cell circuit. A conduc-
tor of stainless steel is used here. For connecting these 
electrodes, a relay box is used (Jiang et al., 2018; Leon-
Madina et al., 2019). 

The e-tongue design was developed by the University of 
Texas utilizing image processing. It consisted of a light 
source, a sensor array, and a detector. The light source 
illuminates the sensor chip which is composed of poly-
mer beads arranged on a small silicon wafer. The chem-
ically adapted polymer beads experience a color change 
depending on the presence and quantity of specific 
chemicals. The color change is then captured using dig-
ital camera and the transmitted signal is converted into 
data using a video capture board and computer (Jain 
et al., 2010).

Electronic eye (e-eye)

The basic mechanism behind the working of computer 
vision includes image acquisition, preprocessing, seg-
mentation, representation, and recognition. Image acqui-
sition aims at converting the electronic signals from a 
sensing device to a numeric form. The preprocessing 
stage involves different operations such as noise reduc-
tion, correction of gray level, geometrical correction, 
and correction of defocusing images. The goal of this 
stage is to enhance the quality of image. Furthermore, 

Data adquistion module

Electrochecmical Cell
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Reference Electrodes
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Figure 3.  Working of an e-tongue (Leon-Madina et al., 2019).
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Applications of fusion technique

A composite e-tongue based on data fusion of two dis-
tinct sensor families was generated and used by Haddi 
et al. to observe three types of beers (Haddi et al., 2011). 
Three modified graphite-epoxy voltameter sensors plus 
six potentiometric sensors were combined to make a 
sensor array. The sensor array integrated with pattern 
recognition and feature extraction methods, namely, dis-
criminant factor analysis (DFA) and PCA was trained to 
categorize data clusters related to different types of beer. 
Qui et al. used e-tongue and e-nose and their fusion to 
identify strawberry juices produced with different pro-
cessing methods (Qiu et al., 2015). They observed that 
e-tongue and e-nose could be used separately for straw-
berry juice classification but they are not sufficient to 
determine the values of all quality parameters. Table  1 
summarizes a few applications of the fusion technique 
in food quality analysis. Di Rosa et al. analyzed the 
data from single modality and fusion methods to clas-
sify different Sicilian honey varieties (Di Rosa et al., 
2018). Combining potentiometric electronic tongue and 
computer vision system resulted in a fast, simple, and 
inexpensive tool for the discrimination of honey’s botan-
ical origin. Tretola et al. investigated safety features of 
selected former food products (FFPs) intended for ani-
mal nutrition for the presence of undesired ingredients 
which can be identified as remnants of packaging materi-
als by stereomicroscopy coupled with a computer vision 
system (Tretola et al., 2017a, 2017b) They reported that 
an innovative computer vision system demonstrates the 
possibility of rapid detection of the presence of packag-
ing remnants in FFPs.

Electronic mucosa (an artificial olfactory microsystem) is 
a novel technology that mimics the basic structure of the 
mammalian olfactory system to supply spatial and tempo-
ral chemosensory information. Ghasemi-Varnamkhasti 
and Aghbashlo (2014) reported the opportunities and 

account for the fingerprint signal which is generated due 
to the activation of different taste receptors. Similarly, 
the basic principle of e-tongue is to combine the signals 
from specific, overlapping, or nonspecific sensors with 
pattern recognition systems (Rodriguez-Mendez et al., 
2010). 

The basic principle behind computer vision is to capture 
images using a digital camera and then process those 
images using data processing techniques. In humans, the 
eye acts as a digital camera, and the brain acts as the data 
processing system (Chouhan et al., 2020). 

Fusion technique

Electronic nose (e-nose), electronic tongue (e-tongue), 
and computer vision system (e-eye) are three analyt-
ical systems that have been used separately in the food 
and pharmaceutical industries as quality determination 
methods (Jiang et al., 2018; Kakani et al., 2020; Karakaya 
et al., 2019). These three systems are nondestructive, 
rapid, consistent, and economic; their fusion can form 
a powerful and objective inspection tool able to outper-
form the individual techniques. The combined evaluation 
technique has a variety of applications replacing the sys-
tem that may not have sufficient performance individu-
ally for specific uses (Kiani et al., 2016). 

Novel methods combining artificial senses can rapidly 
achieve precise results compared with the individual sen-
sors (Apetrei et al., 2010). The use of multivariate analy-
sis methods, together with objective senses, proved to be 
very powerful. In recent years, much research has been 
performed to develop several data fusion strategies, com-
bining the output of multiple instrumental sources for 
food quality improvement (Di Rosa et al., 2017). Figure 4 
represents the data fusion strategies used in the field of 
food quality assessment.

Sensorial
analysis

Reference 
methods

Low-level Mid-level High-level
Instrumental
technique N

Instrumental
technique 2

Instrumental
technique 1

MEASUREMENTS SINGLE DATA DATA TREATMENT DECISION

MODEL

DATA FUSION

Figure 4.  Data fusion strategies used in the food quality assessment (Borras et al., 2015).
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(E)-2-hexenal, (Z)-2-heptenal, benzaldehyde, and (E)-2-
nonenal were the main aroma components. Cluster anal-
ysis for GC-MS, principal component analysis, and linear 
discriminant analysis for e-nose data were conducted for 
differentiation of jujube varieties. The study concluded 
that the selection of fusion models was relevant for the 
characterization and differentiation of volatile profiles 
(Chen et al., 2018).

NIRS was used for the rapid detection and quantifica-
tion of pure volatile organic compounds (ethanol, ethyl 
acetate, and acetic acid) from mixed VOCs by employing 
sensitive intermediary chemo-responsive dyes as capture 
probes. NIRS spectra were scanned, preprocessed, and 
used to build partial least squares (PLS) prediction mod-
els. The study came up with the conclusion that the usage 
scope of NIRS and e-nose-based colorimetric sensors for 
rapid detection and quantification of VOCs content in 
materials can be widened (Kutsanedzie et al., 2018).

Limitations of analytical tools

The tools were designed to reduce the tedium of the 
sensory process conducted by human panelists. The 
designing of these analytical tools has created excellent 
nondestructive methods that have been successfully used 
for the determination of major and minor food compo-
nents. However, certain limitations persist that can be 
improved for future industrial use (Calvini and Pigani, 
2022). 

challenges in the application of electronic nose and elec-
tronic mucosa as a creative instrument in drying tech-
nology. An inventive kind of electronic nose that tries to 
imitate nasal chromatograph effect with further useful 
information content in a higher level of identification as 
compared with the existing electronic nose systems could 
be generated. A typical electronic mucosa consists of 
three large arrays of sensors with two retentive columns. 
In this device, all sensor arrays furnish spatial informa-
tion like the common electronic nose, but with numerous 
sensors, and the second and third arrays deliver temporal 
profiles different from the first array and each other (Che 
Harun et al., 2009).

A fusion model of an odor sensor and the highly 
advanced optical sensor was used for the evaluation of 
total volatile basic nitrogen (TVB-N) content in chicken 
meat. The aroma and odor data variables were collected 
using the odor sensor, that is, the colorimetric sensor 
and the spectral as well as textural data variables were 
obtained from the optical sensor, that is, the HIS. The 
results encouraged multiple sensor fusion for better 
model performance to evaluate chicken meat’s freshness 
(Khulal et al., 2017).

Volatile profiles of 10 different varieties of fresh jujubes 
were characterized using a fusion model of HS-SPME/
GC-MS (headspace solid-phase micro-extraction com-
bined with gas chromatography-mass spectrometry) and 
e-nose (electronic nose). A total of 51 aroma compounds 
were identified in jujubes. Hexanoic acid, hexanal, 

Table 1.  Applications of fusion technique in food quality analysis.

Sample Observed quality parameter Fusion system used Reference

Fruit juices Classification of  juices E-nose and E-tongue Kiani et al. (2016)

Fish Evaluation of  freshness, firmness, and 
quality 

Computer vision system and NIRS (near infrared 
spectroscopy) 

Kiani et al. (2016)

Honey Identification of  its botanical origin Potentiometric electronic tongue and CVS Di Rosa et al. (2017)

Packaging remnants Former food products’ safety Stereomicroscopy coupled with computer vision 
system

Tretola et al. (2017a)

Pork Quantification of  total viable count Hyperspectral imaging with colorimetric sensors Li et al. (2016)

Pork Detection of  total volatile basic nitrogen 
(TVB-N)

Hyperspectral imaging with odor imaging sensors Li et al. (2015)

Pork Indicator of  freshness NIRS (near infrared spectroscopy) and 
multispectral imaging technique (MSI)

Huang et al. (2015)

Pork Evaluating freshness NIRS (near infrared spectroscopy), computer 
vision (CV), and electronic nose (e-nose)

Huang et al. (2014)

Rice wine Food sensory quality e-eye, e-nose, and e-tongue by combining multiple 
cross perception sensors

Ouyang et al. (2014)

Chestnut Identification of  chestnut in terms of  
classification, sensitivity, and specificity

Sensory and FTNIR spectral data Corona et al. (2021)

Brazilian Monovarietal 
Olive Oil

Storage effects on the Brazilian 
monovarietal extra virgin olive oil

Data fusion and chemometrics Gonçalves et al. 
(2020)
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org/10.1016/j.jfoodeng.2017.04.024

Di Rosa, A.R., Leone, F., Scattareggia, C. and Chiofalo, V., 2018. 
Botanical origin identification of Sicilian honeys based on 
artificial senses and multi-sensor data fusion. European 
Food Research and Technology 244: 117–125. https://doi.
org/10.1007/s00217-017-2945-8

Du, C.J. and Sun, D.W., 2006. Learning techniques used in com-
puter vision for food quality evaluation: a review. Journal 

Firstly, the baseline of the measurements used in analyt-
ical tools, that is, the physiochemical changes that are 
responsible for modification of the stability, organoleptic, 
and/or typicality of food products are mostly unex-
plained by traditional chemistry. Also, the cumbersome 
data pretreatment, different scale of signal, and possible 
instrument drift and baseline shifts pose a noticeable 
concern in this field (Smyth and Cozzolino, 2013).

Another disadvantage is the environmental sensitivity of 
these tools. A certain change in temperature and mois-
ture leads to sensor drift. The analytical tools come along 
with a need for more extensive research that can identify 
various types of sensors that best fit for the detection of 
a particular type of food component as well as the best 
statistical method for processing of data which can refine 
the practical applications of these tools in the industry to 
a reliable level (Milna et al., 2014). 

Fusion technique has been applied for the collective 
assessment of the food quality attributes, but this system 
is complex. It cannot be used effectively for the differ-
entiation and sampling of individual food components. 
Hence, an intensive investigation is required to address 
the wider applications of this technique (Di Rosa et al., 
2017).

Conclusion

The growing era of technological innovation has gifted 
the field of sensory science with artificial senses and 
fusion technique. The conventional method of reliance 
on human senses for predicting the sensorial character-
istics of food created havoc in results interpretation. The 
major challenge associated with subjective sensory anal-
ysis was increased chances of human error. With abil-
ity to mimic the human senses, e-tongue, e-nose, e-eye, 
and fusion technique are capable of overcoming the 
repercussions of subjective sensory analysis. This review 
focused on describing the working and construction of 
these tools and has discussed the various applications of 
these devices in the food industry. Analytical tool fusion 
ushers in a system with comprehensive and complemen-
tary information about the foods that increase the per-
formance of every instrument when applied individually. 
Hence, it can be concluded that future-oriented growth 
and research in this field will allow a better understand-
ing of these devices leading to an increased implementa-
tion in the food industry. 
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