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  Abstract 
Meat is one of the most commonly consumed agricultural products because it 
provides proteins, minerals, and essential vitamins, all of which are important in 
human nutrition and health. Because of its high moisture content, meat is a pe-
rishable food product, raising concerns regarding its quality, stability, and safety. 
Sensory evaluation and instrumentation testing are two extensively used methods 
for monitoring meat quality attributes. This review summarizes some of the most 
important sensory and instrumental methods used in the development of new 
products, especially meat and meat products. Various types of sensory and in-
strumental analyses have been highlighted as important techniques in new prod-
uct development for evaluating the quality and marketability of novel products. 
Furthermore, evaluating consumer attitudes, actions, and emotions to better un-
derstand the complicated consumer-product relationship is an important aspect of 
new developments. This review will help in a better understanding of these tech-
niques and the selection of the most appropriate at various stages of new product 
development, with a focus on meat products. 
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1. Introduction 

Due to its large content of high-quality protein, minerals, vitamins, and other nutrients, meat and meat products play 
an important role in the human diet and health [1]. However, the high perishability of such products necessitates the use 
of one or more conservation or processing procedures. As a result of an increasing number of recent safety issues and 
product issues, the meat industry has turned its attention to ensuring the quality and safety of raw and processed meat 
[2]. 

Furthermore, people are becoming more aware of food labels and paying greater attention to the quality of meat 
products [3]. As a result of these concerns, the meat industry has begun to redefine and revise standards for measuring 
and monitoring the quality and safety aspects of meat and meat products [4, 5]. The significance of meat production 
traceability, on the other hand, should be emphasized. The proper information must be shown on the product to inform 
the consumer and provide a true guarantee of desired attributes. Only consistent quality meat products can persuade 
consumers that they are of high quality and worth paying a high price for [6]. According to these authors, quality sys-
tems designed to ensure repeatability must be founded on accurate, timely, and effective examination of key quality 
factors that matter to consumers. Meanwhile, the meat processing industry’s problems are commonly attributed to a 
lack of communication among meat processing chain actors, as well as a lack of consumer-focused regulation. As a 
result, the purpose of this review is to discuss some of the sensory and instrumental techniques that are used to ana-
lyze/evaluate meat and meat products. 
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2. Meat Quality Evaluation 

Meat quality evaluation can be defined as the determination of the characteristics required to assess the appropriate-
ness of fresh or preserved meat without any deterioration within a specified period [7]. Color, flavor, and fragrance are 
the consumer’s first perceptions of meat quality, and they have a direct impact on purchasing decisions. Water holding 
capacity (WHC), marbling, and Warner-Bratzler shear force (WBSF) test results are some of the physical characteristics 
[2]. Total viable content (TVC) and bacterial infection are two of the most important microbiological criteria in deter-
mining the quality and safety of meat. Chemical properties such as protein, moisture, and pH provide information on the 
composition and nutritional content of meat. All of these criteria contribute to the defining of meat quality attributes. 

As a result, reliable technology is required to monitor and assess meat qualities before the sale from the standpoint of 
meat quality and safety [8, 9]. To assess meat quality and safety, a variety of well-established analytical methods have 
been used. Sensory examination, chemical analysis, and instrumentation tests are examples of these methods [10]. SE 
involves manually determining meat quality based on characteristics such as tenderness, flavor, and color. One advan-
tage of SE is that it produces high-quality information quickly [11]. However, this method is time-consuming, subjec-
tive, and highly dependent on the inspector’s level of weariness.  

Instrumentation methods, such as WBSF, a pH meter, and meat colorimeters, are used to examine the texture or 
freshness of meat [11, 12]. When compared to subjective sensory evaluation, these procedures are regarded as valid, 
consistent, accurate, and dependable [8]. However, there are numerous disadvantages to using these methods to identify 
meat quality, including the fact that they are destructive, involve sophisticated sample preparation, require highly 
skilled operators, are inappropriate for on/in-line monitoring, and take a long time to process [13, 14]. 

2.1 Sensory Evaluation of Meat 

Sensory analysis is a scientific specialty used to assess, study, and explain the response of the particularities of food 
that are observed and interpreted by the panelists using their senses of sight, smell, taste, touch, and hearing [15]. Be-
cause of the human factor, sensory analysis has a subjective connotation. In general, evidence gathered from human 
perception reveals a large deal of variation among participants. Many of the responses from individuals are incompre-
hensible in this type of study. As a result, to restrict the test’s subjectivity, the conditions surrounding its development 
must be carefully monitored. The sensory evaluation results will be more objective as a result of this [16]. 

To address these variations and improve the accuracy of the analysis, many factors must be considered: adequate 
personnel selection, training, preparation, and information to the panel, the location where the sensorial analysis will be 
performed (tasting room with individual test booths), sample preparation and serving, sample labeling with random 
numbers, and so on [17]. Furthermore, because of the possibility for variability, effective data analysis and interpreta-
tion are critical components of sensory techniques. As a result, a major aspect of sensory testing is evaluating the results 
and conducting statistical analysis. This requires significant statistical expertise in both quantitative and qualitative sec-
tors [18]. 

Consumers employ a variety of measurable quality factors to decide their desire when purchasing meat. Color, tex-
tural patterns, visual appeal, and odor are all important factors for customers when selecting fresh meat [15]. These va-
riables are linked to physical and chemical features such as marbling, protein content, and WHC in some way. These 
observable characteristics are valuable and effective indications of cooked product tenderness, hardness, or juiciness. 
Gender, species, and maturity level are among the many markers used to determine the quality of raw meat. 

The results of most previous studies did not correspond significantly to the chemical or microbiological changes of 
the meat in some studies where sensory evaluation for meat quality evaluation was used, and the results found in most 
previous studies did not correspond significantly to the chemical or microbiological changes of the meat [2]. When us-
ing sensory evaluation to measure microbiological features, the inaccuracy can sometimes be too significant, resulting 
in a false positive or false negative. Due to issues such as human error, sensory evaluation has a much broader confi-
dence interval, which can cause serious difficulties. This example demonstrates that sensory evaluation is not dependa-
ble and insufficient to provide a thorough understanding of meat quality. Sensory evaluation is neither viable nor scala-
ble for use in a contemporary meat processing facility for a variety of reasons, including cost, time limits, and subjectiv-
ity [19]. 

2.1.1 Sensory Evaluation Methods 
At first, quality control of industrial products was handled by a single individual or a small group of employees. They 

would use precarious sensory testing to determine whether a production method is good or not, as well as the quality of 
the end product. The tests were gradually replaced by more disciplined and directed tests that were more quantitative 
and exact, more accurate, less dangerous, and did not require segmentation [20]. Sensory analysis is divided into two 
categories: analytical and emotional. Analytical tests, such as discriminating and descriptive evaluations, attempt to 
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describe and distinguish items. Affective tests, on the other hand, attempt to assess product acceptance and are divided 
into preference and hedonic tests [15]. 

a) Discriminative Testing 
These tests are used to see if there is a difference between the two food products [21]. For a simple choice, panelists 

should be knowledgeable about the product in question. Each participant must select one meal item from a list of op-
tions. Discriminative tests may be utilized for a variety of applications in the future. It is advised that 10-50 panelists 
participate in these examinations. The triangle test, duo-trio test, and paired-comparison test are all discriminative tests. 

Triangular Test: When measuring the overall difference between two products, three samples are usually used in this 
test. Two of the three samples are comparable, but the third is different. Individual three-digit numbers must be assigned 
to the samples. The taster must choose a sample that is distinct from the rest. In these tests, the chances of accurately 
selecting the appropriate sample are higher. Because the procedure is prone to panelist fatigue, it is recommended that 
no more than six samples be reviewed in one testing session. Fewer tasters are required for the tests; at least 4-8 tasters 
are regarded as sufficient for single testing [16, 21]. 

Duo-Trio Tests: This decides whether or not two samples have a sensory difference. A reference sample and two test 
samples are always present; one of the test samples is identical to the reference, while the other is the test sample [22]. 
Members of the panel must identify the sample that is similar to the reference sample. When comparing unknown dif-
ferences among samples, duo-trio tests are occasionally used instead of triangle testing, but they are regarded as less 
efficient than triangle tests. It is suggested that at least 7-10 assessors be used [16, 23]. 

Paired Comparison Tests: These are used when there is a known discrepancy in the chemical composition of the 
sample that necessitates sensory evaluation. Each panelist is given two different coded samples at the same time, and 
the aim is to identify the sample that is regarded to be superior in the specified sensory attribute [23]. Tasters are asked 
to compare the samples without determining the extent of the difference, such as “are the two samples identical or dif-
ferent?” or “which of the two samples is sugary?” The paired comparison test is less time-consuming than the triangle 
test and is typically used for highly flavorful or complex items. In this test, at least 7-10 panelists (duo-trio) are recom-
mended [16, 23]. 

b) Descriptive Tests  
Sensory qualities of foods are ranked in order of appearance in these tests, and relative intensities are assigned [20]. 

They provide more complete profiles of a product by recognizing and quantifying the product’s many attributes. When 
compared to discriminative tests, descriptive tests are more extensive and sophisticated. They serve as a foundation for 
mapping product similarities and differences, as well as determining which sensory features are crucial to acceptability. 
It is usually carried out by 6 to 15 well-chosen and qualified panelists. Panelists are trained to evaluate products in the 
same way that any instrument would. Free Choice Profile (FCP), Quantitative Descriptive Analysis (QDA), Flavor Pro-
file Analysis (FPA), Texture Profile Analysis (TPF), and Time Intensity Analysis (TIA) are examples of descriptive 
testing [24]. 

Free Choice Profile: There is no prior training for the panelists in this procedure, and each judge chooses his or her 
own set of criteria to classify the product. The judge should be regularly trained, and the answer should be computerized, 
before a time-intensity curve for the specified attribute may be obtained. The curve’s maximum intensity, the point at 
which maximum is reached, and the first point at which no more perception occurs are all investigated using analysis of 
variance [20]. 

Quantitative Descriptive Analysis: This is a non-technical survey of sensory terms for a product generated by trained 
sensory panelists. The proportional differences between the samples are usually agreed upon by trained judges [25]. The 
objective of QDA and FCP is the same: to determine the intensity of all product features as well as to define the whole 
sensory profile. 

Flavor Profile Analysis: This is important for determining the taste and odor of a sample. It is a method that creates a 
written record of a product’s noticeable fragrance, flavor, and taste components. Individual aromas and flavors are de-
scribed by panelists in the order in which they are perceived, and a consistent grading system is assigned. Typically, 4-6 
panelists are recommended. They assess the product individually and write down their impressions in terms of aroma, 
flavor, and taste. Finally, in an open discussion, the report is given to a panel leader [25]. 

Texture profile analysis: This method has been frequently used to evaluate solid and semisolid foods. Typically, a 
panel of 6-9 people is assembled; textural qualities and other evaluation techniques are agreed upon by all panel mem-
bers before the evaluation of the products in question [26, 27]. TPA is useful for evaluating food texture quickly, which 
is generally done by humans. Liquid samples that cannot hold their shape yet flow under gravity are poured into a cup 
and compressed homogenously in some tests. The parameters acquired from uniaxial compression, namely hardness, 
cohesiveness, and adhesiveness, are then analyzed without regard to their physical meaning [28]. 
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Time Intensity Analysis: This is used to calculate the rate at which the intensity of defined characteristics changes 
over time. Its primary function is to calculate the intensity of any descriptor term in a product over time. The descriptive 
sensory tests TIA and FCP are commonly employed in scientific studies and by food industries [29]. 

c) Affective/Consumer Acceptance Tests 
Subjective methods are another name for affective methods. These are quite beneficial for determining whether or not 

a food is acceptable or desired (which product is liked or preferred). Normally, a significant number of people must 
answer (50-150 panelists considered adequate). Panelists are not trained but are chosen based on previous product use, 
socioeconomic status, and geographic location [30]. 

Preference Ranking: Three or more samples are rank-ordered in this method, with one sample being favored over the 
others. This type of test collects data on people's preferences for a product and determines how different samples differ 
based on a single differentiating trait. Panelists are asked to rank the coded samples according to their preferences in 
consumer analysis [31]. 

Hedonic Rating Scale: This is one of the most extensively used sensory evaluation methods for determining how 
much people like food [16]. The 9-point Hedonic scale, 7-point Hedonic scale, and 5-point Hedonic scale are all used in 
practice. The 9-point Hedonic scale ranges from “very like” to “extremely dislike”. Table 1 summarizes what type of 
sensory assessment methodology to use based on the questions you want to answer. 

Table 1. Summary of Sensory Evaluation Methods and Their Related Questions 

Question Method Sub-types 

Are products different? Discrimination test 
-Triangle test 
-Duo-trio test 
-Paired comparison test 

If products are different, how are they 
different? Descriptive tests 

-Quantitative descriptive analysis 
-Free choice profile 
-Time-intensity analysis 
-Flavor profile analysis 
-Texture profile analysis 

What is the acceptability of a product? Is 
one product preferred over another? Affective/Acceptance 

-Hedonic rating scale (5- Point, 7-Point and 9-Point He-
donic scale) 
-Preference ranking 

Source: Mihafu, et al. (2020). 

3. Recent Advanced Meat Evaluation Methods (Instrumental) 

The demand for the use of nondestructive procedures in evaluating meat quality and safety qualities has increased 
due to the rapid rise in public knowledge and concern for superior meat quality [2]. According to the literature reviewed, 
the most sophisticated methods for evaluating meat quality that is based on imaging and the electromagnetic spectrum 
meet the demand criteria of being quick, nondestructive, and suitable for online/in-line monitoring. The following tech-
niques are discussed in this section: e-nose, CV, spectroscopy, HSI, and MSI. These technologies were chosen because 
of their ability to be scaled up to industrial levels [14, 32]. 

3.1 Electronic Nose 

E-nose is an artificial olfactory system that mimics the human olfactory system [33]. It is a tool for analyzing food 
aromas and identifying volatile chemicals. It can also analyze simple or complicated gases, vapors, or scents qualita-
tively and quantitatively [14]. The E-nose is made up of a network of sensors that generate electrical impulses in reac-
tion to volatile substances in a gaseous sample [34]. Sample delivery, detection, and computing are the three main sys-
tems. A sample is collected via the sample delivery system, which is then injected into the detecting system. In practice, 
an air sample is drawn through a tube into a tiny chamber holding the electronic sensor array by a pump. A group of 
sensors perceives and responds to the compounds in the detection system, and the response is recorded by an electrical 
interface [35]. Ramirez et al. [36] used a pattern recognition algorithm to process the collected signals, followed by 
classification to classify the unknown gas. The studies summarized in Table 2 showed that E-nose technology has been 
used successfully in the detection of meat quality and can be used as a promising technique for rapid evaluation of meat 
quality and safety, as well as for the detection of adulterations in meat. E-nose techniques achieved satisfactory results 
with an average precision of almost 90% using appropriate pattern recognition techniques for data analysis [37]. These 
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results suggest that e-nose can be used to detect meat quality and safety, as well as to detect harmful compounds. 
In general, the odor of the sample stimulus creates a unique fingerprint that can be recognized by the e-nose system’s 

nonspecific sensors. These fingerprints are collected and stored in a database that is used to categorize target smells [14]. 
Signal analyses of e-nose data are typically complicated, necessitating the use of multivariate data analysis tools and 
particular pattern recognition methods to predict signal response using chemical or physical reference factors [34, 38]. 
To treat the complicated e-nose data and extract useful information, methods such as principal component regression 
(PCR), partial least squares (PLS), or artificial neural network (ANN) can be applied. 

Table 2. Some Previous Studies that Used E-Nose Technique for Meat Quality and Safety Detection 

Meat 
type Quality attribute E-nose type Statistical 

approach 
Significant 

results Reference 

Pork Color, moisture content, 
redox potential, pH 

The Food 
Sniffer R© 

(FS) 
PCA CP 1 (71.13%) and 

CP2 (12.57%) [36] 

Beef Microbial 
component Sensor array kNN 3.64%, 86%, and 

85.5% [37] 

Poultry Odor Sensor array kNN, Classification tree, SVM, 
Naive Bayes (NB), Random forest 53%-79% [35] 

Chicken VFA MOS system _ R2 = 0.89 [33] 

Note: BP-ANN, backpropagation artificial neural network; BPNN, backpropagation neural network; GRNN, general regression neural network; kNN, 
k-nearest neighbors; LDA, linear discriminant analysis; MOS, metal oxide sensor; PCA, principal component analysis; NB, naive Bayes; PLS, partial 
least squares; SLDA, supervised latent Dirichlet allocation; SVM, support vector machine; TVB-N, total volatile basic nitrogen; VFA, volatile fatty 
acids. 

E-nose has proven to be a viable approach for detecting meat freshness, and it has a lot of potential in quality control 
and assurance. It has several benefits, including high sensitivity, quick result classification, the capacity to detect dan-
gerous or harmful gases, and a broad range of operating circumstances. The e-nose also has a cheap per-sample cost and 
requires little to no specific sample preparation [39-41]. Based on a surface acoustic wave sensor, Nurjuliana et al. [42] 
used e-nose to evaluate pork quality. The researchers discovered a two-dimensional olfactory image that can distinguish 
different samples qualitatively in a short amount of time (15 s). Similarly, Jia et al. [14] investigated ham sensory eval-
uation using e-nose. With an R2 of 1.0, they discovered that the PCA model had the highest effective extraction and 
precision in predicting sensory quality. 

Various findings of the usage of e-nose in meat quality and safety detection indicated that e-nose technology has been 
successfully implemented in meat quality detection and can be used as a promising tool to quickly evaluate meat quality 
and safety, as well as to detect meat adulteration [2]. With the use of proper pattern recognition algorithms for data 
processing, the e-nose procedures achieved satisfactory results of almost 90% average accuracy [41]. 

3.2 Computer Vision 

CV is a new technique that is being used to detect and evaluate external quality features in a variety of agricultural 
products [43, 44]. CV gathers and analyzes spatial data from sample digital photographs, such as color, size, and surface 
structure [45]. This system consists of a camera, a lighting chamber, a light source, a computer, and software applica-
tions. Reflectance, absorption, and transmission are the three detecting techniques used by CV [46]. Many factors in-
fluence the light’s response in a measured object, including the incident light’s wavelength and penetration, the object’s 
physical and chemical qualities, and the sample’s refraction index [43]. As a result, having adequate light on the ob-
ject’s surface can help the camera detect surface features by improving contrast and edge recognition. 

Image processing and image analysis (scene/object recognition) are the two major components of CV data analysis. 
Many different methods were used to measure and evaluate images in the reviewed literature, including correlation, 
segmentation, and identification of regions of interest, feature extraction, and classification. Partial least squares regres-
sion, k-means clustering, stepwise multiple regression, support vector machine, linear discriminant analysis, and analy-
sis of variance are examples of these methodologies [47]. 

Because of its nondestructive and adaptable nature, CV techniques have shown their potential in the meat industry for 
the detection of surface quality characteristics and color classification [8, 48]. CV approaches were used by Zapotoczny 
et al. [49] to analyze the quality of pork and poultry. The correlation between visual textures and chemical compositions 
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was discovered to be between 0.7 and 0.92. The studies presented in Table 3 showing different ways to use CV to as-
sess meat quality. These results show that CV can be used as a non-destructive tool to evaluate the quality and safety of 
meat in production lines; however, there is a need to significantly improve the ability to detect subtle differences in col-
or or texture, which are equally important for overall meat quality certification. 

Table 3. Some of Previous Studies that Used CV Technique to Detect Meat Quality and Safety 

Meat type Quality attribute Color space Statistical approach Significant 
results Reference 

Pork Color RGB, HSV Global thresholding, 
k-meansclustering R2 = 0.99 [47] 

Chicken Color CIE L*a*b* CV colorimeter R2 = 0.99 [43] 

Lamb Marbling RGB MLP 91% [50] 

Chicken Freshness RGB, HSI, 
L*a*b* CV, GA-ANN, ANN R2 = 0.99 [46] 

Pork Color, marbling HSI, L*a*b* SVM 92.5%, 75% [51] 

Chicken Sorting RGB, HSV PLSR, LDA, ANN 93% [52] 

Note: ANN, artificial neural network; ANOVA, analysis of variance; CIE, Commission Internationale de l’Elcairage; CVs, computer visions; CVS, 
computer vision systems; GA-ANN, genetic algorithm–artificial neural network; HSI, hue, saturation, and intensity; HSV, hue, saturation, and value; 
IMF, intramuscular fat; L*a*,b*, lightness, redness, and yellowness; LDA, linear discriminant analysis; MLP, multilayer perceptron; ARTMAP, 
adaptive resonance theory map; PLS, partial least squares; PLSR, partial least squares regression; RGB, red, green, and blue; SVM, support vector 
machine. 

3.3 Spectroscopy Techniques 

Due to its advantages over many analysis methods, spectroscopy is regarded as one of the most promising nonde-
structive techniques [53]. A typical spectroscopic system has four parts: sampling devices, photodetector, light-isolating 
mechanisms, and light source. There are three types of data acquisition modes in spectroscopy: interactance, reflectance, 
and transmittance. The mode is determined by the detector and light source’s respective positions. The wavelength 
passband is narrow in transmission mode and wide in reflectance mode, hence these modes have a direct impact on the 
wavelength passband. 

For meat applications, four wavelength areas have been identified: fluorescence, visible (VIS), near-infrared (NIR), 
and mid-infrared (MIR). The American Society of Testing and Materials (ASTM) has quantified these multiple wave-
length ranges, which include fluorescence wavelengths ranging from 100 to 400 nm, VIS wavelengths ranging from 
400 to 750 nm, NIR wavelengths ranging from 780 to 2500 nm, and MIR wavelengths ranging from 2,500 to 25,000 
nm [54]. These areas represent some of the several modes in which a spectroscopic measurement procedure can work. 
Because variations in the absorption of incident light in the target regions of the electromagnetic spectrum differ de-
pending on the composition of the region of interest [55]. 

Spectroscopy has been used to monitor and detect meat quality and microbiological contaminations in various re-
search that have been published [56, 57, 14]. Shear force, TVC, IMF (intramuscular fat), TVB-N (total volatile basic 
nitrogen), and thiobarbituric acid reactive chemicals in beef; TVC and TVB-N in pork; and drip loss, moisture, water 
activity, TVB-N, and adenosine triphosphate in poultry are among these quality characteristics. 

The interaction of chemical ingredients, basic vibrations, and stretching of molecules under electromagnetic radiation 
determines the reflectance qualities of meat in general (Khaled et al., 2018). Chemical ingredient differences can be 
used to create detailed fingerprints for detecting quality, such as the freshness of meat [58]. The molecular vibrations of 
chemical elements of meat are indicated by the spectrum information used in VIS and NIR reflectance techniques, par-
ticularly the overtones and combination bands of vibrational modes in the form of C–X, where X is nitrogen, oxygen, or 
carbon and C is carbon. The X–H stretching region (2,500-4,000 nm), the triple bond region (4,000-5,000 nm), the 
double bond region (5,000-6,666 nm), and the fingerprint region (6,666-25,000 nm) are the four broad regions of MIR 
spectroscopy. It has been reported that MIR absorbance has come from only one sort of vibrational reaction, and its 
spectral peaks are exclusive to one form of organic bond. 

Typical quantitative and qualitative spectroscopic data analysis required in many analyses is computationally expen-
sive, ill-fitting, and susceptible to interference [53]. As indicated in Table 4, spectroscopy used to evaluate the quality 
and safety of meat. In the reviewed studies, VIS, NIR, MIR and fluorescence spectral ranges were used with a frequen-
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cy of 60%, 80%, 8% and 12%, respectively [56]. The results show that VIS/NIR was used in about three-quarters of the 
studies revised, which can be partly explained by speed, lower start-up costs, and lower equipment complexity. 

Table 4. Some of Previous Studies that Used Spectroscopy Technique to Detect Meat Quality and Safety 

Meat type Quality attributes Spectroscopy 
type 

Wavelength 
range (nm) 

Statistical 
approach 

Significant 
results Reference 

Chicken/poultry Color, WHC, pH NIR 968-2,494 Decision Trees, 
SVM 77.2% [56] 

Minced beef and 
pork Adulteration VIS and NIR 400-1,700 LDA, PLSR, 

SNV 96% and 100% [59] 

Beef pH, color, cook 
loss, drip loss VIS and NIR 350-2,500 PLS R2 

CV(0.91-0.96) [60] 

Beef, pork, lamb Characterize meat, 
fat NIR 750-2,500 

MSC, SNV, 
OSC, DOSC, 
OWAVEC 

R2 
CV(0.62-0.96) [58] 

Pork Quality attributes MIR 2,500-14,285 
Response 
correction, 

PLSR 
_ [14] 

Beef Shear value, IMF VIS and NIR 400-1,395 _ 100% [61] 

Note: ANN, artificial neural network; DOSC, direct orthogonal signal correction; IMF, intramuscular fat; MSC, multiple scatter correction; NIR, 
near-infrared; OSC, orthogonal signal correction; OWAVEC, orthogonal wavelet correction; PCA, principal component analysis; SNV, standard 
normal variate; TBA, thiobarbituric acid; TBARS, thiobarbituric acid-reactive substances; TVB-N, total volatile basic nitrogen; TVC, total viable 
content; VBN, volatile basic nitrogen; RMSEP, root mean squared error of prediction; VIS, visible; WBSF, Warner-Bratzler shear force; WHC, water 
holding capacity. 

3.4 Hyperspectral Imaging System  

HSI is a relatively recent approach for nondestructively evaluating the quality of food products [3]. It combines im-
age and spectroscopic technologies to simultaneously provide spatial and spectral information about a sample. HSI can 
detect a sample’s external and internal quality features as a result of this integration [62]. In HSI, spatial and spectral 
information is used to characterize and identify a complex heterogeneous sample as well as a variety of mul-
ti-constituent surface and subsurface features. A light source, a lens, an imaging spectrograph, a camera, a sample hold-
ing platform, and an interfaced computer with sample stage and data analysis software are typical components of an 
HSI system. 

In a three-dimensional hypercube (x, y), where x and y are spatial dimensions and is the spectral dimension, HSI 
gives a huge amount of information. Hypercube data can be seen in two ways: as a stack of images, each representing a 
different wavelength, or as the whole spectrum at each pixel. Hypercube analysis can be difficult since it often necessi-
tates the use of chemometric models and statistical techniques. Furthermore, because hypercube data might have 
enormous dimensions and sizes, classification and prediction models developed with it will usually require dimensio-
nality reduction [63]. Interference correction, dimensionality reduction, and feature extraction are some of the most of-
ten used approaches for preprocessing data from a hypercube [64]. 

The use of HSI in the meat sector to evaluate quality and safety qualities has the potential to increase consumer con-
fidence in meat products, owing to the capacity to collect particular information on each piece of meat, which was pre-
viously impossible. Chemical composition, adulteration, sensory attribute prediction, contaminant detection, and bac-
terial deterioration can all benefit from the use of HIS [63]. Table 5 shows examples of many studies that have used HSI 
to evaluate different parameters in different types of meat (beef, pork, lamb, and chicken). The results of these studies 
showed that HSI in combination with chemometric techniques has the potential for a rapid and non-destructive evalua-
tion of the safety and quality characteristics of meat. Studies reviewed have shown HSI techniques to be 38% to 99% 
accurate, with VIS/NIR with line scanning being the most widely used approach [65]. Despite the various advantages of 
this technique, there are some limitations when implementing it directly in an online system, for example; if the number 
of acquired/processed wavelengths can be restricted, this will significantly reduce the amount of data. Most industrial 
applications attempt to select optimal wavelengths/characteristics to ensure the fastest feedback from the resulting mul-
tispectral model [62]. 
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Table 5. Some of Previous Studies that Used HSI Technique to Detect Meat Quality and Safety 

Meat 
type Quality attributes Wavelength 

range (nm) 
Image 

size/resolution 
Statistical ap-

proach 
Significant 

results Reference 

Beef Tenderness 400-1,000 1,312×10,820.16 
mm 

PCA, FLD, 
SVM, DT 86.7% [66] 

Pork TVC 400-1,100 1,376×10,402.8 
nm MLR R v=0.38-0.94 [67] 

Pork Water activity, pH, 
hardness, TBA 380-1,000 5 nm DFA, QDI, PLS R2 =0.96-0.99 [68] 

Chicken TVB-N 430-960 200×200 SNV, ACO, 
PCA, BPANN R p=0.88 [69] 

Mutton TVB-N, TAC 400-1,000 2.8 nm BPNN 94% [70] 

Chicken Tenderness 400-1,000 688×500 PCA, PLS-DA 0.84(FR), 
0.92(SR) [71] 

Note: ACO, ant colony optimization; BPANN, back propagation artificial neural networks; BPNN, back propagation neural network; DFA, discrimi-
nant factor analysis; DT, decision tree; FLD, Fisher’s linear discriminant; MLR, multiple linear regression; FR, full range; MLR, multiple linear re-
gression; PCA, principal component analysis; PLS, partial least squares; PLS-DA, partial least squares-discriminant analysis; PLSR, partial least 
squares regression; QDI, quality deterioration index; R p, correlation coefficient of prediction set; R v, correlation coefficient; SMLR, sparse multi-
nomial logistic regression; SVM, support vector machine; PNN, probabilistic neural network; PPC, psychrotrophic plate count; SMLR, stepwise 
multiple linear regression; SR, selected range; SVR, support vector regression; TAC, total aerobic plate count; TBA, thiobarbituric acid; TVB-N, total 
volatile basic nitrogen; TVC, total viable count. 

3.5 Multispectral Imaging 
MSI is a cutting-edge technology that has been used to inspect raw and processed meat. It is a reformation of HSI, 

with the difference that it uses an optimized subset of the wavelengths utilized in HSI, allowing it to work with substan-
tially fewer data [72, 73]. MSI usually uses three to fifteen separate, noncontiguous, and unevenly spaced wavelengths 
[65]. It can achieve faster identification and detection than line-scan HSI since it has both greater quality and a less 
amount of data to analyze [74]. The use of shorter wavelengths also provides for cost savings in hardware and optical 
sensors [73]. As a result, if HSI and MSI met the same performance standards, MSI would be chosen for industrial sys-
tems implementation. MSI captures three-dimensional images (a one-dimensional spectrum [λ] at every 
two-dimensional pixel [x and y]) that contain heterogeneous information describing meat physicochemical properties, 
similar to HIS [72]. To capture spectral information together, a variety of wavelength light sources are employed [75]. 

MSI has mostly been used in the meat industry to evaluate product quality and safety [76]-78] (see Table 6). Adulte-
ration detection in chicken breast fillets Ropodi et al. [78], heme and non-heme iron content prediction in pig sausage-
Ma et al. [72] and frozen minced beef quality evaluation are examples of specific applications [79]. 

Table 6. Some of Previous Studies that Used MSI Technique to Detect Meat Quality and Safety 

Meat 
type Quality attributes Spectral 

bands 
Wavelength 
range (nm) Statistical approach Significant 

results Reference 

Beef Minced beef and 
horsemeat 18 405-970 PLS-DA, RF, SVM 100%, 

96.62% [77] 

Pork bone fragments 19 405-970 SPA, LDA, 
PCA–LDA, PLS-DA, 

100% for 
test set [80] 

Beef TVC 18 405-970 
OLS-R, SL-R, 

PLS-R, PCR, SVR, 
RF, kNN 

98.6% [77] 

Beef Frozen-then-thawed 18 405-970 PLS-DA, SVM 100% [78] 

Chicken 
 

TVC, Pseudomonas 
spp 18 407-970 PLS-R, ANN 90.4% [79] 

Beef Water-injected 19 405-970 PLS-R 94.6% [75] 

Note: ANN, artificial neural networks; kNN, k-nearest neighbors; LDA, linear discriminant analysis; OLS-R, ordinary least squares regression; 
PCA-LDA, principal component analysis-linear discriminant analysis; PCR, principal component regression; PLS-DA, partial least squares discrimi-
nant analysis; PLS-R, partial least square regression; RF, random forest; SL-R, stepwise linear regression; SPA, successive projection algorithm; 
SVM, support vector machine; SVR, support vector regression; TVC, total viable counts. 
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4. Summary 
In the meat industry, sensory evaluation is used to assess the conformity of raw materials and finished products to 

sensory specifications. When used appropriately, sensory science can provide information that no other instrument can: 
a complete description of how a food item is perceived by the human senses and/or how much it is enjoyed. It is critical 
to examine the scope of any sensory test as well as effective sensory practice. For bench-top testing and quality control 
of changed products, instrumented techniques that can properly assess textural changes and are validated by sensory 
methods are needed. In the meat/food processing sectors, integrating instrumental procedures with sensory evaluation is 
extremely valuable because no one method is universally applicable. The conclusion must be that it is critical to be 
aware of the measurement’s objective and how to select methods based on that need. 
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