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Abstract 

Most contamination in agricultural and food products is caused by undesirable microorganisms which are available in 

food. Microbial evaluation plays a very important role in food quality assessment. Typical methods to detect microbial 

loads are time-consuming, tedious, labor-intensive and destructive. Recently, a few techniques like Near infrared (NIR) 

spectroscopy and Raman spectroscopy has been with advantages of being rapid, non-destructive and efficient to 

assessment microbial contamination. Moreover, hyperspectral imaging (HSI) and multispectral imaging (MSI), the 

technologies that simultaneously provide spectral and spatial information of foodstuffs, are now widely applied. In this 

paper, we describe recent progresses and applications of these optical techniques are described as efficient tools in 

replacing traditional technologies for detecting spoilage microorganisms in various raw and processed food products. It 

would be expected that efficient spectroscopy and Microbial evaluation spectral imaging systems would likely be 

developed and applied for online microbial evaluation in agricultural and food industry. 

 

Keywords: Near infrared (NIR) spectroscopy, Hyperspectral Imaging, Multispectral Imaging, Raman spectroscopy, 

Microbial assessment. 

 

1- Introduction 

Nowadays, due to the importance of the quality of fruits and vegetables directly related to the health of the people, and 

in order to the growing awareness of consumers about the quality of such products, agriculture and food industry are 

faced with the new challenges. 

The incidence of foodborne outbreaks caused by contaminated fresh fruit and vegetables has increased in recent years 

[1]. Foodborne diseases are a range of diseases that occur after eating contaminated foods. Therefore, microbial 

evaluation is an essential step during the food processing, in order to guarantee food quality and safety. The factors of 

contamination of these products are excessive: use of pesticides and fertilizers, the use of chemical pesticides at 

inappropriate and near-harvest time, the use of unfinished animal-human fertilizers, improper transportation of 

products, inadequate chemical maintenance, the cycle of production, storage, transportation, distribution and 

consumption of chemical pesticides, irrigation of fields with sewage and contaminated water.  

 

Most of the techniques for microbial evaluation are destructive, have a highly time-consuming sample preparation, are 

very expensive, and require well-trained personnel and an advanced laboratory for controlling individual products [1, 

2]. Therefore, development of a non-destructive, fast, simple, low-cost, environmentally friendly and reliable detection 

technique of microbial contamination residue is imperative. 

In recent years, there have been many research efforts in developing non-destructive techniques especially optical-based 

methods for detecting internal and/or external quality attributes [3, 4, 5]. 

The main objective of this paper is to review the principles and applications of Vis/NIR spectroscopy, hyperspectral 

imaging, multispectral imaging and Raman spectroscopy as representatives of the most-used non-contact optical 

techniques suitable at present in combination with chemometrics for online inspection of in raw and processed food 

products which can be used for microbial assessment. 

 

2- Vis/NIR spectroscopy 

NIR spectroscopy utilizes the spectral change from 780 to 2500 nm (12500- 4000 cm-1) and provides much more 

structural information related to the vibration behavior of combinations of bonds. The record of NIR region of the 

electromagnetic spectrum contains the response of the molecular bonds O-H, C-H, C-O and N-H. These bonds are 

subject to vibrational energy changes when irradiated by NIR frequencies, and two vibration patterns exist in these 

bonds including stretch vibration and bent vibration. The energy absorption of organic molecules in NIR region occurs 

when molecules vibrate or is translated into an absorption spectrum within the NIR spectrometer [6]. 

In general, a NIR spectrometric system mainly consists of four component parts include of light source, light analyzer 

or light isolator, detectors, and sampling devices. Food samples answer differently in front of NIR light. Light is 

absorbed with frequencies matching characteristic vibrations of particular functional groups; whereas the light with 

other frequencies will be transmitted or reflected [6]. Therefore, the biochemical properties of a food tissue affect the 
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amount and frequency of absorbed, transmitted or reflected light that can be used to derive the chemical composition of 

that food tissue. The most significant advantage is its ability to determine simultaneously several components in a food 

sample within a short time. The precision of NIR analysis for a wide range of applications is comparable to or better 

than that of the chemical techniques, it replaces [7, 8]. 
 

3- Hyperspectral and Multispectral imaging 

Nevertheless, spectroscopy is useful to assessment the product quality through the measurement of their optical 

properties while computer vision is able to measure the external features of products, hyperspectral imaging integrates 

the main advantages of the two original techniques to attain spatial, spectral and multi-constituent information from an 

object [9]. 

From a technical point of view, a hyperspectral imaging system produces a stack of hundreds of images of the same 

object at different spectral wavelength band [10]. As a consequence, each pixel in a hyperspectral image contains the 

spectrum of that specific position, which is a fingerprint useful to characterize the composition of that particular pixel. 

Hyperspectral image is a three-dimensional hyperspectral cube comprising two spatial and one wavelength dimension 

[11]. The raw hyperspectral cube consists of a series of contiguous sub-images taken at different wavelengths. It is 

known as hypercube, spectral cube, spectral volume, data cube, or data volume) [12]. Each sub-image provides the 

spatial distribution of the spectral intensity that is related to the distribution of its corresponding biochemical 

components. This means that regions of a sample with similar spectral properties have similar chemical composition 

[13]. Hyperspectral imaging provides more spectral information than multispectral images, due to its larger numbers of 

wavelengths. For multispectral imaging system, the concept is similar but it differs from HSI in the number of used 

spectral bands, which are discrete, non-contiguous and irregularly during image acquisition [14]. Consequently, not 

every image pixel is included in the “spectrum” in MSI whilst each pixel in the HSI possesses a full spectrum. Herein, 

the acquisition time and complexity of MSI are comparably lower than that of HIS [15]. 

 

4- Raman spectroscopy 

In Raman spectroscopy, the sample is irradiated with UV, visible or near-infrared (NIR) radiation. Raman scattering is a 

two-photon process resulting from photon-molecule interactions. Raman instrumentation has significantly advanced 

since its early development and use in specialized academic setting in the 1960s. Today, photo-multiplier tubes have 

been replaced with charge coupled device (CCD) detectors and other solid state devices. Triple mono chromators have 

been replaced with single gratings or interferometers with highly efficient Rayleigh line filters [16]. Current state of the 

art micro-Raman spectrometers can produce chemical functionality based maps with spatial resolution of the order of 

500 nm. Data analysis has also taken full advantage of the capabilities of modern computers and algorithms. The digital 

nature of the data collected by modern Raman spectrometers allows for a wide range of data processing algorithms to be 

applied [17, 18]. Raman spectroscopy is an optical sensing technique using frequency shift of in-elastically scattered 

light generated in laser molecule interactions. The technique can be used for surface composition investigation based on 

sharp peaks typically observed in a Raman spectrum, and for subsurface discovery using powerful narrowband lasers as 

excitation sources. Traditionally, a Raman measurement is conducted on a point on the sample surface due to the 

natural size of the laser spot, which generally cannot cover a large-size sample area. Hence spatial information cannot 

be obtained by the spectroscopy method. Raman chemical imaging (RCI) is a technique equipping Raman spectroscopy 

with the capability of acquiring spatial information [19]. Raman spectral image data (i.e., hypercube) have three 

dimensions including two spatial dimensions (x and y) and one spectral dimension (~n). The Raman images are usually 

acquired with hundreds of wavebands. Each pixel in the hypercube can provide a full Raman spectrum, which can be 

used to obtain physical/chemical/ biological information of every pixel for inspection purposes. Point lasers, line lasers, 

and global (wide-field) excitation lasers are three main types of excitation sources used in Raman imaging systems. 

Correspondingly there are three major methods to collect Raman spectral images: point-scan, line-scan, and area scan 

methods [20]. 

 

5- Chemometrics  

For spectral pre-processing techniques, multiplicative scatter correction (MSC), standard normal variate (SNV), Fourier 

transform (FT), and wavelet transforms (WT) are usually used to calibrate the original spectra [21]. For quantitative 

assessment, both linear analyses [principal component regression (PCR), multiple linear regression (MLR), partial least 

squares regression (PLSR)], and nonlinear analyses [(artificial neural network (ANN), and support vector machine 

(SVM)] are used to establish the correlation between spectral data and real quantities or concentrations of the products 

measured by ordinary laboratory assessments (such as color, texture, microbial enumeration, and so on) [22]. 

It is very important to build a reliable calibration model for quantitative or qualitative analysis in food analysis, which 

involves the prediction of discrimination and property for unknown samples. A wide variety of approaches have been 

taken toward this task in the food quality evaluation. Step multiple linear regression (SMLR), principal component 

regression (PCR), partial least squares (PLS), and artificial neural network (ANN) are the main methods of quantitative 

analysis in the literature [23, 24, 25]. 

In chemometrics methods, qualitative analysis is also an important issue in NIRS analysis, especially for food science 

[26, 27, 28], which could be attributed to the problem of pattern recognition. It refers to techniques in which a prior 

knowledge about the category individual of samples is used for classification. The classification model is developed on 

a training set of samples with known categories. The model performance is evaluated by the use of a validation set by 
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unknown samples. Pattern recognition methods are numerous, such as linear discriminant analysis (LDA) [29], 

principal component analysis (PCA) [30], K-nearest neighbors (KNN) [31, 32], cluster analysis (CA) [33], discriminant 

partial least squares (DPLS) [34], soft independent modeling of class analogy (SIMCA) [35], artificial neural network 

(ANN) [36] and support vector machine (SVM) [37]. PCA can be used to reduce the dimensionality of the data. It is to 

find linear combinations of the initial variables that contribute more to make the samples different from each other. The 

combination of NIRS and PCA has been used to characterize and classify wines, fruits, cheese and other food [38, 39]. 

 

Before acquisition of food sample images, it is necessary to calibrate the acquired images due to the differences in 

efficiency of camera quantum and different physical configurations of imaging systems [38]. This so called “reflectance 

calibration” is carried out to minimize the influence of the background spectral response of the system. “Dark image” 

and “white reference image” are commonly conducted for calibration. The white references are always achieved by a 

white ceramic tile (~100% reflectance) while dark image (~0% reflectance) is completed by covering the camera lens 

using opaque cap [39]. The calibrated hyperspectral image reflectance (R) is calculated with the following equation: 

                                                                           R =                                                                                            (1)                           

Where R0 is raw reflectance image, D is the dark reflectance image and W is white reflectance image [39]. 

chemometrics analysis is a very useful procedure to analyze the hypercube data that are generated by hyperspectral 

imaging. Since the data generated are extremely vast, chemometrics methods are utilized to reduce high dimensionality 

to the most meaningful dimension (generating a simplified data) without compromising the information power of the 

original image [39]. 

 

6- Applications 

Spectroscopy and spectral imaging technologies have been evaluated for non-destructive estimation of the internal 

attributes and play important roles in both research and industrial fields for food quality evaluation. In addition to food 

analysis in terms of physical and chemical attributes, these techniques are also increasingly being investigated for 

microbial evaluation. 

All of the spectroscopy techniques can be carried out in reflectance, transmission, or fluorescence modes. Reflectance 

imaging is the most common mode and is usually carried out in the Vis/SWNIR (400e1000 nm) or NIR (1000e1700 

nm) range. It can be used to detect defects invisible to the naked eye, contaminants (fungal infection, biological 

contamination), and quality attributes (moisture content, total soluble solids content, pH, firmness, marbling level) of 

fruits, vegetables and meat products [40, 41]. Fluorescence spectroscopy is used in the dairy industry [42], to detect 

facial contamination in food [43], on vegetal tissue containing chlorophyll [44]. Also, transmission imaging is applied 

to the online estimation of internal constituent concentrations and internal defects of foods [45]. A disadvantage of 

hyperspectral imaging is that, due to artefacts, noises or undesired signals, the direct qualitative/quantitative analysis of 

the original hyperspectral data can not be carried out and requires specific pre-processing procedures [46] to reduce 

various useless signals but in Raman measurements, since the scattering signal is covered by the stronger fluorescence 

signals, the latter is removed used algorithms such as polynomial curve fitting and others [47]. Table 1 shows some of 

the recent progresses and applications of using these rapid and non-destructive techniques for detecting microbial 

contamination in various raw and processed food products. 

 
Table 1. Examples of using rapid and non-destructive optical techniques for detecting microbial contamination in various raw and 

processed food products 

Food products Techniqe Microorganism Reference 

Milk Raman spectroscopy E. coli and Pseudomonas [48] 

Salmon Hyperspectral imaging Lactic acid bacteria [49] 

Spinach Infrared Spectroscopy E. coli K-12 [50] 

Sausage Multispectral imaging TVC (Total Viable count) [51] 

Beef Raman spectroscopy TVC, LAB, Pseudomonas, B. 

thermosphacta, 

Enterobacteriaceae and 

yeast/molds 

[52] 

Chicken meat Hyperspectral imaging TVC (Total Viable count) [53] 

Apple juice Fourier transform infrared 

spectroscopy 

E. coli O157:H7 [54] 

Cooked pork sausages Multispectral imaging APC (Aerobic Plate Count) [55] 

Cabbage Near infrared spectroscopy Bacterial contamination [56] 

Brown rice Hyperspectral imaging Aspergillus [57] 

Cheese Near infrared spectroscopy Listeria monocytogenes [58] 

Grass carp Hyperspectral imaging Escherichia coli [59] 

Maize laser-induced breakdown 

spectroscopy and Raman 

spectroscopy 

Classification of 

Staphylococcus bacterial strains and 

one strain of Escherichia coli  

[60] 
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7- Conclusions 

Spectroscopic technologies have been evaluated for non-destructive estimation of the internal attributes and play 

important roles in both research and industrial fields for food quality and their microbial evaluation. In addition, this 

paper shows the principles and applications of Vis/NIR spectroscopy, hyperspectral imaging, multispectral imaging and 

Raman spectroscopy as representatives of the most-used non-contact and non-destructive optical techniques suitable at 

present in combination with chemometrics for online microbial inspection in raw and processed food products. 

It can be found compared to traditional methods, these techniques are environmental friendly, toxic-free, non-invasive 

and time-saving. In spite of the high initial invest in their equipment, it can be eventually economic for systematic 

samples analysis over years due to savings in time, staff, reagents and waste treatments.  

The results of studies encourage the use of introduced optical methods for the analysis of different food categories 

especially for microbial assessment. 
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