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Abstract   12 

Spatially offset Raman spectroscopy (SORS) technique was developed to overcome the 13 

problem with qualitative or quantitative analysis of materials through packaging. To achieve 14 

that, the instrument is configured so that the Raman scattered signal is collected at a spatially 15 

offset at some distance from the excitation laser spot on the sample. In this way, the Raman 16 

spectra are recovered from the sample's sub-surface, providing a characteristic fingerprint of 17 

the product that requires a suitable multivariate data analysis to obtain the desired information. 18 

Despite the great potential for the technique, SORS applications in the food and agriculture 19 

sector are scarce in the literature. This paper is a review of all the studies reported to date 20 

where SORS is applied to analyse different foods and beverages. All of them have presented 21 

interesting results that demonstrate the ability of SORS to carry out rapid and non-invasive 22 

through-the-container measurements and to ensure quality control and authentication of raw 23 

materials and end products. The reviewed studies include food analysis of animal and 24 

vegetable plant origin, through the surface of the food itself, as well as through the original 25 

packaging. Using the Raman spectra data, chemometric analyses were used to group, e.g., 26 

different varieties or species of the same type of potatoes, cuts of meat or alcoholic beverages, 27 

as well as to group them according to differences such as the state of ripeness of tomatoes, 28 

or the composition of fish, meat and potatoes, among others. There is a promising future for 29 

SORS in foodstuff analysis, so the technique must continue to be studied and evolve in order 30 

to obtain the appropriate methodology and instrumentation. In addition, the development of 31 

SORS portable instruments greatly facilitates the measurement operation and opens new 32 

opportunities for applications in the field or in industrial food processing premises. 33 

 34 

Key words   35 

Raman spectroscopy; sSpatially offset Raman spectroscopy (SORS); analysis through 36 

packaging; food characterization; quality control; analysis; beverage analysis; multivariate 37 

analysis.   38 
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1.  Introduction  39 

Raman spectroscopy is a vibrational spectroscopy technique based on photon-molecule 40 

interaction in the 4000-400 cm−1 region of the electromagnetic spectrum. Unlike the rest of the 41 

vibrational spectroscopy techniques, Raman is based on measuring the inelastic scattering 42 

fraction of the incident radiation emitted through its interaction with the vibrating molecules of 43 

the sample. Raman spectra can be recorded through accurate detection of inelastic collisions 44 

between incident monochromatic radiation and molecules of sample (Li-Chan, 1996). A 45 

Raman spectrum is presented as an intensity-versus-wavelength shift much like its infrared 46 

(IR) counterparts, although it is significantly simpler as combination and difference bands that 47 

are commonly observed in NIR and IR, are rare (Bumbrah & Sharma, 2016). Modern Fourier-48 

transform (FT) Raman spectrophotometers are essentially non-dispersive Raman equipment 49 

with a Michelson interferometer and continuous wave laser (e.g., Nd–YAGO). These 50 

instruments operate usually either in transmission or in backscattering mode depending on the 51 

position of the detector.  52 

 53 

Apart from being rapid, in situ, non-destructive and requiring minimal sample preparation, 54 

FT-Raman spectroscopy can be used in miniature configurations for on-site analysis via 55 

handheld or portable instruments in addition to standard benchtop spectrophotometers. The 56 

conventional backscattering Raman presents certain challenges relating to sensitivity, sample 57 

auto-fluorescence, working with heterogeneous samples and offsite measurement, i.e., ability 58 

to analyse samples through packaging materials. Raman is limited to clear surfaces such as 59 

glass and some plastics and is unable to conduct measurements through complex, thick or 60 

non-clear (opaque) containers (Barron, Hecht, McColl, & Blanch, 2004). Thus, a qualitative 61 

or quantitative analysis of a compound in a mixture through packaging is impossible with 62 

conventional FT-Raman. This is very relevant to applications such as in-pack inspection of 63 

food and agricultural products as well as in the pharmaceutical industry, where there is a need 64 

to detect various types of raw materials in a range of non-transparent sealed containers.  65 
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For such scenarios, the spatially offset Raman spectroscopy (SORS) technique was 66 

developed. In SORS, the instrument is configured so that the Raman scattered signal is 67 

collected at a spatially offset location situated at some distance from the excitation laser spot 68 

on the sample’s surface (Matousek et al., 2005). The Raman signal therefore contains layered 69 

subsurface information belonging to the sample bypassing the packaging material. The further 70 

away the point light source is some millimetres from the detector, and the deeper subsurface 71 

Raman scattering information can be obtained omitting the outer (i.e., container) layer 72 

spectrum (Qin et al., 2017). This is because the light had sufficient time to travel in the deep 73 

layers of the sample surface. When done correctly, a scaled subtraction of the excitation and 74 

collection (detector) site results in a clean subsurface spectrum indicative of just the sample in 75 

the container. Figure 1 graphically illustrates the operation of a SORS. The design of the fibre 76 

probes responsible of the offset spectral capture is important. The most common choice in 77 

experimental set-ups is the single optical fibre probe with a movement mechanism to achieve 78 

the necessary distance (Qin, Chao, & Kim, 2012). Fibre probe array and line-scan (Qin et al., 79 

2017; Wang, Ding, Lu, & Bi, 2014) have also been implemented. Other design considerations 80 

include the laser source (usually 785, 830 or 1064 nm) (Kiefer & Kiefer, 2020) and charge 81 

coupled devices (CCD) detector due to its high sensitivity. Apart from having more effective 82 

illumination, the SORS setup suppresses auto-fluorescence and thus, enables the analysis of 83 

a variety of samples (Olds et al., 2011).  84 

 85 

Figure 1 

 86 

The SORS technique was pioneered at the UK’s Rutherford Appleton Laboratory in by P. 87 

Matousek and initially used for biomedical and pharmaceutical applications. These include 88 

biomedical subsurface probing of bone tissues (Matousek et al., 2006), identification of 89 

common raw materials in a pharmaceutical industry in turbid liquids and culture media 90 

(Buckley & Matousek, 2011), opaque plastic containers (Bloomfied et al., 2013) and other 91 
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generic raw material screening (Eliasson & Matousek, 2007). The inverse SORS technique 92 

was developed from the same group to achieve higher sensitivity through interrogation of 93 

greater depths for identification of turbid media (Matousek, 2006). SORS was also used in the 94 

security industry for safe offset detection of liquid explosives (Eliasson, Macleod, & 95 

Matousek, 2007) and Illicit drugs (Buckley & Matousek, 2012). Very recently SORS was 96 

combined with surface-enhanced Raman spectroscopy (SERS) in a hyphenated technique 97 

dubbed surface enhanced spatially offset Raman spectroscopy (SESORS) which allows for 98 

very sensitive and selective detection of target analytes in the biomedical field (Moody et al., 99 

2020). 100 

Despite the great potential for the technique and the increasing need for such testing across 101 

the industry, SORS applications in the food and agriculture sector are scarce in the literature, 102 

as we discuss on this paper. There are not any scientific literature reviews focusing on the 103 

prospect of SORS for food and beverage safety and quality control. In addition to Qin's paper 104 

already mentioned (Qin et al., 2017), only one review has been published based on turbid 105 

sample analysis and mentions the food sector, among the many other areas (Matousek, 106 

2018). SORS was also cited in generic reviews about Raman in the food analysis and as part 107 

of a Raman imaging technologies (Yaseen, Sun, & Cheng, 2017). As demonstrated in this 108 

review, SORS can play an important role in the non-invasive testing in industrial quality control 109 

(QC) in the food supply chain, from the producing farm to the production floor and all the way 110 

to the food retailer, due to its ease of use, speed, non-invasive nature, and versatility. 111 

Particularly in the food production floor, SORS can be implemented as a portable and remote 112 

sensing device for raw material, mid-production, and end-product check for specifications 113 

compliance. The objective of this paper, therefore, is to review the work that has been done 114 

on SORS in food and agriculture analysis, to compare commercial and industrial equipment 115 

as well as lab-scale SORS implementations with regards to food and beverage with a focus 116 

on quality and safety. The review will also identify promising avenues for academic research 117 
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and discuss future deployment in the agri-food supply chain including some examples on how 118 

SORS could be used to streamline the current QC workflows in the industry.  119 

 120 

2.  SORS: equipment, acquisition and data analysis 121 

 122 

2.1.  Commercial and non-commercial equipment  123 

The technique was invented at the Central Laser Facility and quickly commercialised through 124 

a spinout company Cobalt Light Systems based in Oxford (UK). Agilent Technologies (Santa 125 

Clara, CA, USA) acquired the company in 2017 and now offers two portable systems, the 126 

RapID and Vaya system for regulation testing of raw materials for the pharmaceutical industry 127 

and the Resolve, for the identification of hazardous materials, explosives, and narcotics in the 128 

security industry. Agilent still offers the benchtop Insight 200M aimed for airport security. A few 129 

other companies managed to work around the SORS patent presenting instruments with 130 

slightly different configurations and identical mode of work, i.e., laterally offsetting the light 131 

source excitation point from the detector, such as the STRam manufactured by B&W 132 

Tek/Metrohm (Newark, DE, USA).  133 

As seen in Table 1 the first five instruments are based in SORS and are especially designed 134 

for through-package/barrier material inspection provided the upper layer (container wall) is not 135 

too thick (approximately 2-8 mm). The TruScan instrument (Thermo Scientific, Waltham, MA, 136 

USA), such like the IRRaman-mini (Ocean Optics, Largo, Florida, USA), works with 137 

conventional backscattering Raman spectroscopy and suitable only for limited through-138 

package measurements (see Table 1) and it is presented here for comparison purposes. The 139 

Agilent instruments have similar spectral and non-spectral characteristics, as they share the 140 

same configuration. Most of the instruments contain 780 nm laser source, suitable for generic 141 

food composition analysis. The new STR1064 is an interesting new product, potentially useful 142 

for specific food analysis as it operates in the more suitable 1064 nm laser excitation 143 
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wavelength, especially for oils and fats, because it suppresses auto-fluorescence of the 144 

triacylglycerol molecules. Among the portables (the Insight is a benchtop), the Resolve is the 145 

heaviest and it consist of a special floor unit and a corded handheld device. The measurements 146 

take from 5 to 30 sec according to the complexity of the packaging and the container 147 

compatibility with every instrument can be found in Table 1. Most common container materials 148 

do not pose a problem for SORS except metal, which is tackled only by the most capable 149 

Agilent Insight instrument.  150 

 151 

Table 1 

 152 

Recently, Mansouri et al. compared the quantitative performances of three commercially 153 

available handheld Raman spectroscopy devices (TruScan, IDRaman-mini and Resolve) in a 154 

series of qualitative and quantitative determinations common in the pharmaceutical industry 155 

(Mansouri et al., 2020). The comparative study showed that the SORS equipment (Resolve) 156 

outperformed the rest of the instruments based on standard backscattering Raman only when 157 

opaque containers were used. To note, any SORS equipment can also operate in 158 

backscattering mode by controlling the offset to zero. The offset can vary from 0.2 to up to 12 159 

mm and is controlled manually. 160 

Apart from the studies that used commercial equipment, many custom SORS implementations 161 

have appeared in the literature (Qin et al., 2012; Chao, Dhakal, Qin, Kim, & Peng, 2018; 162 

Lohumi, Lee, & Kim, 2018). These implementations are based on the original SORS design 163 

blueprint and use modified parts of a conventional Raman instrument. This was accelerated 164 

by the unavailability of the SORS equipment in the early days and presumably due to its higher 165 

cost. Figure 2 outlines the commercial handheld, commercial portable and homemade SORS 166 

equipment.  167 

 168 
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Figure 2 

 169 

2.2. Data analysis  170 

The spectral signal provided by the SORS instrument allows the application of the molecular 171 

spectral fingerprinting methodology. With that, the spectrum can be considered as an 172 

'instrumental fingerprint' which is distinctive for a certain product and contains enough 173 

information about it to be able to characterise and/or differentiate it unequivocally from another 174 

(Guo, Ryabchykov, Ali, Houhou, & Bocklitz, 2020; Jiménez-Carvelo, Martín-Torres, 175 

Cuadros-Rodríguez, & Gonzalez-Casado, 2021). The use of fingerprinting methodology 176 

implies resorting to advanced mathematical methods of data processing to extract useful 177 

information from a set of data, even if it does not appear in an evident or explicit way, such as 178 

chemometric or data mining methods. This capacity has opened a wide field of action in the 179 

area of food authentication and recently numerous scientific publications have appeared that 180 

include studies carried out with this objective (Esteki, Shahsavari & Simal-Gandara, 2018; 181 

Workman & Mark, 2020; Xu et al., 2020).  182 

Multivariate mining methods could be differentiated into two main focuses: curve resolution 183 

and pattern recognition. Multivariate curve resolution (MCR) aims to deconstruct complex data 184 

sets consisting of data subsets related to particular components (de Juan, Jaumot, & Tauler, 185 

2014). These methods are also called self-modelling mixture analysis (SMA). In turn, pattern 186 

recognition methods seek to identify specific variables within a data set responsible for a 187 

specific feature. They are divided into: (i) unsupervised methods of analysis, in which the model 188 

is built without considering the classes to which each of the samples belongs and its goal is to 189 

explore the natural grouping of the samples, among the most used are principal component 190 

analysis (PCA) or hierarchical cluster analysis (HCA); (ii) supervised methods in which the 191 

model is built knowing the class to which the samples belong (Geladi, & Linderholm, 2020). 192 

The supervised methods are divided further into qualitative, such as k-nearest neighbours 193 

(kNN), linear discriminant analysis (LDA), principal components-canonical variates analysis 194 
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(PC-CVA), also so-called principal components-discriminant function analysis (PC-DFA), 195 

partial least squares-discriminant analysis (PLS-DA) and orthogonal partial least squares-196 

discriminant analysis (OPLS-DA), support vector machine-classification (SVM-C) or random 197 

forest (RF) (Gromski et al., 2015; de Santana, Neto, & Poppi, 2019; Lussier, Thibault, 198 

Charron, Wallace, & Masson, 2020), and quantitative methods, such as partial least squares 199 

(PLS) or support vector machine (SVM).  Multivariate models built from spectra are linked with 200 

(i) type or class of the sample (e.g., type of vegetable oil) or (ii) with one or more chemical or 201 

physical parameters of the foodstuff. The prediction, therefore, if successful, can produce a 202 

result that is quite similar to the multi-parametric analysis, i.e., the comprehensive 203 

characterisation of the food by determining different physical-chemical parameters applying 204 

different analytical techniques or methods. In other words, the chemical analysis can be 205 

replaced by rapid a spectroscopic acquisition and prediction based on multivariate models.  206 

To scale the analysis up for real-time process control across a variety of food manufacturing 207 

processes, however, one important challenge is presented: most analytical methods described 208 

in the literature and commercial calibration models are based on data acquired by a single 209 

analytical instrument. This translates into models that are dependent on the spectroscopic 210 

instruments used for the data acquisition. The performance of those models with samples 211 

analysed by instrument from a different manufacturer is largely unknown and by experience 212 

unsuccessful. Working towards a global or universal model, more fundamental work is 213 

required. Therefore, for a model to work across a variety of scientific instruments from a range 214 

of manufacturers, it needs to be instrument-agnostic (Georgouli, Osorio, Martinez del 215 

Rincón, & Koidis, 2018).  216 

 217 

3.  SORS applications in food and beverage analysis  218 

The spectral information offered by SORS makes this technique a very interesting method to 219 

analyse different aspects of food and beverages, especially when through-packaging analysis 220 



10 / 33 

is required. This is particularly relevant to the authentication of products for quality assurance 221 

and QC. Also, it would be possible to assess the processing of food and beverages, using 222 

SORS for raw material control or process monitoring, before the final product is obtained, 223 

although this field seems to be unexplored for now. Moreover, there are other potential future 224 

applications where this method can be applied on the agri-food sector and discussed below.  225 

 226 

3.1.  Food and beverage quality  227 

Despite the early inception of the SORS technique (Matousek et al., 2005), the first time it 228 

was applied for foods or beverages analysis was not until 2011, when the feasibility of SORS 229 

to study the lycopene content during the different ripeness stages of tomatoes was proved with 230 

a homemade equipment (Qin, Chao, & Kim, 2011). This was achieved by comparing the 231 

resulting spectra of green tomatoes on a Teflon slab with lycopene and Teflon reference 232 

Raman spectra. In a follow-up study, the same investigation team used 160 tomatoes samples 233 

in seven maturity stages (Qin et al., 2012), concluding that using SORS it is possible to 234 

determinate the optimal harvest time of tomatoes. In more detail, they found that in the first 235 

two three maturity stages, the carotenoids can be characterised with good precision, 93.8%, 236 

based on the spectral information divergence (SID) between the obtained spectra and the 237 

lycopene reference spectra. It would be interesting to have applied a chemometric analysis to 238 

extract more information, necessary for the purpose of acquiring a direct mathematic model to 239 

describe the lycopene quantity at each maturity tomatoes stage as from SORS spectra. It 240 

should also be noted that using SORS they demonstrated the ability to recover the spectra of 241 

the Teflon slab through 5 and 10mm thickness of tomato samples.  242 

The same research group realized other studies using the same in-house SORS equipment 243 

(Qin et al., 2017; Qin et al., 2015). Firstly, they demonstrated that the laser was able of 244 

passing through up to 10mm of thickness of a butter sample, recovering the melamine powder 245 

spectrum positioned under the butter samples (melamine was used as an example of a food 246 

contaminant). This could be useful to detect some raw materials and contaminants in food 247 
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products. They then proved the ability of the laser to pass through a piece of plastic sheet from 248 

the original cane sugar container (1mm thick) and recover its spectrum, as well as melamine 249 

powder positioned under a carrot slice. In both, the chemometric analysis SMA achieved an 250 

effective individual separation and recovery of each subsurface component, but this 251 

comparison was purely qualitative and statistical quality parameters were not considered. 252 

Though In addition, these spectra were not as sharp as the reference spectra, so further 253 

research should be done in this field to achieve even better recovery or to find the optimal 254 

offset to be used according to the sample.  255 

Other fresh products such as fish and meat have also been analysed using SORS, which are 256 

considerably more sensitive and complex to study. Afseth et al. performed a quantitative 257 

characterisation of salmon through their own skin, both light and dark, using an inhouse 258 

equipment, as seen in table 2. The PCA denoted high correlations were achieved among 259 

samples regarding the estimation of the iodine content as an unsaturation index of fatty acids 260 

in salmon flesh (Afseth, Bloomfield, Wold, & Matousek, 2014). Specifically, R2 coefficient of 261 

0.98 and 0.9 were obtained in light and dark skin, respectively, when plotting the reference 262 

iodine values against principal component 2, which explained 20% of the variance in the data. 263 

It also observed dissimilarity related to the content of added carotenoids, with low 264 

concentrations being comparable to the amount that could be found in an actual sample. 265 

However, the number of samples was not sufficient and this possible application should be 266 

further investigated through mathematical fitting of multivariate models.  267 

Recently, other new results about the viability of this technique to analyse fresh fish have been 268 

reported, this time, using a commercial SORS handheld spectrometer (RapidID, Agilent). Four 269 

different species of fish were used to acquire spectral measurements in four different places 270 

in each sample. Results were compared to the conventional Raman spectroscopy, supporting 271 

that SORS provides more structural information on the internal biochemical composition of the 272 

samples. This was verified by PCA, where three components contributed more than 80% of 273 
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the explained variance between the four fish species, attributing it to differences in their 274 

composition (Landry, Torley, & Blanch, 2020).  275 

Also in 2018, Lohumi et al. tried to detect butter adulteration with margarine. Firstly, the 276 

optimum offset for both samples through two types of cover was selected. Afterwards, they 277 

established two PLSR models, based on SORS and conventional Raman spectral data, 278 

confirming the capacity of SORS to recover the spectra of the contents through the packaging 279 

using a proper offset, compared to conventional Raman. Indeed, the actual and predicted 280 

added margarine concentrations plot shows a R2 coefficient of 0.84 and 0.64 to 0.95 and 0.92 281 

respectively, for the two different covers studied. On the other hand, Tthe PCA of commercial 282 

samples demonstrated the applicability of the method, since with the optimal offset, the data 283 

were grouped according to the differences in the contents, and not by the container as is the 284 

case with 0 mm offset, with a correlation coefficient of R > 0.99 (Lohumi et al., 2018).  285 

The first application of handheld SORS equipment for food and beverage analysis has been 286 

found in 2017, specifically to research in the authenticity of spirit drinks using SORS. The 287 

potential of through-container SORS analysis was demonstrated for the detection of 288 

adulteration and counterfeiting of spirit drinks and especially Scotch whisky. Using homemade 289 

designs and in-house validation, the handheld SORS device enabled the detection of multiple 290 

chemical markers, including methanol, that are typically used in counterfeit alcoholic liquors, 291 

exhibiting the ability to detect methanol even at 0.025% (v/v) (Ellis et al., 2017). The 292 

chemometric analysis showed to be able to discriminate between the four types of drinks and 293 

even between four different types of whisky after measuring through clear glass vials.  294 

Spirit drinks authenticity detection and classification were performed again using SORS 295 

(Fleming, Chen, Bruce, & Dholakia, 2020) but this time it was a comparison to evaluate a 296 

new system, an axicon-based optical setup that is capable of significantly reducing signal 297 

noise. They conclude this technique is a better option than using SORS measurements 298 

because a weak background container signal is achieved with the minimal offset. PCA analysis 299 

revealed three principal components were enough to explain 99% of the variance of the data 300 
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obtained from 11 commercial beverages, measured through their original packaging. 301 

Nevertheless, further experiments should be performed with this new method to confirm its 302 

advantages over SORS in the particular application area.  303 

SORS was recently also used in meat analysis. Pour et al. used a RapidID (Cobalt/Agilent) 304 

handheld spectrometer to test the ability to detect certain compounds in a beef slice through 305 

plastic packaging with a 5mm offset. PC-DFA resulted in a correct separation of four groups, 306 

demonstrating the potential application for effectively detecting lactate, glycogen, glucose and 307 

cortisol in meat samples (Pour et al., 2019). Later in 2020, the same research team (Pour et 308 

al., 2020) used this equipment to test the difference between 6 different cuts of meat, obtaining 309 

84.4% of classification success using PC-DFA. However, there is some overlap between some 310 

of the groups, so it should be studied further with different samples and in more depth in order 311 

to be used for fraud detection.  312 

Morey et al. also used another Agilent handheld spectrometer to identify 9 potato varieties. 313 

The extensive chemometric analysis performed first revealed differences in spectra according 314 

to their nutrient content, being able to discriminate between different classes based on a low 315 

or high level of protein or carotenoids. In addition, the PLS-DA carried out showed the 316 

possibility to identify different varieties, some of them with almost 100% prediction, hence it 317 

would be useful for classifying potatoes at harvest time. The SORS spectra obtained were also 318 

able to identify the crop origin with more than 80% of success accuracy, since the varieties 319 

studied corresponded to two different locations (Morey et al., 2020).  320 

Table 2 includes all the papers mentioned above. They have all demonstrated a potential 321 

application of SORS for the characterisation, both qualitative and quantitative, of food and 322 

beverages. They cover different objectives, such as the detection of certain chemical 323 

compounds closely related to product quality or authenticity and obtaining high correlation 324 

coefficients (Lohumi et al., 2018), as well as differentiating or classifying different foods or 325 

beverages coming from the same group, with similar characteristics (Landry et al., 2020). 326 

Regarding quantitative characterisation, those that attempt to quantify chemical compounds of 327 
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interest, again in terms of food quality and safety, such as the detection of methanol in spirit 328 

drinks, stand out (Ellis et al., 2017).  329 

 330 

Table 2  

 331 

The results of these studies would not have been possible without the use of chemometrics to 332 

process the raw spectral data. Multivariate data analysis is essential for food and beverage 333 

research conducted using spectroscopic techniques (Xu et al., 2020), and SORS especially 334 

because the offset cannot always be configured on the ideal level to suit the depth of the 335 

packaging material and thus, overcome it successfully. In summary, the most widely used 336 

analyses in the studies mentioned so far are the unsupervised methods for studying the natural 337 

clustering of samples. 338 

 339 

3.2.  Others potential applications  340 

In recent years, there has been an increasing amount of research using SORS. The research 341 

we have seen so far shows the emerging potential for their use in food and drink. However, 342 

there are some that are strongly related to the agri-food sector, even if not directly to food.  343 

Using a 1064 nm laser, a new homemade SORS equipment with up to 3 mm offset has been 344 

developed to detect metanil yellow, a neurotoxic added to turmeric powder to achieve a 345 

brighter colour (Chao et al., 2018). The measurements were made through gelatine capsules 346 

layers. The effectiveness of SORS compared to backscattering Raman spectroscopy for these 347 

measurements is remarkable. Although they do not conclude what would be the optimal 348 

number of layers through which the spectrum of these compounds can be recovered, it could 349 

be a potential application to identify contaminants or adulterations also in condiments for food 350 

use.  351 
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Along the same lines, Li et al. recently tested the possibility of detecting several food additive 352 

components such as sodium benzoate and sodium nitrite, both packaged in Teflon, with 353 

SORS. Their technique is very promising and primed for further investigation, since they were 354 

able to distinguish the characteristic spectra of the two compounds in comparison with 355 

conventional Raman, where this is not possible through the packaging (Li et al., 2019).  356 

The assessing of authenticity of foodstuffs with a Protected Denomination of Origin (PDO) is 357 

another application which must be highlighted. Recently, Li Vigni et al. reported on a feasibility 358 

study to investigate this issue regarding the Italian Parmiggiano Reggiano cheese, using a 359 

portable Raman spectrometer to acquire Raman signals through a transparent plastic package 360 

(Li Vigni et al., 2020). Even though they did not use a SORS spectrometer, it would be an 361 

ideal use case for it, as they obtained some influence from the plastic spectrum, which could 362 

be easily avoided by using SORS. As they report in their paper, further research in needed to 363 

clarify the proposed methodology and enable its implementation.  In another study, the viability 364 

of SORS to estimate the thickness of subcutaneous fat in pork pieces measuring through the 365 

skin has been recently reported. The objective was not purely food analysis, but an 366 

extrapolation of local fat distribution in animals and humans. The ordinary least square (OLS) 367 

regression resulted in a decrease in slope when representing the relationship between Raman 368 

fatty acid intensity versus increased spatial offsets (Kang et al., 2020). Therefore, it would be 369 

possible to estimate the fat content of different meat cuts without damaging the sample, and 370 

thus, achieve a better control of labelling and nutritional statements of the fat content of these 371 

types of food. 372 

 373 

3.2.1.  Plants  374 

An interesting research line has also been found in the literature by the Sanchez et al. group. 375 

It is the detection of devastating diseases in certain food crops, such as legumes, citrus or 376 

tomatoes. In the different studies carried out, measurements were taken directly on the plant 377 

leaves, or on the seed in the case of legumes, with a portable Agilent Resolve spectrometer. 378 
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Here again, the need for multivariate data analysis is evident, since raw spectra are not 379 

sufficient to detect disease among healthy and diseased plants or seeds. The two models 380 

developed with a PLS-DA together are capable to discriminate healthy cowpea seeds from 381 

seeds infected with the insect Callosobruchus maculatus, as well as to discriminate whether it 382 

is in an early or a late stage of the disease (Sánchez, Farber, Lei, Zhu-Salzman, & Kurouski, 383 

2019).  384 

In addition, they were also able to detect the bacterial disease known as citrus greening in 385 

orange and grapefruit leaves. Some differences between one leaf and another were observed, 386 

concluding that is possible to diagnose the disease with greater sensitivity than with the 387 

techniques used to do so, such as qPCR (Sánchez, Pant, Xing, Mandadi, & Kurouski, 2019). 388 

They went further and analysed two other common diseases that cause significant economic 389 

losses in orange trees. The OPLS-DA carried out proved the ability to even discriminate 390 

between these three citrus tree diseases (Huanglongbing, blight and canker) (Sánchez, 391 

Shankar, Irey, Mandadi, & Kurouski, 2019). Lastly, they also tried to diagnose, the 392 

Liberibacter disease in tomatoes, which can also be found in potatoes. They infected tomato 393 

plants and were able to discriminate with a PLS-DA the two haplotypes of this disease (LsoA 394 

and LsoB) with a predictive percentage of 70% and almost 80%, respectively (Sánchez, 395 

Ermolenkov, Tang, Tamborindeguy, & Kurouski, 2020).  396 

Although these studies are not directly performed on foodstuffs, they are a promising avenue 397 

for the use of SORS in the analysis of food, as part of a food production control. Pests and 398 

diseases cause large economic losses in terms of crops, since they cause growth retardation 399 

of trees or even fruit not suitable for consumption. Early detection and diagnosis are therefore 400 

key to preventing this from happening on a large scale.  401 

 402 

4.  Final remarks and conclusions  403 
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This is the first review to date which analyses in detail the applications of SORS for food and 404 

beverage analysis and provides futures perspectives of this new and interesting technology in 405 

the agri-food sector. The number of papers found on this topic is quite low, especially if 406 

compared with the number of SORS studies reported in other fields, such as the 407 

pharmaceutical or medical field, where applications are well developed where SORS was even 408 

used in conjunction with SERS to achieve superior results. This is because the technique is 409 

still novel and little known, which hinders its application in other fields, as in this case, food 410 

analysis. 411 

Most of the articles focus mainly on the method validation for the food or drink analysed and 412 

on the development of a suitable mathematical model to achieve predictions. Nevertheless, 413 

we strongly believe that there is still much room for further studies and involvement of more 414 

convincing applications where the subsurface measurement is arguably needed. As multi-415 

layered and complex materials, foodstuffs are ideal use cases for these types of 416 

measurements. It should also be noted that there are no available databases of Raman (SORS 417 

or conventional) spectra of all chemical compounds that may be present in food, which may 418 

sometimes hinder the validity of the detection. More studies are needed in this area to be able 419 

to arrive at a unification of knowledge, and not only with regards to acquiring spectral 420 

measurements or performing subsequent chemometric analysis, but also the equipment with 421 

which to carry out these measurements. Even so, there are indisputable advantages offered 422 

by SORS in the field of food analysis, compared to conventional Raman, due to the possibility 423 

of taking non-invasive subsurface measurements directly and quickly.  The interaction with 424 

other techniques can be expected. For example, in combination with SERS, SORS can be 425 

applied (SESORS) for offset contaminant analysis on the same way that now SERS in valuable 426 

in magnifying the signal to achieve better resolution in standard measurements.  427 

This would enable much easier quality and food safety control, both at agri-production level 428 

and once on the market. In an era when the analysis of large data is booming, it would be a 429 
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good idea to continue researching this field to establish new and simpler methods than those 430 

established for food analysis.  431 

In summary, SORS is a very promising technique for intuitive use in food safety and quality 432 

control, both at the agro-production level, in the factory and at retail. SORS wider adoption is 433 

an exercise of conducting enough studies to gather initial evidence of its suitability and 434 

demonstrating the optimal instrumentation and methodology to enable quantitative or 435 

qualitative measurements in food matrices with enough confidence. In an era when the 436 

analysis of large data is booming, it would be essential a good idea to continue researching 437 

this field to establish new and simpler methods than those currently established for food 438 

analysis. 439 
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Table 1. Comparison of SORS offset non-invasive Raman spectroscopy commercial equipment  451 

 452 

 Resolve Rapid ID Vaya Insight STRam 785/1064 TruScan 

Technology SORS SORS SORS SORS Similar to SORS Raman 

Manufacturer Agilent (Cobalt) Agilent Agilent Agilent B&W Tek (Metrohm) Thermo Fisher 

Industry target Security Pharma Pharma Security Multiple Pharma, biotech 

Type handheld portable handheld benchtop portable handheld 

Spectral range (cm-1) 735-1540 735-1540 735-1540 735-1540 150-2800 / 100-2500 250 -2875 

Resolution (cm–1) ~3 TBC TBC TBC <6 / <10 8 -10.5 

Laser wavelength (nm) 830* 830* 830* 830* 785 /1064 785 

Detector CCD (cooled) CCD (cooled) CCD (cooled) CCD CCD / InGasAs n/a 

Types of containers  

Plastic (clear, opaque, coloured)  OK OK OK OK OK (only clear) 

Glass (clear coloured frosted)  OK OK OK OK OK (only clear) 

Paper (multi-layer, cardboard)  OK OK OK OK OK –– 

Metal (foil, aerosols) –– –– –– OK –– –– 

Fabric (sacks, amd bags) meta OK OK OK OK –– 

 * Technology very similar to SORS but called differently to intellectual property of the SORS.   

* Not supplied, assumed from literature to be as stated.  

  453 
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Table 2. Overview of articles using SORS for food and beverage analysis 454 

 455 

Samples 
Qualitative / Quantitative 

characterization 
SORS equipment 

Multivariate 

analysis* 
Reference 

Tomato through pericarp Qualitative 
Homemade (CCD, spectrometer, 

785 nm laser module, fibre optic) 
SMA 

Qin et al., 2011 

Qin et al., 2012 

Salmon through the skin Qualitative & Quantitative 
Homemade (CCD, spectrograph, 

830nm laser, fibre bundle) 
PCA Afseth et al., 2014 

Melamine through butter Qualitative 
Homemade (CCD, spectrometer, 

785 nm laser module, fibre optic) 
SMA Qin et al., 2015 

Sugar through packaging 

Melamine through carrot 
Qualitative 

Homemade (CCD, spectrometer, 

785 nm laser module, fibre optic) 
SMA Qin et al., 2017 

Spirit drinks through packaging Qualitative Resolve (Cobalt, later Agilent) HCA, PCA, DFA Ellis et al., 2017 

Butter and margarine through 

packaging 
Qualitative & Quantitative 

Homemade (CCD, spectrometer, 

785 nm laser-line, fibre optic) 
PLSR, PCA Lohumi et al., 2018 

Beef through plastic packaging  Qualitative RapidID (Cobalt) PC-DFA Pour et al., 2019 

Different cuts of meat through skin 

or packaging 
Qualitative RapidID (Cobalt) PC-DFA Pour et al., 2020 

Spirit drinks through the bottle Qualitative 
Homemade (CCD, spectrometer, 

785 nm laser line, fibre optic) 
PCA Fleming et al., 2020 

Potatoes through the skin Qualitative Resolve (Agilent) PLS-DA, ANOVA Morey et al., 2020 

Different fish through the skin Qualitative & Semi-quantitative RapidID (Agilent) PCA Landry et al., 2020 

* ANOVA: Analysis of variance, DFA: Discriminant function analysis, HCA: Hierarchical cluster analysis, PCA: Principal components analysis, PC-DFA: Principal components-

discriminant function analysis, PLS-DA: Partial least squares-discriminant analysis, PLSR: Partial least squares regression, SMA: Self-modelling mixture analysis.  
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Figure captions 457 

 458 

Figure 1.  Scheme showing the different operation of the conventional Raman spectroscopy 459 

and spatially offset Raman spectroscopy (SORS).  460 

 461 

Figure 2.  Simple outline of the three types of SORS equipment commonly used: (a) 462 

commercial handheld portable; (b) commercial portable handheld; (c) homemade.  463 

 464 
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