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ABSTRACT 17 

Background: Increasing consumer demands for more information about the food we eat, in combination 18 

with a greater incidence of sophisticated food fraud cases, has resulted in the development and 19 

application of rapid, non-targeted and cost effective analytical methods. Vibrational spectroscopy 20 

equipment has evolved from bulky benchtop instruments to miniaturised sensors that have the capability 21 

of sensitive, real-time and on-site monitoring of food constituents. This has been driven by advances in 22 

semi-conductor and photonic technologies, and resulted in a plethora of commercialised, portable and 23 

handheld devices that can be used at various control points in food supply chains.  24 

Scope and approach: In this review, the recent technological advances in spectroscopic devices are 25 

explored and the development of commercially available devices for food authenticity analysis is 26 

discussed. Finally, the key challenges and potential of the integration of rapid analysis into digital 27 

traceability systems for food chain actors are outlined. 28 

Key findings and conclusions: Within the last five years there has been an increase in the development 29 

of methods utilising handheld and portable spectroscopy devices, in combination with chemometric 30 

analysis, for food authenticity and traceability verification. Full connectivity of food chains between 31 

growers, processors and retailers, validated by rapid and frequent analysis, has the potential to ensure 32 

food traceability in a systematic and cost-effective way. However, more focus is needed in this area to 33 

overcome current challenges.  34 
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1. Introduction 40 

 41 

Traceability of food products throughout the supply chain has become an integral part of ensuring the 42 

quality, safety and authenticity of the food we consume. The enormity of the task is exacerbated when 43 

one considers the complexity of global food supply chains, merged with the need to ensure food security 44 

to an ever-increasing global population. The effects of climate change, such as extreme weather 45 

conditions and increased levels of carbon dioxide, have placed additional pressures on food security, 46 

demonstrating the potentially long-term negative impacts it could have on food supply chains (Beer, 47 

2018). Furthermore, the current COVID-19 pandemic has led to supply chain disruptions caused by 48 

trade restrictions and labour shortages. This not only has the potential to lead to food price instability, 49 

but also limits access to nutritious food from a stable supply chain. The integrity of supply chains has 50 

also been compromised by a reduction in the level of surveillance due to COVID-19 pressures arising 51 

from community lockdowns, social distancing requirements and low control/ enforcement staff 52 

numbers due to self-isolation (Laborde et al., 2020).  53 

The global and often lengthy nature of food supply chains has initiated a myriad of research into food 54 

fraud, highlighted by the 2013 horsemeat scandal (European Commission, 2013) and more recently, the 55 

detention of two horsemeat shipments destined for EU markets (EU Rapid Alert System for Food and 56 

Feed, 2020). This highlights the volatility and vulnerability within the food supply chains and the need 57 

for increased surveillance measures throughout. Due to other high profile food fraud cases, such as the 58 

milk-melamine crisis (FAO, 2008), consumer perceptions have changed, and as such, there are 59 

increasing demands for more information about the food we are consuming. This has placed additional 60 

pressures on Food Business Operators (FBO’s) to provide better transparency throughout their food 61 

supply chains. For an in-depth discussion of food fraud, authenticity and traceability, the following 62 

literature is recommended (Galvin-King et al., 2018; Robson et al., 2021; Spink & Moyer, 2011).  63 

The analytical methods used to validate fraud management systems and ensure food integrity are based 64 

on targeted and non-targeted approaches that focus on the molecular fingerprint, DNA, electrochemical, 65 

elemental or isotropic profile of a food material (Fig. 1). For an in-depth discussion of the analytical 66 

approaches in regards to their application to food authenticity analysis, the reader is directed to the cited 67 

articles  (Black et al., 2016, 2019; Buratti et al., 2018; Camin et al., 2016, 2017; Esteki et al., 2018; Gan 68 



et al., 2016; Gao et al., 2019; Wielogorska et al., 2018). It is evident from a review of current analytical 69 

approaches for food authenticity analysis and traceability verification, there is no one size fits all 70 

methodology. The general challenges associated with the aforementioned methods are: high cost per 71 

sample; considering the cost of equipment and reagents, ease-of-use; skilled personnel are required for 72 

analysis and data interpretation, analysis time; methods require lengthy extraction and incubation steps, 73 

method portability; application to on-line/ on-site analysis and sample preparation; can involve complex 74 

procedures with hazardous solvents, resulting in sample destruction. Promising technological 75 

advancements have been made in the area of spectroscopic hardware, which are conducive to 76 

overcoming the current issues associated with food authenticity analysis and traceability verification. 77 

Thus, considerable research has been conducted in the area, which has resulted in the commercialisation 78 

of handheld and portable devices. These devices demonstrate ease-of-use, low cost, high-throughput, 79 

ruggedness, applicability to on-site/ on-line analysis and compatibility with cloud storage for instant 80 

material analysis.  81 

 82 

 83 

Fig. 1. An overview of the main analytical approaches used in food authenticity analysis 84 

 85 

In light of this, the aim of this study is to review the application of handheld and portable spectroscopy-86 

based devices, for the determination of food authenticity monitoring and traceability verification. 87 

Focusing first on the advancements in semiconductor and photonic technology, which affords many of 88 

the advantages mentioned previously, and looking forward to the integration of such devices into 89 

digitalisation platforms and its associated challenges. It is anticipated that these findings will shed light 90 



on commercially available spectroscopic devices, which have the potential to be integrated at various 91 

stages of the food supply chain, allowing for complete and connected control, from the farmer/ grower 92 

to the consumer.   93 

 94 

2. Advances in semiconductor and photonic technology and application of commercial devices in food 95 

authenticity analysis  96 

This section will discuss the advances in semi-conductor and photonic technologies that have been 97 

incorporated into handheld and portable spectroscopic devices. Commercially available spectroscopic 98 

techniques for the rapid, on-site analysis of food for authenticity issues are reviewed. An overview of 99 

some recent applications is available in Table 1, and the most regularly cited devices are shown in Fig. 100 

2.  101 

 102 

2.1.  Near-infrared Spectroscopy 103 

Portable and handheld Near-infrared spectroscopy (NIRS) design has incorporated various 104 

technological developments, resulting in a large number of commercially available products on the 105 

market today. The light source, wavelength selection techniques and detector choice all play a pivotal 106 

role in the size, cost and performance of available NIRS devices. The tungsten halogen light bulb is 107 

reliable, inexpensive and provides a stable output once the thermal equilibrium has been reached. 108 

However, there are issues with thermal stability and power efficiency (Crocombe, 2018). Light Emitting 109 

Diodes (LEDs) have also been incorporated into portable NIRS devices due to their low cost, low power 110 

consumption, robustness and low voltage requirements for operation. LEDs are limited in their narrow 111 

emission bandwidth, meaning that availability of LEDs emitting in the NIR region are minimal. 112 

However, sources covering the Visible (Vis) and Shortwave (SW)-NIR region are available (Zampetti 113 

et al., 2019). Wavelength selection techniques are borne out of developments in micro-electro-114 

mechanical systems (MEMS), or, when in combination with micro-optics, micro-opto-electro-115 

mechanical systems (MOEMS), enabling the construction of micro-scaled, complex, mechanical 116 

devices. Wavelength selectors include, linear variable filter (LVF), Hadamard and digital micromirror 117 

device (DMD). These types of wavelength selectors eliminate the need for moving parts and dictate the 118 

type of detector required, subsequently influencing the overall cost (Beć et al., 2020). For example, 119 

devices that incorporate the Hadamard transformation, allow for the use of single-pixel photo detectors, 120 

which are more cost effective in comparison to array detectors.  121 

The most commonly employed detectors are photovoltaic Silicon (Si) diodes, which are useful for 122 

compact and inexpensive spectrometers, operating in the Vis and SW-NIR regions. These detectors 123 



have benefited from advances in complementary metal–oxide–semiconductor (CMOS) technology, 124 

which is now on par with charged-coupled devices, mainly due to developments in smartphone and 125 

camera technology (McGonigle et al., 2018). The wavelength range of the detector is between 700 – 126 

1100 nm.  However, such detectors have a poor signal to noise ratio (S/N) (Kaufman, 2010). Another 127 

popular choice is the Indium gallium arsenide (InGaAs) photodetector, which has improved S/N over 128 

Si diode detectors and a greater wavelength range (900 – 1700 nm). InGaAs detectors also have a rapid 129 

response time, good quantum efficiency and have a low dark current at a given sensor area, resulting in 130 

a short scan time and good S/N (Mishra et al., 2021). Extended InGaAs detectors are available for longer 131 

wavelengths (up to 2600 nm), however these are limited by their lower S/N and cooling requirement 132 

(Yoon et al., 2006).  133 

Due to the combination of miniaturisation and lower cost, portable and handheld NIR spectroscopy 134 

have become the most commercially developed and utilised platforms in food authenticity and 135 

traceability analysis. NIRS devices have been utilised in a wide variety of food authenticity studies, 136 

ranging from geographical origin, speciation determination and adulteration (Table 1). These methods 137 

demonstrate good predictive and classification capabilities, when utilised with chemometric analysis. 138 

The vast majority of developed methods focus on meat authentication. Dumalisile et al. (2020) 139 

developed a method for the discrimination of muscle meat type for ostrich, resulting in 85 – 100% 140 

correct classification (Dumalisile et al., 2020a). The research used the Viavi MicroNIR Pro 1700 (Fig. 141 

2A) which incorporates an InGaAs photodiode array detector, linear variable filter (LVF) technology 142 

as the dispersing element, light source, collection optics, and electronics in a handheld, lightweight 143 

housing (50 (D) x 45 (H) mm and 64 g). These features have made the device one of the most widely 144 

used in food authenticity analysis. Edwards et al. (2020) conducted a similar study that focused on game 145 

meat speciation using the Viavi MicroNIR Pro 1700 (Edwards et al., 2020). Using PLS discriminant 146 

analysis, the method was capable of correctly classifying ostrich, springbok and zebra samples at 89.8 147 

– 93.2% accuracy. Furthermore, the researchers demonstrated 90 – 100% correct classification between 148 

fresh and previously frozen meat. The Viavi Micro NIR Pro 1700 has also been used to develop an 149 

approach for the authentication of Iberian pig carcasses (Pérez-Marín et al., 2021). The method assessed 150 

four discriminant analysis approaches, with linear discriminant analysis (LDA) resulting in the highest 151 

correct classification rate (93.5%). Parastar et al. (2020) also assessed chicken meat welfare standards, 152 

i.e. conventional, free-range, organic etc., using the Viavi MicroNIR Pro 1700 (Parastar et al., 2020). 153 

The method was able to classify the welfare standards of the chicken samples with 95% accuracy. 154 

Another method developed for the quantification of beef, pork and chicken using the Viavi MicroNIR 155 

Pro 1700 resulted in a coefficient of determination of validation (R2val) of 0.93 (Silva et al., 2020). The 156 

study focused on binary blends (beef and pork or beef and chicken or pork and chicken) and a tertiary 157 

blend (beef and pork and chicken), demonstrating adequate performance for the beef binary blends and 158 

the tertiary blend. Interestingly, the analytical performance was poor for the determination of the pork 159 



and chicken blend. This was attributed to the narrow wavelength range of the device (950 – 1650 nm), 160 

which limits the information provided through spectral analysis. The Viavi MicroNIR Pro 1700 has 161 

also been used for the determination of adulteration of palm oil with lard (Basri et al., 2018). The 162 

validated method had a R2val of 0.99, for all of the adulterants. 163 

Schmutzler and co-workers developed a method to detect pork meat adulteration in veal products 164 

(Schmutzler et al., 2015). The method utilised the Thermo Fisher Scientific microPHAZIR, which 165 

incorporates a MEMS Hadamard mask, single InGaAs photodetector and tungsten light source. The 166 

wavelength range is towards the end of the NIR spectrum, between 1600 – 2400 nm. The device is 167 

slightly larger than other commercially available NIRS instruments (1.24 Kg), however the device 168 

houses a battery with a 5-hour life for portable use. The developed method utilised support vector 169 

machines (SVM) classification and validation, resulting in a 75 – 91.7% correct classification with 10 170 

– 50% pork adulteration of veal product. Wiedemair et al.  also used the microPHAZIR device for the 171 

detection of meat fraud (Wiedemair et al., 2018). The method resulted in 75% - 100% correct 172 

classification accuracy of whole or minced pieces of chicken, pork, turkey, beef and mutton meat, 173 

against horsemeat. The Texas Instruments DLP NIRscan Nano has also been used to develop an 174 

approach for the classification of chicken meat parts, i.e. breasts, thighs and drumsticks (Nolasco Perez 175 

et al., 2018). The device features a digital micromirror device (DMD), a diffraction grating component 176 

and a single element detector, resulting in a high resolution, low power, miniaturised (58 (d) x 62 (w) 177 

x 36 (h) mm) device. The wavelength range (900 – 1700 nm) of the device is similar to the Viavi 178 

MicroNIR Pro 1700. The validated method correctly classified 97% of non-minced samples and 73% 179 

of minced chicken samples, with a view to utilising the device online during processing and post 180 

processing of retail samples.    181 

The development of a rapid method to authenticate olive oil has been another major focus of research 182 

utilising commercial portable/ handheld NIRS devices. Borghi et al.  used the Viavi MicroNIR Pro 1700 183 

to develop a method for the classification of soybean, corn, sunflower and canola oil in extra virgin 184 

olive oil (EVOO), using binary blends (Borghi et al., 2020). PLS models were developed and validated, 185 

demonstrating a 100% accuracy in classifying the samples. The results were in excellent agreement 186 

with the physiochemical data obtained from acidity, peroxide index and ultraviolet absorbance 187 

measurements. A similar study was conducted by Karunathilaka et al. which focused on ten potential 188 

adulterants of EVOO, including nine vegetable oils and a palm olein product (Karunathilaka et al., 189 

2017). Binary mixtures of the oils were prepared and assessed using the Thermo Fisher Scientific 190 

microPHAZIR. Using principal component analysis, 60% of the samples were correctly classified. This 191 

is much lower than the method developed by Borghi and co workers. However, an explanation may be 192 

the differences in the wavelength ranges of the two devices used, the shortwave of the Viavi MicroNIR 193 

(950 – 1650 nm, as opposed to the microPHAZIR 1600 – 2400 nm) device may provide more 194 

information in regards the saturation of fatty acid in the oils (Borghi et al., 2020). This coincides with 195 



findings from Yan et al. who developed a method for the determination of  EVOO from lower grade 196 

oils, such as refined and pomace olive oil, using the Viavi MicroNIR. By means of one-class SVM and 197 

k-nearest neighbour (kNN), the accuracy of the method was 88 – 100%, with the kNN algorithm 198 

performing slightly better than SVM in terms of correct classification rate (Yan et al., 2019).  199 

The adulteration of milk features frequently in the literature. Liu et al. utilised the Viavi MicroNIR to 200 

develop a portable method for the determination of organic and conventionally produced milk (Liu et 201 

al., 2018). The method resulted in an 81 – 98% correct classification rate, with green ‘pasture’ milks 202 

demonstrating a lower accuracy due to close similarities with the organic milk samples. Another 203 

portable NIRS method developed for organic milk authentication used the Consumer Physics SCiO 204 

device (van Ruth & Liu, 2019) (Fig. 2B). The SCiO device has a silicon photodiode array detector, 205 

LED light source and bandpass filter wavelength selector. These features make for a small and 206 

lightweight design (27.5 (L) x 9.5 (W) x 3.15 (H) mm, 35 g), with compromises made in terms of the 207 

narrow wavelength range (740 – 1070 nm). The method developed by Ruth and Liu resulted in 89% 208 

correct classification of organic milk and 80% correct classification of conventionally produced milk 209 

using PLS-DA (van Ruth & Liu, 2019). The cost effectiveness and ease-of-use of the SCiO device 210 

makes it a popular choice in scientific research and personal sensor technology. A final approach for 211 

the detection of milk authenticity incorporated the Thermo Fisher Scientific microPHAZIR (Fig. 2C) 212 

in combination with partial least squares regression (PLS-R) modelling (Santos et al., 2013). The 213 

research focused on the detection of bovine milk adulterated with tap water, whey, hydrogen peroxide, 214 

synthetic urine, urea and synthetic milk. The R2val was 0.92 for all of the adulterants. 215 

Several of the reviewed studies concentrate on the adulteration of palm oil using three different portable 216 

NIRS devices. Two of these studies focus on the adulteration of palm oil with Sudan dyes. MacArthur 217 

et al.  utilised the Consumer Physics SCiO device, in combination with PLS-R chemometric analysis, 218 

resulting in the best model performance (MacArthur et al., 2020). The model accuracy was 97% for 219 

palm oil adulterated with between 0.002% and 1.0% Sudan IV dye. A similar study was conducted by 220 

Teye et al. using the IRIS Visum Palm NIR. This device incorporates an InGaAs photodiode array with 221 

a spectral range of between 900 – 1700 nm (Teye, Elliott, et al., 2019). The portable device has a built-222 

in touch screen, and as such is bulkier than other devices previously described (1.8 Kg weight). In this 223 

case, Sudan I – IV adulterated palm oil was assessed, resulting in a 95.2% correct classification rate.  224 

The authentication of rice varieties and grade/ quality has also been demonstrated among the developed 225 

NIRS handheld and portable methods. Teye and co-workers used the SCiO device to develop a method 226 

to determine the origin and quality grade of rice (Teye, Amuah, et al., 2019). kNN algorithm provided 227 

the best classification rate of 90.6% for origin determination of local rice and 91.8% for rice quality 228 

grade. In a similar study, McGrath et al. also used the SCiO device to develop a rapid approach for the 229 

determination of rice variety, origin and grade (McGrath et al., 2020). The method resulted in 90 – 230 



100% correct identification of rice, based on origin, variety or grade. Another study focused solely on 231 

the differentiation of rice varieties, using the Viavi MicroNIR (Hao et al., 2019). The best classification 232 

accuracy was achieved with a SVM model, which was able to determine the variety of 98.3% of the 233 

rice samples.  234 

Guelpa et al. developed two methods using the Viavi MicroNIR and the Ocean Insight NIRQuest, for 235 

the verification of South African honey authenticity (Guelpa et al., 2017). The NIRQuest has an InGaAs 236 

photodiode array detector, covering the spectral range of 860 – 2500 nm, 182 (L) x 110 (W) x 47 (H) 237 

mm size and 1.18 Kg. In comparison to the Viavi MicroNIR, the NIRQuest is bigger in size, considered 238 

‘portable’, and has an extended wavelength range. The study focused on the identification of honey of 239 

other geographical origins, but also the detection of glucose, fructose and imported honey adulteration 240 

at low concentrations. Using PLS algorithm, the MicroNIR was able to classify 90% of the samples 241 

correctly and the NIRQuest had a classification accuracy of 94.1%. This improvement in classification 242 

capabilities between the two instruments is possibly due to the extended wavelength range of the 243 

NIRQuest device.  244 

The geographical origin of cocoa beans has also been assessed using the Tellspec NIR Spectrometer 245 

(Anyidoho et al., 2020). The NIR Spectrometer from Tellspec features an In GaAs (uncooled) detector, 246 

built-in battery, and smart phone connectivity capabilities. It is handheld (82.2 (L) x 66 (W) x 45 mm 247 

(H)) and weighs only 136 g. The spectral range of the device covers 900 – 1700 nm. Cocoa beans were 248 

collected from different regions in Ghana, as well as several other African countries. 100% correct 249 

classification rate was achieved. 250 

Aykas & Menevseoglu developed a NIRS approach for the determination of green pea and peanut 251 

adulteration in pistachio (Aykas & Menevseoglu, 2021). The method utilised the Si-Ware Systems 252 

NeoSpectra Micro that incorporates a single chip Michelson interferometer with monolithic Opto-253 

electro-mechanical structure, a single InGaAs detector and halogen light source. Its small size (20 (H) 254 

x 30 (L) x 30 mm (W)) and weight (17 g) makes it conducive to onsite analysis. Spectral data was 255 

acquired in the wavelength range 1350 – 2500 nm and a R2val of 0.99 was determined for all of the 256 

adulterants. The NeoSpectra Micro has also been used for the determination of oregano authenticity 257 

(McVey et al., 2021). The method focused on the potential adulterants of oregano (cistus, sumac, myrtle 258 

and olive leaf), resulting in a method with 97.5% accuracy in detecting the adulterant samples and 93% 259 

correct prediction rate for authentic oregano samples. Rukundo and co-workers focused on the 260 

development of a portable method for the detection of metanil yellow in turmeric powder (Rukundo et 261 

al., 2020). The study used the Malvern Panalytical ASD QualitySpec Trek, which is a full-range NIR 262 

reflective diffraction spectrometer with a twin, single-element SW-IR detector, utilising an InGaAs 263 

detector. The wavelength range of the device covers 360 – 2500 nm and is considered handheld in size 264 



(310 (L) x 100 (W) x 300 (H) mm and 2.5 Kg weight). The development and validation of PLS-R 265 

models resulted in a R2val of 0.99.  266 

McVey et al. compared the performance of two NIRS devices, the portable Ocean Insight Flame-NIR 267 

and the handheld SCiO, against benchtop instrumentation (Thermo Fisher iS50) for the determination 268 

of coriander seed authenticity (McVey et al., 2021). The Ocean Insight Flame-NIR utilises an uncooled 269 

InGaAs detector and operates in the shortwave NIR from 970 - 1700 nm. The results demonstrated good 270 

screening potential of both the handheld and portable device when compared to its benchtop 271 

counterpart. The best models resulted in correct predictions of 100% for adulterated samples (salt, starch 272 

and sawdust adulterated) using either device and 98.5% and 95.6% for authentic coriander samples 273 

using spectra from the Flame-NIR and SCiO, respectively. 100% correct prediction for authentic 274 

coriander seed samples and adulterated samples were determined for the benchtop iS50. 275 

The Viavi MicroNIR has been used by Correia et al. to develop a method for the detection of Robusta 276 

coffee at differing roasting levels in Arabica coffee (Correia et al., 2018). The study also looked at the 277 

adulteration of Arabica coffee with corn, peels and sticks. The method had a R2val of between 0.96 and 278 

0.99 for Arabica adulterated with Robusta coffee over the varying roasting levels, and a R2val of 0.98 279 

and 0.86 for corn and peels and sticks adulteration of Arabica coffee, respectively.  Grassi et al.  also 280 

used the Viavi MicroNIR On-Site for the authenticity of fish and patties (Grassi et al., 2018). The On-281 

Site device has a similar technical specification to the Pro 1700, however it is integrated into a more 282 

robust and functional design for on-site testing. 100% correct classification was determined using 283 

Linear Discriminant Analysis (LDA) for the authentication of fish fillets and patties of Gadus morhua 284 

and Melanogrammus aeglefinus.   285 

 286 

2.2.  Mid-infrared Spectroscopy 287 

Portable and handheld systems operating in the Mid-infrared (MIR) range are limited in terms of size, 288 

performance, and cost, mainly due to the challenges associated with moving parts and quantum-type 289 

pyroelectric detectors that require cooling to reduce thermal noise (Hamamatsu Photonics, 2011).   290 

Detectors widely incorporated into portable MIR spectroscopic devices include the deuterated 291 

lanthanum α-alanine doped triglycine sulphate (DLaTGS) detectors and thermoelectrically cooled 292 

mercury-cadmium-telluride (MCT) detectors.  Only a few portable Fourier-Transformed (FT)-MIR 293 

devices are available commercially and these incorporate Michelson interferometers (Agilent Cary 630; 294 

Agilent 4500; Agilent 5500; PerkinElmer Spectrum; ThermoFisher Scientific TruDefender; Arcoptix 295 

Rocket). Several new approaches have been suggested to further miniaturise FT-MIR devices; these 296 

include the generation of narrow spectral ranges, elimination of moving parts and removal of the need 297 

for cooling. These novel approaches take advantage of Michelson interferometers, incorporating 298 

gratings made up of thin films of pyroelectric lead zirconate titanate (PZT) (Rodriguez-Saona et al., 299 



2020) or advances in micromechanical Fabry–Perot interferometry (Antila et al., 2010). Recently, bright 300 

laser diodes have proven advantageous in the design of miniaturised MIR spectroscopic devices, 301 

demonstrating lower limits of detection based on their tenability across several spectral windows (Du 302 

et al., 2019).  303 

MIRS has advantages over NIRS; MIRS provides information on the functional groups of organic 304 

materials, therefore spectral data can be used to identify and characterise their structure. Furthermore, 305 

mixtures are additive in the MIR spectra, therefore the absorption bands of individual mixtures can be 306 

isolated and quantified based on their absorption strength. Agilent MIRS devices have proven to be the 307 

popular choice when it comes to food authenticity testing (Table 1). The Agilent Cary 630 portable 308 

ATR FT-MIR instrument (Fig. 2D) has been used in several published methods demonstrating good 309 

applicability in the area. The Cary 630 instrument is a modular design and compact in size (200 x 200 310 

mm), weighing 3.6 Kg. The instrument consists of a high-throughput Michelson interferometer with 311 

fixed and moving flat mirrors, wired-wound element as the infrared source and a thermoelectrically-312 

cooled dTGS detector. Spectral data is collected in the 2500 – 15,384 nm wavelength range. A limitation 313 

of this instrument in comparison to some of the previously mentioned NIRS devices is the need for 314 

computer connectivity and connection to an external power supply. Nevertheless, several methods have 315 

been developed for food authenticity analysis.  Pujolras et al. developed a method to differentiate 316 

organic and non-organic butter. Using a PCA model, the classification accuracy was 100% (Plans 317 

Pujolras et al., 2015).  318 

The Cary 630 was also used to develop a method for the detection of indigenous flours, including 319 

Quinoa, Amaranth and Kaniwa (Shotts et al., 2018). The best method had a R2val of 0.98. Santos and 320 

co-workers (2013) also used the Cary 630 to develop a portable method for the adulteration of milk 321 

with water, whey, synthetic milk, synthetic urine, urea and hydrogen peroxide (Santos et al., 2013). 322 

PLS-R was used to determine adulteration levels, and the results demonstrated a R2val of 0.98, for all 323 

of the adulterants. The same method was also developed using the Agilent 4200 FlexScan FTIR 324 

(discontinued March 2017). The device is small in size (140 (L) x 108 (W) x 83 mm (H)), lightweight 325 

(3.2 Kg) and has an in-built, rechargeable lithium ion battery and Bluetooth communication for 326 

connection to a handheld computer and/or laptop. These features make it more applicable for use on-327 

site, which overcomes issues associated with the Cary 630. The technical specifications of the 4200 328 

FlexScan are similar to the Cary 630, however the maximum spectral resolution is 4 cm-1 as opposed to 329 

2 cm-1. This method resulted in a slightly lower R2val of 0.92 for all of the adulterants. The Agilent 330 

4500 FTIR has been successfully applied for the detection of milk powder adulterated with melamine 331 

(Limm et al., 2018). The 4500 FTIR uses the same interferometer and optics as the 4200 FlexScan, thus 332 

has a similar performance. The instrument is slightly bigger than the FlexScan (171 (L) x 119 (W) x 333 

224 (H) mm), due to improved ruggedness and thus conduciveness to on-site analysis, however the 334 

weight is similar (3.2 Kg). The method demonstrated 100% accuracy in the determination of melamine 335 



adulterated milk samples down to 0.3% (w/v). The device has also been used for the discrimination of 336 

hazelnuts from different origins and cultivars, resulting in 98% correct classifications in cross-337 

validation (Manfredi et al., 2018). 338 

Menevseoglu et al. utilised the Agilent 5500 series compact FT-MIR for the detection of green pea and 339 

peanut adulteration of pistachio (Menevseoglu et al., 2020). The 5500 series has a Michelson 340 

interferometer with fixed and moving flat mirrors, zinc selenide beam splitter, wire-wound element 341 

source, thermoelectrically cooled dTGS detector and spectral range between 2500 and 14,286 nm. 342 

Spectral data from the device, in combination with PLS-R algorithm resulted in a R2val of 0.93. The 343 

same group also used an alternative Agilent device, namely the ATR FTIR 4500, for the determination 344 

of green pea and peanut adulteration in pistachio. The 4500 has the same interferometer and optics as 345 

the 5500 series compact, however it is a slightly more bulky instrument designed for robust, on-site 346 

analysis. Using this instrument, the authors determined an improved R2val  of 0.99.  347 

 348 

2.3.  Raman Spectroscopy 349 

Portable and handheld Raman spectrometers have started gaining attention due to the emergence of low 350 

cost, long-life span, portable lasers and high sensitivity CCD array-based detectors. However, the 351 

Raman signal is negatively impacted by CCD noise and etaloning, as well as other interfering signals 352 

(Korinth et al., 2020). This can limit the applications of the device, for example on-line or in-field 353 

analysis. The most widely used excitation laser is a continuous wave 785 nm, diode laser, which, in 354 

some cases, induces a weak Raman signal. Shorter wavelength lasers can be used to overcome 355 

associated issues, however, this requires modifications using more advanced measuring techniques and 356 

optoelectrics (Gnyba et al., 2011).  357 

Raman spectroscopy has several advantages; it is suitable for both organic and inorganic materials, 358 

there is no interference from water, which is a significant advantage in food testing, it is rapid and 359 

analysis can be conducted through packaging. Some shortfalls of the technique include; the weak 360 

Raman effect, requiring sensitive and optimised instrumentation, fluorescent compounds can interfere 361 

with the spectrum and destruction of the sample can occur via over-heating of the sample by laser 362 

radiation. None-the-less, portable and handheld Raman spectrometers have become increasingly 363 

popular in food authenticity testing due to their mature use in lab and field analysis in the area of forensic 364 

sciences, pharmaceutical quality control and anti-counterfeiting. Although more expensive than NIRS 365 

devices, the potential benefits of the technology, including low concentration analysis, assessment of 366 

liquid samples and through container analysis, has favoured developments in the area. The Rigaku 367 

Progeny handheld Raman (Fig. 2E), with a 1064 nm excitation laser, has been used to develop methods 368 

for food authenticity and traceability analysis. The instrument features a 512 pixel TE Cooled InGaAs 369 

detector, 30 mW - 490 mW adjustable laser output power and a spectral wavelength range of between 370 



4000 and 50,000 nm. The device has a compact design, 299 (L) x 81 (W) x 72 (H) mm in size and 371 

weighs 1.6 Kg, which is comparable to the previously discussed MIRS devices. Aykas et al. (2020) 372 

developed a method using the Progeny device for the authentication of commercial honeys, focusing 373 

on the addition of sweeteners (Aykas et al., 2020). This application of the device, in combination with 374 

PCA chemometric modelling, resulted in 100% correct classification rate using the developed 375 

multiclass model. A similar method was developed by Salvador et al. for the identification of authentic, 376 

commercial honey from two different provinces of Ecuador (Salvador et al., 2019). Using a low 377 

percentage of reducing sugars and abnormally high sucrose content as an indicator of adulteration, and 378 

in comparison with standard techniques for glucose, fructose and sucrose, moisture content and 379 

electrical conductivity, a 100% correct classification rate was determined.  380 

Two methods were also developed by Taylan et al. utilising the Rigaku Progeny, for the rapid detection 381 

of green pea adulteration of pistachio nuts (Taylan, Cebi, Yilmaz, et al., 2020) and for the detection of 382 

lard in butter (Taylan, Cebi, Tahsin Yilmaz, et al., 2020). PLS-R and genetic algorithm-based inverse 383 

least squares (GILS) were used to develop multivariate calibration models to determine quantitatively 384 

the level of green-pea adulteration in the ground pistachio nuts. 5 - 80% (w/w) adulteration was 385 

successfully identified by PLS-R and GILS analysis, with a R2val of 0.91 and 0.94, respectively. The 386 

second method developed by Taylan et al. focused on the adulteration of butter by lard and combined 387 

Progeny derived spectral data with PCR and PLS-R analysis. A R2val of 0.99 was determined using the 388 

cross-validated PLS-R and PCR methods. The Progeny’s predecessor, the FirstGuard has a similar 389 

specification but slightly less user-friendly design. Jentzsch and co-workers utilised the FirstGuard for 390 

the development of a method to detect Ecuadorian varieties of fermented cocoa beans. Using SVM 391 

learning algorithm, the correct classification rate was 91.8% (Jentzsch et al., 2016).  392 

The Metrohm Instant Raman Analyzers (MIRA) have several devices in the range and are used for the 393 

rapid and non-destructive detection of various analytes. The range of devices implements Metrohm’s 394 

unique Orbital-Raster-Scan (ORS) technology, which is capable of high spectral resolution across a 395 

large sample area. The MIRA handheld Raman devices feature a 785 nm laser wavelength, 4348 – 396 

25,000 nm spectral range, and a small (88.2 (W) x 45.3 (D) 125.5 (H) mm) and rugged design. Vigni et 397 

al. utilised the MIRA-M1 for the determination of Parmigiano Reggiano authenticity (Li Vigni et al., 398 

2020). PCA was used to develop one-class models, resulting in 100% correct classification rate. Logan 399 

et al. (2021) also used the device for the authentication of common Australian beef production systems 400 

(Logan et al., 2021). The approach focused on long term grain-fed, short-term grain-fed, grass-fed and 401 

supplemented grass-fed beef samples in combination with PLS chemometric analysis, resulting in 96%, 402 

85%, 83% and 83% correct classification, respectively.  403 

The Snowy Range CBEx Raman spectrometer has been used by Ellis et al. for the detection of fake 404 

spirits and methanol quantification (D. I. Ellis et al., 2019). The device operates with a 1064 nm 405 



excitation laser and 4348 – 25,000 nm spectral range. The approach successfully discriminated different 406 

brands of Scottish and Irish whisky and vodka via PCA. The through-container prediction of several 407 

spirit drinks (gin, whisky, rum and vodka) had an accuracy of between 86% and 98%. Furthermore, the 408 

method was also able to identify methanol addition at extremely low limits of detection (LODs) of 0.23 409 

- 0.39%, well below the maximum tolerable concentration (MTC) of 2.0%. The same group used the 410 

Cobalt Light Systems Resolve spatially offset Raman spectrometer (SORS) for the detection of multiple 411 

chemical markers of alcohol (David I. Ellis et al., 2017). SORS is capable of the identification of the 412 

chemical composition underneath the surface of materials, including liquids in bottles and commodities 413 

in opaque containers. The device itself employs an 830 nm excitation laser, allowing scanning of 414 

fluorescent material, it is lightweight (2.2 Kg), durable and handheld (155 (W) x 73 (D) x 290 (H) mm). 415 

The developed method was not only able to detect ten additives at extremely low concentrations (four 416 

of these below 10 ppb), but also discriminate between multiple well-known Scotch whisky brands, and 417 

detect methanol concentrations below the MTC (as low as 0.025%). 418 

Finally, Karunathilaka et al., developed two rapid and non-targeted screening approaches using two 419 

handheld Raman spectrometers, in combination with chemometrics, for the detection of milk powder 420 

adulteration (Karunathilaka et al., 2018). Firstly, the Burker Bravo handheld Raman spectrometer has 421 

a 700 – 1100 nm laser excitation wavelength (Duo LASER), a spectral range of 3125 – 33,333 nm and 422 

a dimensional size of  270 (H) x 156 (L) x 62 (W) mm (1.5 Kg). Using a PCA model, the method was 423 

able to correctly classify 97% of milk samples (authentic and melamine adulterated). The second 424 

approach utilised the Thermo Fisher Scientific TruScan RM, which has a 785 nm excitation laser, 3478 425 

– 40,000 nm spectral range and handheld size of 208 (L) x 107 (W) x 43 (H) mm (0.9 Kg). The 426 

developed method had a 100% correct classification rate.  427 

2.4.  Visible and visible-NIR spectroscopy 428 

The development of portable devices in the Vis wavelength region has proven successful due to the 429 

availability of high performing, low-cost photodetector arrays. Only low resolution analysis is required 430 

in the visible region, thus filter technology has been shown to be adequate in most instances (Crocombe, 431 

2018). The use of discrete LEDs in the Vis wavelength dramatically decreases the size and affordability 432 

of such devices (Fu et al., 2017). Recent advances have utilised Nichia Optisolis LEDs, as they emit in 433 

a wider range of the spectrum (Laganovska et al., 2020). Developments in the integration of smartphone 434 

technology with Vis wavelength range devices has demonstrated the potential for smartphones to be 435 

used as a controller and data system for an optical engine, and the camera to be used as the optical 436 

sensor (Weagant & Karanassios, 2015).  437 

Portable and handheld Vis and Vis-NIR devices afford many of the same advantages of NIRS. They 438 

are cost effective, non-destructive, and rapid, and can be used for the determination of the chemical 439 



composition and characteristics of foods. However, these types of technologies have not received the 440 

same attention that has been seen with NIRS devices for the development of rapid techniques for food 441 

authenticity analysis. Although not as mature as previously discussed commercial NIRS or MIRS 442 

devices, several promising developments have been shown in the area. The SCiO device, discussed 443 

previously, covers a small section of the visible wavelength spectrum.  However, the following devices 444 

delve further into the visible range, providing deeper sample penetration due to the higher energy state. 445 

Zhao et al. utilised the portable Fieldspec device by Analytical Spectral Device (ASD) Corporation for 446 

the determination of the botanical origins of honey (Zhao et al., 2011). The SW/Vis-NIR device features 447 

a 512 element silicon array and 350 - 1075 nm spectral range. Weighing 5.44 Kg, the instrument is one 448 

of the largest reviewed and requires connection to a laptop computer for instrument control. Four floral 449 

origins (acacia, rape, longan and linden) were assessed in the method. The application of PCA to the 450 

spectral data resulted in 78.6% correct classification rate over all adulterants. 451 

A method was also developed for the evaluation of olive oil quality and for the differentiation of extra 452 

virgin, virgin, ordinary virgin and lampante oil (Abu-Khalaf & Hmidat, 2020). An Ocean Insight 453 

USB2000 + XR1-ES, which features a linear silicon CCD array, 200 to 1025 nm wavelength spectral 454 

range (UV-NIR), small dimensions (89.1 (L) x 63.3 (W) x 34.4 mm (H)) and lightweight (190 g) was 455 

used in the method development. PCA algorithm was applied to the spectral data and a R2val of 0.86 456 

was determined. Vincent  et al. (2018) developed a method for the differentiation of apple varieties and 457 

identification of organic status (Vincent et al., 2018). The approached incorporated the Ocean Insight 458 

SPARK, which is a highly compact device (15 g) covering the visible wavelength range, 380 to 700 459 

nm. The SPARK device contains a solid-state optical encoder, which allows for full spectrum 460 

measurements. The developed method was able to correctly classify 94% of apple varieties and 66% of 461 

organic v. non-organic apple samples.  462 

2.5.  Hyperspectral Imaging 463 

Hyperspectral imaging (HSI) has emerged as a powerful tool for food authenticity analysis. The 464 

technique collects both spectral and spatial information from a sample, allowing for the characterisation 465 

of complex and heterogeneous mixtures, as well as the identification of surface and sub-surface 466 

constituents. HSI has several advantages over the previously discussed, well established NIRS, MIRS 467 

and Raman techniques. HSI provides spatial information about a sample, whereas NIRS, MIRS and 468 

Raman are point-based scanning methods that focus on a small sample area. HSI has more flexibility 469 

with regards to sampling; a large number of samples can be assessed at the same time, this cannot be 470 

achieved with other previously discussed techniques. Spectral and spatial information can be collected 471 

over the ultraviolet, visible, and NIR regions (300 - 2600 nm) of the electromagnetic spectrum, allowing 472 

for an in-depth sample analysis in comparison to conventional NIRS, Vis or SW-Vis methods (Lohumi 473 

et al., 2015). However, due to this extended range and the need for more electrical and mechanical parts, 474 



the cost is greater. Various portable methods have been developed using commercially available HSI 475 

devices for the determination of food authenticity, these will be discussed below.  476 

Crichton et al. utilised the Specim Spectral Imaging V10E PFD camera for the classification of organic 477 

beef freshness (Crichton et al., 2017).  The device features a CMOS detector, spatial pixels of 1312 and 478 

a 400 – 1000 nm spectral range. The device is portable, measuring 330 (L) x 85 (W) x 90 (H) mm and 479 

2.7 Kg weight. The spectra, in combination with SVM data analysis, resulted in 100% correct 480 

classification rate for fresh and fresh-frozen-thawed meat and a 98% correct classification rate for 481 

matured and matured-frozen-thawed meat. Kiani et al. incorporated a different Specim Spectral HSI 482 

device into their method design for the authentication of nutmeg (Kiani et al., 2019). The Specim IQ 483 

hyperspectral in-line camera with push-broom technology was utilised. This device also has a CMOS 484 

detector, 1300 spatial pixels and 400 – 1000 nm spectral range. The device is more conducive to on-485 

site analysis in comparison to the V10E PFD as it features a touch screen, replaceable data storage, 486 

USB and Wi-Fi connectivity. The device is also more compact, measuring 207 (L) x 125.5 (W) x 74 487 

(H) mm and weighing 1.3 Kg. This makes it particularly useful for on-line or on-site food analysis. The 488 

described method applied PCA, PLS-DA and ANN to the spectral data and the developed models were 489 

used to authenticate retail samples. The PCA showed successful spatial separation of authentic samples 490 

from adulterant materials and the ANN model demonstrated a R2val of 0.98 in the detection of 491 

adulteration at levels as low as 5%. 492 

Wang et al. used the Specim IQ for the differentiation of bananas collected from different countries, 493 

focusing on their compositional traits, local growing conditions and production type (conventional/ 494 

organic) (Z. Wang et al., 2020). The approach compared the HSI data with standard methods for water, 495 

starch, fibre, protein and carotenes. The findings identified significant spectral fingerprints relevant to 496 

country of origin, composition and production method.  497 

 498 

 499 
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 506 

Table 1. Overview of commercially available portable spectroscopy devices for the determination of food authenticity. 507 

Analytical 

Technique 

Authenticity Issue Device Spectral 

Range 

Chemometric 

analysis 

Results Reference 

NIR 

Discriminating 

muscle type of 

game species 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

PLS-DA (42 

samples split 

70% and 30% 

for calibration 

and validation 

sets) 

85 - 100% correct classification 

rate 

(Dumalisile et 

al., 2020a) 

Differentiation of 

South African 

game meat 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

PCA, PLS-DA 

(307 samples 

from 52 

animals split 

70% and 30% 

for calibration 

and validation 

sets) 

89.8 - 93.2% correct 

classification rate 

(Edwards et al., 

2020) 

Authentication of 

Iberian 

pig carcasses 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

QDA, LDA 

(568 samples 

split 65% and 

35% for 

calibration and 

validation sets) 

93.5% correct classification rate (Pérez-Marín et 

al., 2021) 



Determination of 

chicken welfare 

standards 

 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

PLS-DA, 

ANN, SVM 

(153 samples 

split 70% and 

30% for 

calibration and 

validation sets) 

 

95% correct classification rate (Parastar et al., 

2020) 

 

Quantification of 

beef, pork, and 

chicken in ground 

meat 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

PLS-R (11 

samples of 

binary blends 

and 39 

samples of 

tertiary blends 

split 70% and 

30% for 

calibration and 

validation sets) 

R2val  0.93 (all adulterants) (Silva et al., 

2020) 

Adulteration of 

palm oil with lard 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

PLS-DA, LDA 

(165 samples 

split 70% and 

30% for 

calibration and 

validation sets)  

R2val 0.99 (all adulterants) (Basri et al., 

2018) 



Detection of pork 

adulteration in veal 

product 

Thermo Fisher 

Scientific 

microPHAZIR 

1600 - 2400 

nm 

SVM (12 

samples cross-

validated 

systematically 

with 6 external 

samples)  

75% - 91.7%  correct 

classification rate  (10 - 50% 

adulteration) 

(Schmutzler et 

al., 2015) 

Detection of meat 

fraud: beef, 

chicken, mutton, 

turkey, pork and 

horse meat 

Thermo Fisher 

Scientific 

microPHAZIR 

1600 - 2400 

nm 

PLS-R (63 

samples split 

67% and 33% 

for calibration 

and validation 

sets) 

75% - 100% correct 

classification of whole / minced 

pieces of chicken, pork, turkey, 

beef and mutton meat against 

horse meat 

(Wiedemair et 

al., 2018) 

Classification of 

chicken meat parts 

(breasts, thighs, and 

drumstick) 

Texas Instruments DLP 

NIRscan Nano 

900 - 1700 

nm 

LDA, SVM 

(137 samples 

split 70% and 

30% for 

calibration and 

validation sets) 

97% (non-minced), 73% 

(minced) correct classification 

rate 

(Nolasco Perez 

et al., 2018) 

Classification of 

vegetable oils 

(soybean, corn, 

sunflower, and 

canola oil) in extra 

virgin olive oil 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

PLS-DA (228 

authentic and 

artificially 

spiked samples 

split 70% and 

30% for 

calibration and 

validation sets) 

100% correct classification rate (Borghi et al., 

2020) 



Extra virgin olive 

oil authenticity  

Thermo Fisher 

Scientific 

microPHAZIR 

1600 - 2400 

nm 

PCA (24 

reference oils, 

35 reference 

set oils and 

100 test set 

oils) 

60% correct classification rate (Karunathilaka 

et al., 2017) 

Distinction of Extra 

Virgin Olive oil 

from other olive oil 

grades 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

kNN, SVM 

(one-class) 

(210 samples 

split 60% and 

40% for 

calibration and 

validation sets) 

88 - 100% correct classification 

rate 

(Yan et al., 

2019) 

Organic milk 

authentication 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

PCA, PLS-DA 

(87 samples 

split 70% and 

30% for 

calibration and 

validation sets) 

81 - 98% correct classification 

rate  

(Liu et al., 2018) 

Classification of 

organic milk 

Consumer Physics 

SCiO™  

740 - 1070 

nm 

PLS-DA (87 

milk samples, 

no information 

provided in 

terms of 

validation) 

89% correct classification 

(organic milk) and  80% 

(conventional milk) 

(van Ruth & 

Liu, 2019) 



Bovine milk 

adulteration with 

tap water, whey, 

hydrogen peroxide, 

synthetic urine, 

urea, and synthetic 

milk 

Thermo Fisher 

Scientific 

microPHAZIR 

1600 - 2400 

nm 

PLS-R (124 

samples 

including 

spiked samples 

split 75% and 

25% for 

calibration and 

validation sets) 

R2val  0.92 (all adulterants) (Santos et al., 

2013) 

Adulteration of 

Palm oil with 

Sudan IV dye 

Consumer Physics 

SCiO™ (model CP-

SC006) 

740 - 1070 

nm 

PCA, PLS-R, 

SVM (150 

samples 

including 

spiked samples 

split 60% and 

40% for 

calibration and 

validation sets) 

97% correct classification rate (MacArthur et 

al., 2020) 

Palm oil 

adulteration with 

Sudan dyes 

IRIS Visum Palm NIR  900 - 1700 

nm 

LDA, SVM, 

PCA (520 

samples 

including 

spiked samples 

split 67% and 

33% for 

calibration and 

validation sets) 

95.2%  correct classification rate  (Teye, Elliott, et 

al., 2019) 



Authentication of 

rice quality, grades 

and origins 

Consumer Physics 

SCiO™  

740 - 1070 

nm 

PCA, kNN 

(520 samples 

split 67% and 

33% for 

calibration and 

validation sets) 

91.81% correct classification 

(quality grades) and  90.64% 

(origin) 

(Teye, Amuah, 

et al., 2019) 

Authentication of 

rice varieties, 

qualities and grades 

Consumer Physics 

SCiO™  

740 - 1070 

nm 

OPLS-DA, 

SVM, kNN 

(1399 samples 

split 67% and 

33% for 

calibration and 

validation sets) 

Between 90% and 100%  correct 

classification rate over all 

varieties and origins  

(McGrath et al., 

2020) 

Identification of 

Rice varieties 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

PLS-DA, 

PCA, SVM 

(360 samples 

split 70% and 

30% for 

calibration and 

validation sets) 

98.33% correct classification 

rate 

(Hao et al., 

2019) 

Verification of 

authenticity and 

fraud detection in 

South African 

honey 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

PLS-DA 

(84 samples 

split 60% and 

40% for 

calibration and 

validation sets) 

90% correct classification rate (Guelpa et al., 

2017) 

Ocean Insight 

NIRQuest model 512-

2.5  

860 to 2500 

nm 

94.1% correct classification rate 



Geographical origin 

of cocoa beans 

TellSpec NIR 

Spectrometer 

900 to 1700 

nm 

LDA, SMV 

(330 samples 

spilt 70%/ 

30% for 

calibration and 

validation sets) 

100% correct classification rate  (Anyidoho et al., 

2020) 

Green pea and 

peanut adulteration 

in pistachio 

Si-Ware Systems 

NeoSpectra Micro  

1350 to 

2500 nm 

PCA, PLS-R 

(60 samples 

split 80%/ 

20% for 

calibration and 

validation sets) 

R2val 0.99 (all adulterants) (Aykas & 

Menevseoglu, 

2021) 

Adulteration of 

oregano  

Si-ware Systems 

NeoSpectra Micro 

1350 - 2500 

nm 

PLS-DA, 

OPLS-DA 

(404 samples, 

split 51% and 

49% for 

calibration and 

validation sets) 

97.5% (adulterants) and 93% 

(authentic oregano) correct 

classification rate 

(McVey et al., 

2021) 

Adulteration of 

turmeric powder 

with metanil yellow 

Malvern Panalytical 

ASD QualitySpec Trek 

360 - 2500 

nm 

PLS-R (120 

samples 

including 

spiked 

samples, split 

81% and 19% 

for calibration 

R2val 0.99 (Rukundo et al., 

2020) 



and validation 

sets) 

Determination of 

coriander seed 

authenticity 

Consumer Physics 

SCiO™  

740 - 1070 

nm 

PLS-DA, 

OPLS-DA 

(290 samples 

including 

spiked 

samples, split 

67% and 33% 

for calibration 

and validation 

sets) 

100% correct prediction of 

adulterated samples and 98.5% 

correct prediction for authentic 

samples 

(McVey et al., 

2021) 

Ocean Insight Flame-

NIR 

970 - 1700 

nm 

100% correct prediction of 

adulterated samples and 95.6% 

correct prediction for authentic 

samples 

Adulteration of 

Arabica coffee with 

Robusta coffee (in 

different roasting 

levels), corn, peels 

and sticks 

Viavi MicroNIR™ Pro 

1700 

950 – 1650 

nm 

PCA, PLS-DA 

(26 blends 

with 

adulterants and 

99 blends of 

differing 

roasting levels, 

validated 

against 11 and 

13 samples, 

respectively) 

R2val 0.96 - 0.99 (Arabica v. 

Robusta); 0.98 (corns); 0.86 

(peels and sticks) 

(Correia et al., 

2018) 

Authenticity of fish 

fillets and patties 

Viavi MicroNIR™ 

OnSite 

950 – 1650 

nm 

PCA, LDA 

(170 samples 

split 70% and 

100% correct classification rate (Grassi et al., 

2018) 



30% for 

calibration and 

validation sets) 

MIR 

Adulteration of 

milk via the 

addition of tap 

water, whey, 

synthetic milk, 

synthetic urine, 

urea, and hydrogen 

peroxide 

Agilent Cary 630 FTIR 2500 - 

15,384 nm 

PLS-R (124 

samples 

including 

spiked samples 

split 75% and 

25% for 

calibration and 

validation sets) 

R2val  0.98 (all adulterants) (Santos et al., 

2013) 

Agilent 4200 FlexScan 

FTIR 

2500 - 

15,384 nm 

R2val  0.92 (all adulterants) 

Green pea and 

peanut adulteration 

in pistachio 

Agilent ATR-FTIR 

4500 

2500 - 

15,384 nm 

PCA, PLS-R 

(60 samples 

split 80%/ 

20% for 

calibration and 

validation sets) 

R2val 0.99 (all adulterants) (Aykas & 

Menevseoglu, 

2021) 

Differentiation of 

organic and non-

organic butter  

Agilent Cary 630 FTIR 2500 - 

15,384 nm 

PCA (60 

samples split 

80% and 20% 

for calibration 

and validation 

sets) 

100% correct classification in 

cross-validation 

(Pujolras et al., 

2015) 

Authentication of 

indigenous flours 

Agilent Cary 630 FTIR 2500 - 

15,384 nm 

PLS-R (106 

samples 

validated using 

R2val  0.98  (Shotts et al., 

2018) 



(Quinoa, Amaranth 

and kaniwa) 

leave-one-out 

cross 

validation) 

Detection of milk 

powder 

contaminated with 

melamine 

Agilent 4500 ATR-

FTIR 

2500 - 

15,384 nm 

PCA (70 

samples 

validated with 

75 'blind' test 

samples) 

100% correct classification rate 

for 0.30% 

(Limm et al., 

2018) 

Discrimination of 

hazelnuts from 

different origins 

and cultivars  

Agilent 4100 Exoscan 

FTIR 

2500 - 

15,384 nm 

PCA, LDA, 

PLS-DA (60 

samples split 

80% and 20% 

for calibration 

and validation 

sets) 

98% correct classifications in 

cross-validation  

(Manfredi et al., 

2018) 

Detection of green 

pea and peanut 

adulteration in 

pistachio 

Agilent 5500 series 

compact FTIR    

2500 - 

15,384 nm 

PLS-R (45 

samples split 

80% and 20% 

for calibration 

and validation 

sets) 

R2val 0.93 (Menevseoglu et 

al., 2020) 

Raman 

Authentication of 

commercial honeys 

Rigaku Progeny 

handheld Raman (1064 

nm excitation laser) 

4000 - 

50,000 nm 

PCA (113 

samples (60 

samples split 

65% and 35% 

for calibration 

90 - 100% correct classification 

rate 

(Aykas et al., 

2020) 



and validation 

sets) 

Monitoring of the 

quality and 

authenticity of 

commercial honey 

in Ecuador 

Rigaku Progeny 

handheld Raman (1064 

nm excitation laser) 

4000 - 

50,000 nm 

PCA, PLS-R 

(25 samples, 

no information 

provided in 

regards to the 

method 

validation) 

100% correct classification rate (Salvador et al., 

2019) 

Rapid detection of 

green-pea 

adulteration in 

pistachio nuts 

Rigaku Progeny 

handheld Raman (1064 

nm excitation laser) 

4000 - 

50,000 nm 

GILS, PLS-R 

(108 samples 

including 

spiked 

samples, 

validated using 

leave-one-out 

cross 

validation) 

R2val  0.91 - 0.94 (Taylan, Cebi, 

Yilmaz, et al., 

2020) 

Detection of lard in 

butter 

Rigaku Progeny 

handheld Raman (1064 

nm excitation laser) 

4000 - 

50,000 nm 

 PLS-R. PCR 

(20 samples 

including 

spiked 

samples, 

validated using 

leave-one-out 

R2val 0.99 (Taylan, Cebi, 

Tahsin Yilmaz, 

et al., 2020) 



cross 

validation) 

Distinction of 

Ecuadorian 

varieties of 

fermented cocoa 

beans 

Rigaku FirstGuard 

(1064 nm excitation 

laser) 

2778 - 

32,051 nm 

SVM (20 

samples, no 

information 

provided in 

regards to the 

method 

validation) 

91.8% correct classification rate (Jentzsch et al., 

2016) 

Assessment of 

Parmigiano 

Reggiano 

authenticity 

 

Metrohm MIRA (785 

nm laser)  

4348 - 

25,000 nm 

PCA (100 

samples split 

60% and 40% 

for calibration 

and validation 

sets) 

100% correct classification rate (Li Vigni et al., 

2020) 

 

Authentication of 

common Australian 

beef production 

systems 

Metrohm MIRA  4348 - 

25,000 nm 

PLS-DA (520 

samples split 

80% and 20% 

for calibration 

and validation 

sets) 

96% correct classification of 

long term grain-fed, 85% short 

term grain-fed, 83% grass-fed 

and 83% supplemented grass-fed 

carcases 

(Logan et al., 

2021) 

Detection of fake 

spirits and 

methanol 

quantification 

Snowy Range CBEx 

Raman spectrometer 

(1064 nm excitation 

laser) 

4348 - 

25,000  nm 

PCA, PLS-R 

(144 samples 

tested against 

16 spiked 

samples) 

86 - 98% correct classification 

rate of whisky, gin, rum and 

vodka. Methanol LOD = 0.23 - 

0.39% 

(Ellis et al., 

2019) 



Detection of 

multiple chemical 

markers of 

counterfeit alcohol  

Cobalt Light Systems 

Resolve handheld 

spatially offset Raman 

spectroscopy (SORS) 

(830 nm excitation 

laser) 

4000 - 

25,000 nm 

PCA (144 

samples, no 

information 

provided in 

regards to the 

method 

validation) 

Discrimination between multiple 

well-known Scotch whisky 

brands. Detection of 10 additives 

at extremely low concentrations. 

Detection of methanol 

concentrations well below the 

maximum human tolerable level 

(0.025%).  

(Ellis et al., 

2017) 

Detection of milk 

powder adulteration 

Bruker Bravo handheld 

Raman spectrometer 

3125 - 

33,333   nm 

PCA (70 

samples 

validated with 

75 'blind' test 

samples) 

97% correct classification rate (Karunathilaka 

et al., 2018) 

Thermo Fisher 

Scientific TruScan RM 

3478 - 

40,000 nm 

100% correct classification rate 

Vis-NIR 

Botanical origins of 

honey 

Analytical Spectral 

Device  (ASD) 

Corporation handheld  

Fieldspec spectrograph  

350 - 1075 

nm 

PCA  (148 

samples, no 

information 

provided in 

regards to the 

method 

validation) 

78.57% correct classification 

rate (all adulterants) 

(Zhao et al., 

2011) 

Evaluation of olive 

oil quality, 

differentiation of 

extra virgin, virgin, 

ordinary virgin and 

lampante). 

Ocean Optics USB2000 

+ XR1-ES  

200 - 1025 

nm 

PCA (48 

samples split 

67% and 33% 

for calibration 

and validation 

sets) 

R2val 0.86 (Abu-Khalaf & 

Hmidat, 2020) 

 



  

Visible 

Differentiation of 

apple varieties and 

investigation of 

organic status 

Ocean Insight  SPARK 

 

380 - 700 

nm 

PLS-DA (132 

samples 

validated using 

10-fold cross 

validation) 

 

94% correct classification (type) 

and 66% (organic status) 

(Vincent et al., 

2018) 

Hyperspectral 

Imaging 

Classification of 

organic beef 

freshness 

 

Specim Spectral 

Imaging V10E PFD 

camera 

400 - 1000 

nm 

SVM  (384 

samples split 

67% and 33% 

for calibration 

and validation 

sets) 

100% correct classification rate 

(fresh v. fresh-frozen-thawed) 

and 98% (matured v. matured-

frozen-thawed) correct 

classification rate 

(Crichton et al., 

2017) 

 

Authentication of 

nutmeg 

Specim Spectral 

Imaging V10E PFD 

camera  camera with 

Specim's push-broom 

technology 

400 - 1000 

nm 

PCA, PLS-R, 

ANN  (54 

samples 

including 

spiked 

samples, 

validated using 

9 test samples) 

R2val 0.98 (Kiani et al., 

2019) 

Differentiation of 

bananas (Musa 

spp.) from different 

countries, their 

Spectral Imaging 

Specim IQ 

hyperspectral system 

400 - 1000 

nm 

PCA (100 

samples, no 

cross 

Identification of significant 

spectral fingerprints relevant to 

country of origin, composition 

and production method. 

(Wang et al., 

2020) 

 

 



compositional traits 

and growing 

conditions 

validation 

conducted) 

 

Compared to standard method of 

determination of starch, protein, 

fibre, water and carotenes 

PCA - Principal Component Analysis; LDA - Linear Discrimant Analysis; PLS-DA - Partial Least Squares Discriminant Analysis; PLS-R - Partial Least 508 
Squares Regression; OPLS-DA - Orthogonal Partial Least Squares Discriminant Analysis; SVM - Support Vector Machines; kNN - k-Nearest Neighbour; 509 
ANN - Artificial Neural Networks; GILS - Genetic Algorithm-based Inverse Least Squares; R2val Coefficient of determination of validation;  510 

 511 



 512 

Fig. 2. Popular portable spectroscopy devices widely used in food authenticity analysis; (A) Viavi 513 

MicroNIR Pro 1700 (NIR), (B) Consumer Physics SCiO (NIR), (C) ThermoFisher Scientific 514 

microPhazir RX (NIR), (D) Agilent Cary 630 (ATR-FT-MIR) and (E) Rigaku Progeny handheld 515 

Raman.  516 

 517 

3. Integration with digitalisation platforms   518 

The development of rapid and portable methods is redundant if these approaches cannot easily be 519 

integrated into digitalisation mechanisms, allowing for complete traceability, transparency and fraud 520 

prevention along the entire food supply chain. Food traceability throughout the food supply chain is 521 

centred on risk mitigation and transparency. Innovation towards a more digitally driven agri-food 522 

system have included the Internet of Things (IoT), blockchain technology, artificial intelligence (AI), 523 

immersive reality, machine learning, ‘big data’, mobile phones and internet connection (Jin et al., 2020; 524 

Misra et al., 2020; Trendov et al., 2019). This digital transformation, in combination with sensor fusion 525 

and improvements in chemometric analysis, has demonstrated the potential for real-time, hyper-526 

connective and data driven functionality (Khan et al., 2020). However, there are many challenges 527 

associated with this ideology. These challenges and future perspectives will be discussed.  528 

 529 

3.1. Challenges 530 

There are several challenges that limit the implementation of digitalisation mechanisms into food supply 531 

chains. One of the biggest issues is the costs of implementation and the complexity of food supply 532 

chains, which span many countries and continents. This can make the standardisation of systems 533 

difficult, with differing regulations between countries posing issues. For instance, some countries have 534 



banned blockchain and cryptocurrencies, making it inaccessible to some stakeholders (Khan et al., 535 

2020). There are also different layers of actors and business types within the food chain, i.e. farmer/ 536 

grower, exporter, trader, processor, retailer. Thus, there are many different challenges, making 537 

implementation difficult on various levels. A major issue is the availability of infrastructure in emerging 538 

economies and rural areas. Challenges include weak technological infrastructure, high costs of 539 

technology, low digital skill level, weak regulatory frameworks, and limited access to services (e.g. 540 

internet) and education. This has a major effect and prohibits inclusion in digitalisation platforms 541 

throughout the food supply chain and may limit or eradicate business in the future if digitalisation 542 

becomes a requirement (Trendov et al., 2019). The relationships between stakeholders, mainly 543 

surrounding data ownership, brings with it other challenges that may prohibit implementation of 544 

digitalisation approaches (Jagadeesan et al., 2019).  545 

 546 

3.2. Future prospects 547 

It is clear that a more integrated approach between rapid screening and digitalisation is required along 548 

the food chain. The physical flow of goods exploits the conventional paper-trail approach that lack 549 

transparency and efficiency, resulting in increased food chain vulnerabilities and operating costs (Fig. 550 

3). On the other hand, the digital flow allows for the use of digital technologies (e.g. QR codes, sensors, 551 

mobile phones etc.) which are recorded to the blockchain for the storing and sharing of data (Kamilaris 552 

et al., 2019). Consumer demands for validated information about the food they are consuming, as well 553 

as FBOs wanting to mitigate food fraud risks are therefore major drivers. A more cohesive view of the 554 

different strategies required, relevant to the specific food commodity or process or risk, will prove 555 

beneficial in the uptake of digitalisation approaches throughout the food chain. The development of 556 

new technology will further aid advancements and application of digitalisation mechanisms. The 557 

growth of commercial companies who specialise in blockchain or AI technologies for food chain 558 

digitalisation will also help FBOs successfully implement such systems. Benefit-cost ratio has been 559 

determined as the most significant consideration of implementing new technologies for agri-food 560 

producers and processors. Research has indicated that successful application can result in increased 561 

sales, outweighing increased system costs (J. P. Qian et al., 2012).  562 

 563 



 564 

Fig. 3. Traceability system incorporating the physical flow of food products through the food chain, the 565 

digital flow of information verifying authenticity via rapid testing and sharing of this information to 566 

other actors in the food chain through the blockchain network. 567 

 568 

The processed food sector has started to implement digitalisation due to the challenges associated with 569 

traceability systems. This has been due, in part, to changes in globalisation, consolidation of food 570 

categories and commoditisation (Qian et al., 2020). Issues such as batch mixing, the variety of raw 571 

materials and resource transformation all challenge the application of digitalisation within the food-572 

processing sector. AI, blockchain and ‘big data’ have been successfully incorporated into improving 573 

food traceability in food processing. An integrated approach with appropriate analytical testing in 574 

combination with AI, blockchain and ‘big data’ has been shown to improve traceability performance 575 

by optimising batch mixing, ensuring creditable traceability and quality forecasting (Creydt & Fischer, 576 

2019; Demestichas et al., 2020; Jin et al., 2020).  577 

The integrity, confidentiality and availability of information travelling between stakeholders is another 578 

challenge to the implementation of digitalisation throughout the food chain. However, improvements 579 

to the architecture of blockchain technology has shown to be invaluable in providing this security. This 580 

includes cryptography-based approaches such as asymmetric encryption algorithm and Hyperledger 581 

fabric (Wang et al., 2020). This further demonstrates the need for an integrated system that incorporates 582 

various digitalisation technologies with rapid screening approaches throughout the food supply chain.  583 
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 585 

4. Conclusion  586 

The advances in semi-conductor and photonic technology has paved the way for the development of 587 

handheld and portable spectroscopy devices, which meet the needs of fast-paced, global food supply 588 

chains. It is evident that such devices can overcome the inherent issues associated with conventional 589 

techniques, providing rapid, on-site, easy-to-use and cost-effective analysis of food throughout the 590 

whole food supply chain. This need has been highlighted in the area of food authenticity analysis and 591 

has initiated the development of numerous methods, using handheld or portable instruments in 592 

combination with chemometics. These methods have potential to be easily integrated into quality 593 

management procedures at various stages of the food supply chain. The potential to implement 594 

digitalisation platforms, such as blockchain technology, in conjunction with analytical testing to 595 

validate procedures and ensure food integrity, can improve traceability throughout the entire supply 596 

chain. The challenges associated with the implementation of digitalisation platforms limit its 597 

incorporation in emerging economies, which potentially form part of the food supply chain. However, 598 

the possible benefits of a fully integrated food supply chain warrant further investigation into how such 599 

system users can be supported to implement it. 600 
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Abbreviations 612 

CE: Capillary electrophoresis 613 

GC: Gas chromatography 614 

LC: Liquid chromatography 615 



HPLC: High performance liquid chromatography 616 

UHPLC: Ultra-high liquid chromatography 617 

DART-MS: Direct analysis in real-time mass spectrometry 618 

MALDI-TOF-MS: Matrix assisted laser desorption ionization-time of flight mass spectrometry 619 

QTOF-MS: Quadrupole technologies with a time-of-flight mass spectrometry 620 

PTR-MS: Proton transfer reaction mass spectrometry 621 

REIMS: Rapid evaporative ionization mass spectrometry 622 

IR: Infrared 623 

MIR: Mid-infrared 624 

NIR: Near-infrared 625 

NMR: Nuclear magnetic resonance 626 

SERS: Surface-enhanced Raman spectroscopy 627 

IRMS: Isotope-ratio mass spectrometry 628 

TIMS: Thermal ionization mass spectrometry 629 

ICP-OES: Inductively coupled plasma atomic emission spectroscopy 630 

ICP-MS: Inductively coupled plasma mass spectrometry 631 

EDXRF: Energy dispersive X-ray fluorescence, LIBS: Laser-induced breakdown spectroscopy 632 

NAA: Neutron activation analysis 633 

AAS: Atomic absorption spectrometry 634 

PCR: Polymerase chain reaction 635 

qPCR: Quantitative polymerase chain reaction 636 

ddPCR: Droplet digital polymerase chain reaction 637 

RFLP: Restriction fragment length polymorphism 638 

NGS: Next-generation sequencing 639 

HRM: High resolution melting 640 

LAMP: Loop-mediated isothermal amplification 641 
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