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Abstract

:

This present review article considers the rapid development of miniaturized handheld near-infrared spectrometers over the last decade and provides an overview of current instrumental developments and exemplary applications in the fields of material and food control as well as environmentally relevant investigations. Care is taken, however, not to fall into the exaggerated and sometimes unrealistic narrative of some direct-to-consumer companies, which has raised unrealistic expectations with full-bodied promises but has harmed the very valuable technology of NIR spectroscopy, rather than promoting its further development. Special attention will also be paid to possible applications that will allow a clientele that is not necessarily scientifically trained to solve quality control and authentication problems with this technology in everyday life.
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1. Introduction


For more than ten years, we have been closely following the process of the miniaturization of vibrational spectrometers (Raman, mid-/near-infrared (MIR/NIR)). Five decades ago, Raman and FT-IR spectrometers were room-filling instruments, and since the introduction of NIR spectroscopy as a long/short wavelength attachment to UV/VIS and IR instruments, respectively, this technology has evolved very rapidly with stand-alone instruments. Although the introduction of optical fibers, special probes, and chemometric evaluation techniques have brought the technology out of the laboratory and into the processes, strictly speaking, it has always been operated by scientific personnel only. The development of miniaturized and handheld NIR spectrometers over the past decade has not only expanded the application range of NIR technology to include on-site and in-the-field measurements, but it is also expected that these instruments will be used in non-traditional user environments in the not-too-distant future.



When the first handheld Raman and mid-IR spectrometers came on the market, they were used by the military much more quickly than industry for the on-site control of chemical quality and homeland security processes. Since then, other major public services, such as emergency services, law enforcement, environmental agencies, and food control facilities, have also recognized the potential of handheld spectrometers. Most of the above applications are primarily concerned with the rapid and secure on-site classification of unknown substances—sometimes hazardous or toxic—or authentication of the correct origin of goods by trained users—but not necessarily scientists [1,2,3,4]. Therefore, it seems that the realization has taken hold that vibrational spectroscopy—and as will be explained in more detail below, specifically handheld NIR instruments—can make a significant contribution to improving safety and general standards in everyday areas of life [5,6,7,8,9,10,11].



One of the most important goals in miniaturizing an analytical instrument is to ensure that the reduction in size does not come at the expense of measurement performance. Therefore, handheld spectrometers will only have a real impact on quality control if their spectra can provide comparable analytical results to larger benchtop instruments. However, with respect to this issue, we have demonstrated in numerous feasibility studies in recent years (including the test of miniaturized and benchtop spectrometers to solve the same analytical problem) that equivalent results can be obtained for both qualitative and quantitative applications [7,9,12].



While the weight of most Raman and MIR spectrometers is still in the range of 1 kg, miniaturization of NIR spectrometers has progressed down to ~100 g, and developments are underway to integrate them into cell phones [13]. In addition, Raman and MIR handheld spectrometers are still in the tens of thousands price range (USD) because, despite miniaturization, they offer a variety of add-ons and accessories, such as orbital raster scanning (ORS), surface-enhanced spectroscopy (SERS), Sequentially Shifted Excitation (SSE™), and dual laser excitation (DuoLASERTM) [14], for the Raman technique and various measurement modes for the FT-IR technique, such as attenuated total reflection (ATR) and diffuse/regular reflection. In contrast, miniaturized NIR systems have already reached price levels of USD < 1000 in some cases. Given these differences, the acquisition of Raman and MIR instruments will be limited to the aforementioned public institutions, whereas NIR systems will become affordable for private use in everyday-life applications by a non-expert user community in the near future because of further cost reductions resulting from the possibility of large-scale manufacturing.



NIR spectroscopy is primarily based on the absorption bands of overtone and combination vibrations of C-H, O-H, N-H, C=O, and C=C functionalities [15,16]. These signals occur at 10–100 times lower intensity compared to fundamental vibrations in the MIR [17]; however, with increasing sample thickness and in combination with chemometric evaluation models, the NIR technique has proven to be an excellent tool for qualitative and quantitative analysis with comparable chemical specificity and sensitivity to Raman and MIR spectroscopy. Due to the simplicity of sample presentation (measurements are predominantly performed in diffuse reflection or transflection without sample preparation), the advantages of miniaturization, and the affordability mentioned above, NIR spectroscopy has surpassed the other vibrational spectroscopic techniques as a handheld tool [18]. This review article, therefore, focuses primarily on the different design principles and the performance of commercially available, modern handheld NIR spectrometers and discusses their potential use in relation to selected on-site applications for materials and food testing.




2. Instrumentation


Generally, the main building blocks of a handheld NIR spectrometer are similar to a benchtop instrument. Thus, the light source of handheld NIR spectrometers is also based on tungsten-halogen lamps in analogy to benchtop instruments (but taking into account the thermal stability of the light source for a miniaturized system), and several variants are available for the wavelength selector and (depending on this) for the detection system [19].



In view of the rapid instrumental developments, several articles [2,5,19,20,21,22] have dealt with miniaturized and handheld NIR spectrometers in recent years. In the present work, we bring this topic up to the very latest level for the interested readers.



Miniaturization of NIR spectrometers has progressed primarily through the use of MEMS (Micro-Electro-Mechanical) and MOEMS (Micro-Opto-Electro-Mechanical) systems [23,24]. Usually, portable NIR spectrometers are divided into two categories according to the type of detector: array detectors and single detector devices. In the NIR wavelength range, indium gallium arsenide (InGaAs) is the preferred material for manufacturing detectors. Compared with array detectors, the price of a single-detector system is much lower [25]. Thus, for the design of new instruments it is the preferred alternative for the reduction of hardware costs.



As for the wavelength selector, at present the equipment can be divided into the following types:




	(a)

	
Linear-variable filter instruments with array detectors.




	(b)

	
MEMS-based FT-NIR instruments with an opto-electro-mechanical structure.




	(c)

	
Spectrometers with Texas Instruments’ digital micro-mirror device (DMD™) as wavelength selector.




	(d)

	
Spectrometers with a Fabry-Perot etalon acting as a tunable wavelength filter.




	(e)

	
NIR grating micro spectrometers.




	(f)

	
Individual NIR scanner based on 16 organic solar cells as detectors, that absorb only a limited wavelength range in the NIR and does not require a monochromator.









In Figure 1, the different types of selected, commercially available, handheld NIR spectrometers are summarized with their simplified building principles and the most important performance parameters. An in-depth discussion of the individual monochromator/detector principles can be found in a recent publication [21]. As far as the performance of different handheld instruments is concerned, a high S/N ratio and a wide range of available wavelengths/wavenumbers are generally beneficial for the prediction performance. In a trade-off situation, a high S/N ratio can compensate for the shortcomings of a narrow wavelength range.



Regardless of instrument performance, simplification of sample presentation also plays a major role in the ease of use of handheld NIR spectrometers. Most applications for on-site or in-the-field measurements focus on the investigation of solids where the NIR scanner window is brought into direct contact or only a short distance from the sample and the spectra are recorded in diffuse reflection. A very interesting development, which is also suitable and highly recommended for the measurement of heterogeneous solid samples, has recently been launched by SiWare Systems. In Figure 2b, this hardware add-on is shown in use for the bottom-up measurement of soil samples in comparison to the conventional manual diffuse-reflection approach (Figure 2a). Due to the rotation of the turntable and the bottom-up measurement through a glass bottom, on the one hand, a very easy sample preparation is guaranteed and, on the other hand, an extensive exclusion of the influence of the heterogeneity of the sample is ensured. For measurements of liquid samples, either special hardware add-ons (see the example of oil measurements in the Applications section) or the NIR spectrometer with transflectance mode must be used.




3. Applications


Numerous articles are currently devoted to the quality control of agricultural products and foodstuffs [26,27,28,29,30,31,32,33,34,35,36,37], pharmaceuticals [12,38,39,40,41,42,43], polymers [7,44], and forensic investigations [45,46,47] with handheld NIR spectrometers. In a very recent literature review, Bec et al. summarized the applications of this technique to the analysis of food, including milk and dairy products, meat, fish, fruits and vegetables, beverages, and syrups [5].



Unfortunately, fraud and adulteration have recently become frequent issues ranging from life science to everyday life materials, such as foods and textiles. The previously mentioned progress in miniaturization and increasing affordability of handheld NIR spectrometers make them an attractive quantitative analysis and authentication tool for customer protection by on-site and in-the-field measurements. The application examples listed below not only demonstrate the general potential of handheld NIR spectrometers for the analysis of materials but also illustrate the impact for quality control in everyday life. As part of the description of these application examples, efforts to develop robust calibration models, including the use of external validation sample sets, replicate measurements of samples, choices of variable selection algorithms, and spectral preprocessing algorithms, will also be discussed.



The following application examples refer either to recently published papers or to feasibility studies performed in our laboratories. In the former case, only the results are briefly summarized, while in the latter case, both the measurements, spectra pretreatment, and evaluation are described in some detail. The evaluation of the measured spectra was always carried out with the aid of chemometric evaluation models, both for qualitative analysis and for quantitative determinations. Various commercial or specially developed evaluation programs were available for this purpose.



3.1. Textiles


3.1.1. Qualitative Analysis


Textiles are extremely important materials for daily life, whether for use as simple body coverings or beauty and decoration purposes. Although their quality and price vary widely, it is difficult for the general population to identify and distinguish the material purely visually. Thus, there is an urgent need for a simple tool to quickly verify the correct identity of purchased textiles to protect consumer rights. With this in mind, we have investigated the potential of portable near-infrared spectrometers for textile authentication and identification [48].



Prices of textiles (natural materials—cashmere, silk, cotton, etc.; or synthetic materials—polyamide, acrylic, polyester, etc.) vary widely, and fraudsters often sell low-quality materials to gullible customers at unreasonably high prices. For example, mercerized cotton, which has a shiny feel, is used to make fake silk carpets, quilts, and scarves. However, this deception can be easily avoided using handheld NIR spectroscopy by simply comparing reference spectra with the spectrum of the material tested on-site (Figure 3). Therefore, even non-expert users can quickly identify or authenticate products of interest by handheld NIR spectroscopy in combination with an easy-to-use evaluation model for specific materials.



For the identification of more textile materials, a proof-of-concept study was conducted [48]. Forty-eight samples were collected from nine different categories of natural and synthetic materials (cotton, wool/cashmere, silk, acrylic, Kevlar, elastane, polyester, Nomex, and polyamide-6/polyamide-66). NIR spectra were measured in diffuse reflection using four different handheld scanners (DLP NIRscan Nano EVM, Si-Ware Systems FT-NIR, Spectral Engines NR 2.0-W, and Viavi MicroNIR 1700). Principal component analysis (PCA) was combined with soft independent modelling of class analogies (SIMCA) and mean Euclidean distances in the PCA score plot were evaluated to build a classification model for textiles whose performance was validated with 24 external samples. In Figure 4, the covered wavenumber ranges of the four spectrometers are compared based on the spectra of two textiles (cashmere wool and silk). Due to the coverage of the largest and most important spectral range (blue spectra in Figure 4a,b), the best classification capability was demonstrated by the MEMS FT-NIR (Si-Ware Systems) instrument.




3.1.2. Quantitative Analysis


Due to its exceptional chemical, physical, aesthetic, and tribological properties, silk is a popular material for the manufacturing of clothing, blankets, and carpets. It is often blended with cotton, polyester, or other materials to achieve a different look and feel [49]. This leads to strong price fluctuations and because the distinction of silk blends from pure silk is difficult for the ordinary consumer, this situation is often used in tourist centres or on-line sales to deceive customers [50,51].



To document the suitability of handheld NIR spectrometers for detecting such deception, the rapid elucidation of the composition of silk–cotton blends using miniaturized NIR scanners is demonstrated as a first quantitative example. Five different handheld NIR spectrometers, trinamiX spectrometer (trinamiX GmbH, Ludwigshafen, Germany), NeoSpectra Scanner (Si-Ware Ltd., Cairo, Egypt), Viavi MicroNIR 1700 (Santa Rosa, CA, USA), Spectral Engines NR 2.0-W (Helsinki, Finland), and SenoCorder Solid (Dresden, Germany), were used to detect the cotton content in silk–cotton blends [9], and their performance was compared with the Thermo Antaris II reference spectrometer (Thermo Scientific, Madison, WI, USA). Eighty-one blended samples with cotton content from 0.00 to 100.00% (w/w) were prepared, and a partial least squares (PLS) model was constructed. Twenty samples (3.00%~98.00% (w/w)) were prepared as a test set for external validation. The sample presentation for the measurements with the different instruments and the corresponding spectra of pure silk and cotton are shown in Figure 5. The results showed that the root mean square error (RMSE) of the calibration model established by the laboratory benchtop NIR spectrometer was about 1.9% (w/w), while the corresponding values for handheld instruments ranged from 2.5 to 4.0% (w/w). Notwithstanding these slight RMSE variations, all handheld spectrometers in this comparative study were considered suitable tools for detecting intentional fraud in silk–cotton blends, thus enabling customers to protect themselves against adulteration.



As pointed out above, for the performance of handheld instruments, a high S/N ratio and a large wavelength/wavenumber range typically have beneficial effects on the predictive performance. In addition, a high S/N ratio can always compensate for the shortcomings of a narrow wavelength range.



In a similar application example, the silk was blended with polyester [52]. Based on a PLS calibration with 65 reference samples and 34 test samples of known content (silk/polyester blends in the concentration range 100/0–50/50 % (w/w)), a NIR spectroscopic technique for testing with a handheld instrument (MicroNIR 1700) was developed, which allows a rapid estimation of the silk content with a root mean square error of prediction (RMSEP) of about 2% (w/w) directly at the point of purchase (Figure 6).





3.2. Polymers


Recycling the most common polymers, such as poly(ethyleneterephthalate) (PET), polyethylene (PE), poly(vinylchloride) (PVC), polypropylene (PP), and polystyrene (PS), is an extremely important issue for the sustainable use of raw materials and environmental protection. In the following application example, two handheld spectrometers (NeoSpectra and NIR One) based on different monochromator principles and different wavelength/wavenumber ranges (see also Figure 1) were used for the development of a classification model for the aforementioned polymers.



Forty-three polymer samples in different morphologies (plates, pellets, powders, films, and fibres) were collected and measured in diffuse reflection with the two spectrometers. Some samples contained small amounts of additives, pigments, or dyes (however, no carbon black), which had no significant impact on the NIR spectra. Then, 29 samples were randomly selected as a PCA calibration set for modelling, while the other 14 samples were used for the validation of the PCA model performance.



The diffuse reflection spectra (averaged triplicates) were pre-treated by the second derivative and SNV algorithms. The effect of pre-treatment based on the raw spectra of the five different polymers measured with the NeoSpectra scanner is shown in Figure 7.



Figure 8a1,b1 shows the PCA score plots for the first three PCs of the five polymer commodities measured by the two spectrometers. In Figure 8a2,b2, the same score plots with the inclusion of the test samples (cyan dots) are shown. It is demonstrated that the MEMS based FT-NIR spectrometer (NeoSpectra) with a large wavenumber range can clearly distinguish the five polymers and successfully assigns the test samples to the correct clusters. However, the Fabry Perot tuneable filter instrument (NIR One) failed to separate PE and PVC (Figure 8b1,b2, red and magenta dots) because of its limited wavenumber range and reduced significant spectral features.



Incidentally, the result found via PCA of a better identification trend of the polymer clusters with the data from the instrument with a wider wavelength/wavenumber range (NeoSpectra scanner) was also confirmed by soft-independent-modelling-class analysis (SIMCA) in the work described.



In the PCA, the clustering state has a significant influence on the classification ability. Usually, the larger the Euclidean distance between two classes, the stronger the ability to classify them [53], which provides a way to compare the ability to distinguish and recognize spectra measured on different spectrometers. Table 1 clearly reflects that using the NeoSpectra scanner can achieve larger distances.




3.3. Food


In no other material sector (except for pharmaceutical products) are adulteration and deception as widespread and associated with negative health consequences for the consumer as in the food sector. In the following sections, we discuss, by way of example—but certainly not comprehensively—some applications of food authentication and discrimination and food fraud detection using portable NIR spectroscopy.



3.3.1. Edible Oil


Edible oil is an important food ingredient and numerous studies have been conducted to develop methods for its quality control by handheld NIR spectrometers, including the detection of adulteration, identification, and quantitative analysis of quality indicators.



Qualitative Analysis


In several articles, promising results regarding the quality control of oil by handheld NIR spectroscopy are reported. Herein, we selected the detection of adulteration of palm oil, copaiba oil, olive oil, and others. Regarding palm oil adulteration, the NIRScan Nano spectrometer was used to discriminate pure palm oil from palm oil adulterated with recycled cooking oil in varying concentrations. In this study, it was demonstrated that palm oil samples adulterated with recycled cooking oil at a concentration of 15% (w/w) and above could be classified with 100% accuracy [54]. For the authenticity identification of copaiba oil, the handheld VIAVI MicroNIR 1700 spectrometer was used in combination with DD-SIMCA, and the results showed that the specificity related to samples not belonging to the target class was 97.3%, and the average efficiency of the model was 92.3%, revealing it to be very promising for quality control and authenticity testing applications [55]. Olive oil contains a high concentration of unsaturated fatty acid, which is very beneficial to the human body. Therefore, it is often adulterated with low-price oil. Yan et al. examined the spectral features of olive oils with the NIR Pro 1700ES spectrometer (JDSU, Milpitas, CA, USA) to explore the technology’s capability to distinguish extra virgin olive oil from lower grade oils. The results demonstrated that the handheld NIR spectroscopic technique is promising for the rapid screening of olive oil grades. In these investigations, especially the 1350–1570 nm wavelength range, proved very sensitive for the distinction of the oils [56]. The NeoSpectra scanner (Si-Ware Systems, Inc., Cairo, Egypt) provides an effective tool for the rapid in situ identification with 100% accuracy of the oil type used for potato chips. The spectra have also been used to predict the major fatty acid composition (palmitic acid, oleic acid, and linoleic acid) with a strong correlation (Rval > 0.97) and low standard error of prediction (SEP = 1.08–3.55%(w/w)) [57].



As a final example, peony oil shall be discussed here [58]. The beautiful peony flower has not only a high ornamental value but also a high nutritional and health care function. It is a pure natural yellow edible oil (Figure 9a), in which the total content of unsaturated fatty acids, including α-linolenic acid (ω-3 fatty acid), linoleic acid, and oleic acid, is >90.0%(w/w). In addition, it contains abundant healthy active substances, such as squalene, flavonoids, and polyphenol compounds [59,60,61]. Thus, it enjoys great popularity, but to avoid fraud by fake products, a rapid identification analytical technique by handheld NIR spectroscopy was investigated.



A MicroNIR 1700 instrument (Figure 9b) was used to record the spectra for the development of a calibration model to rapidly discriminate peony oil from other oil species. Eighteen peony seed oil and nineteen other oil samples (olive, sunflower, blended, corn, and sesame), collected from different oil factories, were used as the calibration set to build a model. A test set consisting of 9 peony seed oils and 10 other oil samples was collected for the external validation of the model performance.



The spectra were pre-treated by SNV, and then a PCA was carried out. Additionally, a SIMCA model was used to test the identification capability for the spectra of the test set. In Figure 10A, the 3D-PCA score plot based on the first three PCs is shown for the calibration samples. The peony seed oil was clearly discriminated from the other oil species and the test samples were assigned to the correct clusters. The SIMCA classification result is represented in a Coomans plot and, in the present case, the peony seed oil identity can be achieved if the spectra of the unknown test samples were assigned to the relevant quadrant defined by the SIMCA model. In Figure 10B, the Coomans plot (5% significance) represents the unambiguous discrimination of peony and non-peony oil samples by assigning the spectra of the test set correctly to the corresponding quadrants. Thus, it has been clearly proved by this feasibility study that handheld NIR spectroscopy can be utilized for the discrimination of peony oil from other oil samples.




Quantitative Analysis


As stated further above, the quality of oil crops and oil adulterated with other substances are one of the research focuses of handheld NIR spectroscopy. For canola oil quality, for example, the NIR models developed with the MicroNIR OnSite-W instrument (Viavi Solutions Inc, Santa Rosa, CA, USA.) for the content of oil, protein, oleic acid, and iodine value showed excellent stability and predictive power with R2 values of 0.94–0.99 and low standard errors of prediction (SEPs) for external validation sample sets [62].



For in-the-field quality evaluation of the oil content in olive drupes, the portable and comparatively cheap Vis/NIR (500–1000 nm) device Jaz (OceanOptics Inc., Dunedin, FL, USA) was used, and the results showed that the R2CV and RMSECV were 0.67 and 3.58%(w/w), respectively. However, the prediction accuracy was low, compared to a benchtop instrument [63]. For palm oil, Sudan IV dye is often added to improve the appearance for a higher price. With reference to this issue, an identification study was conducted, and it was demonstrated that palm oil samples adulterated with Sudan IV dye in the concentration range of 0.002–0.10 % (w/w) can be certified rapidly and nondestructively by using the short-wave handheld NIR spectrometer (740–1024 nm) SCIOTM (model CP-SC006). The best PLS results (R2C of 0.91, R2P of 0.90, RMSEC of 0.0841% (w/w), and RMSEP of 0.0868%(w/w)) were achieved with SNV preprocessing [64].



Another very important research area is oil composition, including normal components (fatty acid content) and harmful components (peroxide value, etc.).



For the determination of fatty acid composition, a handheld NIR spectrometer (MicroNIR OnSite, VIAVI Solutions Inc., Monza, Italy) was used for on-site determination of the fatty acid’s (FAs) composition of industrial fish oils from fish byproducts. Evaluation of the external test set in models for saturated fatty acids (SFAs), monounsaturated fatty acids (MUFAs), polyunsaturated fatty acids (PUFAs), and omega-3 showed promising results, with R2 values of 0.98, 0.97, 0.97, and 0.99, respectively; RMSEPs (%(w/w)) of 0.94, 1.71, 1.11, and 0.98, respectively; and bias (%(w/w)) values of 0.78, 0.12, 0.80 and 0.67, respectively [65].



During the storage of oil, some intermediate products are produced, which are very unstable and continue to decompose into aldehydes, ketones, and other oxides, which further deteriorate the oil [66]. The degree of oxidation of oils and fatty acids is reflected by the peroxide value (PV). Long-term consumption of food with a high PV is harmful to human health [67]. Therefore, a fast detection method for the PV of oil is an everyday life requirement for common people. For this purpose, a MicroNIR 1700 instrument combined with a liquid-sample accessory (Figure 9b,c) was applied to investigate the feasibility of identification. Fifty-four oil samples were collected as the calibration set for the development of the calibration models, and twenty-seven samples were collected as the test (or prediction) set to externally validate the prediction capability of the calibration models. The spectra were pre-treated by SNV scatter correction and the wavelength variables were optimized by three kinds of wavelength selection algorithms: competitive adaptive reweighted sampling (CARS), random frog (RF), and genetic algorithm (GA). The results showed that CARS has the best performance with the lowest RMSEC of 0.76 mmol/kg. The calibration performance was also validated by the test samples [68].





3.3.2. Flour


Flour is obtained by milling a variety of different grains (wheat, barley, corn, oat, rye, potato, and rice) and is used as raw material for a wide variety of food products [69,70,71,72], including bread, pasta, cake, and dumplings. Due to different kinds of flour having different prices, the authentication and quality assurance of this basic food product are of great public importance.



Adulteration


Since almond (Prunus dulcis) flour is highly nutritious and has a high price, it has become a candidate for adulteration to increase the profit by lowering the product cost. Netto et al. [73] used three different portable NIR instruments (DLPR NIRscanTM Nano, MicroNIR™ 1700, and NeoSpectra FT-NIR) to identify the authenticity of almond flours. The classification results achieved 100% sensitivity and more than 95% specificity for samples with an adulterant concentration of 5% (w/w) or above, and the PLS models showed R2 values greater than 0.90 for all models and RMSEP values between 3.2 and 4.8% (w/w) for purity. For the detection of quinoa flour adulteration, portable near-infrared spectroscopy (NIRscan™ Nano) was used to detect adulteration in the range of 0–51% (w/w). The PLS model had an R2P of 0.98, RMSEP of 1.60%(w/w), RPD of 7.71, and RER of 22.56, which demonstrated the potential of portable NIRS as a rapid, low-cost and non-destructive analytical tool for adulteration detection in this product [74].



In another application example, a low-cost, ultra-compact, and handheld MicroNIR 2200 spectrometer (JDSU, Santa Rosa, CA, USA) with a spectral wavelength range of 1150–2150 nm was used to detect the adulteration of wheat flour by eight varieties of cassava flour at five concentration levels of 5, 10, 20, 30, and 40%(w/w). The prediction accuracies of the 2-class discriminant models were all over 95.00% in separating the pure and adulterated wheat flour. However, the highest overall accuracy of a 6-class (0, 5, 10, 20, 30, and 40%(w/w)) discriminant model was only 75.31% [75].



The examples cited above demonstrate that the technique of handheld NIR spectroscopy is a very valuable tool for the qualitative and quantitative analysis of flours and their derivatives.




Quantitative Analysis


The main ingredient for staple food products, such as bread, pasta, dumplings, and noodles, is wheat [72]. Due to the environmental and various climate influences, the protein, wet gluten, moisture, ash, sedimentation, and further physical and chemical properties of flour, milled from wheat of different origin, vary greatly, which directly affects the scope of its applications [76,77,78,79]. For noodles, high protein content in the flour is needed, while, on the contrary, low content is suitable for biscuits. Many people use a variety of wheat flours to prepare different kinds of food, and a handheld NIR spectrometer would be a welcome and affordable tool to rapidly test the flour in use for its qualification to produce a specific food, such as high-quality bread, pita bread, baguette, cakes, hand-pulled noodles, dumplings, etc. To develop a solution approach to this problem, 187 samples of wheat flour, belonging to the 405, 1050, 700, and 550 types, were collected as the calibration set, and five parameters of protein, moisture, wet gluten, ash, and sedimentation were chosen as the prediction indicators. Three kinds of handheld NIR spectrometers, Spectral Engines NR 2.0-W (Helsinki, Finland), Viavi MicroNIR 1700 (Santa Rosa, CA, USA), and Si-Ware Systems (Cairo, Egypt), were used to measure the samples, and PLS calibration models were developed. Additionally, the prediction performance of the calibration models was validated by 48 test samples [80]. Furthermore, the feasibility study provided the following conclusions: (1) the basic parameters of wheat flour can be rapidly determined by using the different handheld NIR spectrometers; (2) protein yielded the highest calibration accuracy, followed by ash, wet gluten, moisture, and sedimentation; (3) for the performance comparison of the Si-Ware Systems and Viavi MicroNIR 1700 spectrometers, there is competition with reference to wavenumber range and signal-to-noise (S/N) ratio; and (4) as shown for other applications, the lower calibration performance of the Spectral Engines instrument is due to the narrow spectral wavelength/wavenumber range of its spectra.





3.3.3. Hazelnut


Hazelnuts are widely used in the food industry for the production of butter, chocolate, ice-cream, dairy products, confectionary and baking, and can also be added to yoghurts, breads, cereals, and liquors. Besides the food industry, hazelnuts can also be used as additives in cosmetic and pharmaceutical formulations [81]. Thus, the hazelnut crops have increased in many countries in recent years, and the hazelnut market is projected to reach a CARG (Compound Annual Rate of Growth) of 10% during the forecast period (2022–2027) [82].



The oxidation process is the main degradation factor in food containing oil and fat. Since hazelnuts are rich in mono- and polyunsaturated fatty acids [83], the control of storage, shelf life, and annual harvest has shown enormous importance both in the industrial production chain and in supplier analysis.



To test the feasibility of discrimination between hazelnuts harvested in two successive years of cultivation, the trinamiX spectrometer (trinamiX GmbH, Ludwigshafen, Germany) was used in conjunction with a Partial Least Squares Discriminant Analysis (PLS-DA) model. Twenty samples (ten from the 2021 crop and ten from the 2022 crop) were ground to obtain homogeneous samples and minimize the physical effect of different particle size.



The powdered samples were placed in petri dishes and the spectrometer was positioned to measure top-down while maintaining a maximum distance of 1–2 mm between the scanner window and the sample surface (Figure 11A). Spectra were collected every 2s in the wavenumber range of 4080–6896 cm−1 with a spectral resolution of 8 cm−1. Triplicates were measured at different positions of the sample and the average of these spectra (Figure 11B) was utilized to develop the PLS-DA model. The raw average spectra were preprocessed by the 2nd derivative (window 9, polynomial 3) and the wavenumber ranges 4080–4200 cm−1 and 6896–6200 cm−1 were truncated (Figure 11C) before further processing. Slight differences can be found in the spectral profile between 4200 and 4500 cm−1, which can be attributed to combination bands of ν(C-H) and ν(C-C) of lipids and ν(O-H) and ν(C-O) and ν(C-H) and δ(CH2) of polysaccharides [17].



An exploratory PLS-DA model was built using leave-one-out cross-validation and the results are shown in Figure 11A. The threshold for discrimination of the old and the new crop is shown by the dashed red line (Figure 11D). Samples above the threshold are attributed to the 2021 crop, while the samples below the limit are assigned to the 2022 crop. Only one sample of the old crop (circled in black) was erroneously attributed to the new crop. The sensitivity value of new samples was 90%, while their specificity was 100%. On the other hand, samples of the old crop reached values of 100% and 90% for sensitivity and specificity, respectively.



To develop a robust model, further samples will be added to the model and an external validation set will be tested. Notwithstanding further improvements, the achieved preliminary results demonstrate the potential of this application for the differentiation of different crops.




3.3.4. Bread Staling


In the preceding examples, applications of general, practical value to consumers have been discussed first and foremost. In the following study of bread—the most widely consumed food—it will be demonstrated that data measured with a hand-held NIR scanner can also be used as a basis for a sophisticated, advanced research application.



According to the 2021 Food Waste Index [84], global food waste has been estimated at 931 million tons per year. Unfortunately, bread is also one of the most wasted products because of loss of taste and other negative aging characteristics. The reason is the so-called staling process, which is based on the two critical factors: retrogradation (recrystallization) of starch [85] and the decrease of water content by evaporation and diffusion from core to crust. Therefore, in a lengthy feasibility study, based on time-dependent NIR measurements of a fresh bread surface in diffuse reflection, we analyzed the chemical process of staling by applying a Two-Dimensional Correlation Spectroscopy (2D-COS) analysis [86] and a Multivariate Curve Resolution—Alternating Least Squares (MCR-ALS) model [87,88] to the spectroscopic data.



Two-Dimensional Correlation Spectroscopy (2D-COS)


Many techniques have been applied for the investigation of the staling process, such as differential scanning calorimetry (DSC) [89], nuclear magnetic resonance (NMR) [90], rheological studies [91], and mid-infrared spectroscopy [92]. To demonstrate the potential of handheld NIR spectroscopy, the present investigation was carried out with the NeoSpectra FT-NIR Scanner of Si-Ware Systems (Cairo, Egypt), which operates on the basis of a monolithic MEMS single-chip Michelson interferometer.



To elucidate which chemical functionalities of starch and water are sensitive to the staling process and to propose a possible sequence of structural changes based on the intensity variations, 2D-COS analysis was applied as the first step. The surface of fresh baguette was monitored in this work in total over a period of 48 hours. However, only the 2D-COS results of the most important structural changes of the first 6 h are discussed here in a condensed version. The complete analysis and discussion of the 48 h interval can be found in Neves et al. [93].



Three replicate spectra were recorded in the wavenumber range of 4000–7400 cm−1 from a Ø 10 mm sample spot with a scan time of 10 s at a spectral resolution of 66 cm−1 (at 1550 nm). As a reference, a 99% Spectralon reflectance standard (Labsphere Inc., North Sutton, NH, USA) was used. The spectra were stored by wireless connectivity via Bluetooth on a Samsung Electronics Co., Ltd. (Seoul, Republic of Korea) tablet. The average spectra of the replicate measurements were calculated and an extended multiplicative scatter correction (EMSC) [94] was applied to the dataset. In the final preprocessing step, the spectral range was truncated to the wavenumber range of 6000–4000 cm−1. In Figure 12a,b the structural schematic of retrogradation and the measurement set-up are shown.



To rapidly visualize the spectral variations, the evolving difference spectra were calculated by using the spectrum at time zero as reference for subtraction from the subsequent spectra. As a result, a graphic with bands pointing up or down resulted (Figure 12c), which could be related to specific functionalities of water and starch.



Due to water evaporation and diffusion from core to crust, the bands pointing down at 5311 cm−1 and 4964 cm−1 in the evolving difference plot are related to the ν(OH) + δ(OH) combination bands of weakly and strongly hydrogen-bonded water, respectively. The bands pointing up at 5851 cm−1 (2xν(CH2), 1st overtone), 5158 cm−1 (ν(OH)+ δ(OH) combination), 4703 cm−1 (ν(OH) + ν(C-O) combination), and 4346 cm−1 (ν(CH2) + δ(CH2) combination) are related to absorption bands that represent the crystallization of starch during the aging process.



In a further step, the dataset was subjected to a 2D-COS analysis and the synchronous and asynchronous 2D-COS maps were developed for the time interval of 0–6 h (Figure 13). The strongest peaks were selected for both synchronous and asynchronous maps, and the analysis of these signals with reference to their peak signs (+/−) and the conclusions regarding their sequence are summarized in Table 2.



From Table 2 and the 2DCOS interpretation rules [86], the following sequence of spectral variations can be proposed for the most intense cross peaks:   4703 ,   4346 < 5311 < 5158 < 4964   cm−1.



Thus, in conclusion, for the first six hours of white bread staling, the sequence of events is: diffusion and evaporation of strongly hydrogen-bonded water > reorganization of starch OH-functionalities > evaporation of weakly hydrogen-bonded water and partial conversion to strongly hydrogen-bonded species > crystallization of amylopectin.




Multivariate Curve Resolution—Alternating Least Squares (MCR-ALS)


For the MCR-ALS analysis the NIR spectra measured during the total aging time interval of 0–48 h, truncated to the 6000–4000 cm−1 range and scatter corrected by EMSC, were used. Two components were selected to initialize the MCR-ALS algorithm [95,96]: the first component is the first spectrum of the system, mainly related to amorphous starch and water, and the second component is the last spectrum of the system, mainly related to crystalline starch. The constraint non-negativity was applied to the spectral profiles since the NIR spectra have only positive values after the EMSC scatter correction.



The optimized spectral profiles (ST) obtained by decomposition of the instrumental dataset (X) are shown in Figure 14A, and the corresponding concentration profiles (C) of the two components are shown in Figure 14B.



The crossover point (represented by the red arrow in Figure 14B) indicates that the system contains 50% of each component, viz. 50% amorphous starch plus water and 50% crystallized starch. Since the second component strongly resembles the spectrum of crystalline starch, the crossover points specifically, and the orange trace in general, may be associated with a “tentative degree of crystallinity” of the system under investigation.



By 2D-COS analysis, the structural changes for the investigated time interval of aging are emphasized. Thus, in the initial phase, between (0–6 h) the crystallization of starch, it was highlighted as the first process, followed by the depletion of weakly hydrogen-bonded and subsequently strongly hydrogen-bonded water.



MCR-ALS analysis, on the other hand, provided practically valuable concentration profiles of the initial components (amorphous starch and water) and the final aging product (crystalline starch) as a function of aging time. From the crossover point of the two concentration profiles, the 50% degree of starch crystallization could be derived.





3.3.5. Grapes


Precision viticulture drives the observed growth in automation and monitoring with the objective to improve several aspects, such as grape and wine quality, optimize crop management, comply with legal regulations, and decrease operating costs.



The key point in viticultural operation targeting to “grow grapes to specifications” is the possibility for the winegrower to have access to the metabolic information of the vine, i.e., the composition of the grape, enabling management of the maturation and consequent quality of the wine. The lack of a non-destructive technology that can directly or indirectly measure a high number of vine and grape metabolic parameters has made it difficult to implement advanced management strategies using process analytical technology and bioinformatics existing in other areas of agro-industrial biotechnology [97].



The implementation of an analytical on-site tool for managing the quality of the grapes requires the development of a “Smart Sensor” fit for decision making. This tool should support the following features:




	(a)

	
Automate the processing of spectroscopic data in the database.




	(b)

	
Integrate the information collected in the field and in the laboratory in the field image, using augmented reality techniques.




	(c)

	
Visualize, based on the image of the field, the different classifications of the quality of the grape, and the chemical composition of the grape obtained either based on an estimate or based on laboratory analysis.




	(d)

	
Visualization of the results of the various wine management strategies.









The analytical technique of in-the-field spectra acquisition must contemplate the collection of information about (i) variation of the spectrum collected in each shot; (ii) spectral variation of the bunch; (iii) spectral variation of bunches in different plants; (iv) variation and definition of spatial resolution; as well as (v) definition of temporal resolution.



Materials and Methods


In this study, grapes from the same cultivar (Palato do Côa, Portugal) and harvest year were collected at three different maturation stages: pre-harvest, harvest, and post-harvest. The grape varieties used in this study were Touriga Nacional and Touriga Franca. Spectra were collected using the handheld NIR spectrometer, NIR-M-R2, in the wavelength range of 900–1700 nm (InnoSpectra Corp., Zhubei City, Taiwan) with a digital resolution of 228 points, exposure time of 1.27 ms, and 15 scans to average. A precise place of the grape was chosen for analysis to ensure consistent results. For each grape, juice was collected using a manual press and the sugar content level (Brix) was measured using a Pallete Atago (Tokyo, Japan). All measurements were carried out in the lab, on the same day as the harvest, and in a temperature-controlled environment.



In total, the dataset is composed of 218 different samples. The sugar content level of the grapes ranged from 7 to 26°. The dataset was split into a calibration set (152 samples) and an external test set (66 samples), maintaining the same proportion between brix values.



For the initial sugar PLS calibration, we preprocessed the data using a combination of algorithms, such as retaining wavelength variables between 930 and 1450 nm, Standard Normal Variate (SNV), and first derivative using a Savitzky-Golay filter, with a window size of nine and 2nd order polynomial. The cross-validation method used was 5-fold random subsets. After choosing the latent variables, this model was applied to the external dataset, to validate the performance of the model (RMSEP).



To make this model robust to external parameters, such as temperature, the same experimental design proposed by J.-M. Roger in 2003 [98] was applied. Briefly, a new dataset was created featuring five distinct grapes. These grapes were evaluated under four varying temperature conditions (20 °C, 25 °C, 35 °C, and 50 °C), and their spectra were measured in various positions across the grape. Utilizing this dataset, we then orthogonally corrected the calibration model using two established methods: the External Parameter Orthogonalization (EPO) [98] and the Error Removal by Orthogonal Subtraction (EROS) [99].




Results and Discussion


	(1)

	
Building the Base Calibration







The comparison between the raw and preprocessed data is shown in Figure 15. Calibration set (a) without preprocessing; (b) preprocessed with truncation, SNV, and first derivative using Savitzky–Golay. It is worth noting the presence of four peaks in the preprocessed data.



The PLS regression was used to model the relationship between the NIR spectra and a set of response variables Y (e.g., ºBrix). To choose the best number of latent variables, we evaluated the calibration error (RMSEC) and the cross-validation error (RMSECV) as a function of the number of latent variables between 1 and 20 (Figure 16). From this figure, it can be derived that for a number of latent variables bigger than five, the RMSEC continues to decrease, but the RMSECV does not follow this trend. Thus, the best balance between RMSEC and RMSECV is five latent variables.



The base calibration has a RMSEC and RMSECV of 2.06 and 2.20 units of ºBrix, respectively (Figure 17a). When the external dataset is predicted, an RMSEP of 2.75 ºBrix has been obtained (Figure 17b).



The results achieved in this preliminary study are satisfactory and comparable to reports in the literature [100,101,102]. We believe that the moderate results are due to the small spectral region covered by the handheld sensor, which also has a relatively low S/N ratio (see Figure 1). Although this calibration model is not yet ready to go to the field and needs further improvements regarding robustness against external effects, such as temperature and acquisition location, the applied sensor has the great advantage that it can be used directly in the vineyard.



	(2)

	
Building the Orthogonally Corrected Calibration







To orthogonally correct the temperature effect, two matrices D were created from the second dataset. Subsequently, the matrices P were calculated to EPO and EROS [103].



Comparing the EPO and EROS results, there are no significant differences between the two methods (Figure 18). Furthermore, comparing the orthogonally corrected models with the base model, no significant differences can be observed. Regarding the two chosen methods for orthogonal correction, we opted for EPO, because although the RMSEPs are identical, the D matrix contains more information about the external parameters (Figure 19). However, it is necessary to carry out further tests with grapes at different temperatures to definitely state that there are differences.



Once the Brix models are created, they must be integrated into a data architecture that allows curation, prediction, and distribution of data in real-time. This flexibility of the data permits the creation of new digital tools, such as digital twins of vineyards, helping the winegrower’s decision making. These digital twins make it possible to better understand the behavior of the vines during maturation, thereby optimizing the harvest.



In conclusion, the development of a Smart Grape Sensor (SGS) using handheld NIR spectroscopy has shown to be a valuable tool for precision viticulture in determining the quality of grapes and optimizing their crop management. By combining the data collected in the field with laboratory analysis, the SGS system was able to predict the sugar content level (Brix) of the grapes. The use of PLS regression in combination with the orthogonal correction algorithm allowed the development of a robust calibration model for use under varying temperature conditions.



Handheld sensors allow the integration of augmented reality techniques and visualization of the data provides an innovative and user-friendly interface for decision-making in the vineyard. The results of this study highlight the potential for an SGS system to improve the quality of grapes and wine production, while reducing operating costs and enabling product segmentation.






3.4. Environmental and Exploration Studies


In the following final section, the use of handheld NIR spectrometers for soil investigations is discussed regarding two aspects:




	(a)

	
Soil investigations in remote sites for the exploration of bauxite deposits.




	(b)

	
Soil testing to quantify the total petroleum hydrocarbon (TPH) content for exploration purposes and to determine decontamination measures.









In both cases, the desirable use of handheld equipment is easily understood to avoid the time-consuming sending of soil samples to distant analytical laboratories. The desirable homogeneity of the soil samples for the NIR spectroscopic investigations can be realized relatively easily on-site by sieving and/or pretreating with a small hand mill.



3.4.1. Detection of Bauxite Deposits


Bauxite occurs in three different modifications: Gibbsit (Hydrargillit) γ-Al(OH)3, Böhmit γ-AlO(OH), and Diaspor α-AlO(OH). This means that in the present case, the analyte aluminum has to be determined via the NIR footprint of the OH functionalities of the different modifications, because the metal has no absorption band of its own in the NIR spectrum.



This situation is illustrated by the spectra sections in Figure 20. While the large spectral range corresponds to the spectra measured on a benchtop instrument (VECTOR 22N, Bruker Optik GmbH, Germany) of two samples containing no aluminum and 53.6%(w/w) aluminum, respectively, the inset contains the spectra of the same samples measured on the handheld spectrometer VIAVI MicroNIR (see Figure 1a). The very sharp absorption bands of the benchtop spectrum of the aluminum-rich sample in the wavenumber range of 7000–7500 cm−1 can be assigned to 2 × ν(OH) overtone vibrations of OH-functionalities in different hydrogen-bonding states. Although the fine structure of this 2 × ν(OH) band complex is lost in the spectrum measured with the handheld spectrometer, the RMSE values of the corresponding PLS calibration show only a slight deterioration compared to the PLS calibration based on the data of the benchtop instrument (see below).



Based on 83 and 82 calibration spectra for the benchtop instrument and the handheld spectrometer, respectively, PLS calibration models were developed, and the most important preprocessing and performance parameters are reproduced in Table 3. In summary, a prediction accuracy (RMSECV) of about 4.5% (w/w) was obtained with the handheld NIR spectrometer compared to the superior RMSECV value of 3.9% (w/w) achieved with the calibration of the benchtop data. However, with regard to the use of the handheld device in the context of an on-site analytical technique, the achieved accuracy can be considered perfectly adequate for a rapid screening method.




3.4.2. Total Petroleum Hydrocarbons (TPH) in Soil


For successful soil remediation and hydrocarbon exploration operations, determining the TPH content of soils [104] is an indispensable process step. Thus, for rapid decisions for exploration work or for environmental site assessment projects, a quick—preferably on-site—determination of the extent and magnitude of TPH content is desirable. Preceding studies by another research group favored a handheld FT-MIR spectrometer in diffuse reflection measurements for the quantitative determination of TPH in soils [105]. They claimed not only detection limits in the range of a few 100 ppm TPH but also the development of a global, site-independent calibration model. However, because of the strong overlap of the water absorption with the CH bands of the hydrocarbons in the MIR spectrum, we view these research results rather critically. Even in a pure two-phase system of potassium hydrogen phthalate (KHP) and water, the LOD for KHP obtained with a benchtop NIR spectrometer equipped with a fiber optic cable attachment is approximately 150 ppm [106]. In view of the much better separation of the water and hydrocarbon absorptions in the NIR spectrum, in the following section, selected results of our recent study [107] on the NIR spectroscopic determination of TPH content in soil samples using the NeoSpectra NIR scanner (Figure 1d) will be briefly presented for comparison.



For the development of PLS calibration models, diffuse-reflection NIR spectra were recorded from 162 soil samples from two different sites (Site#1: 98 samples; Site#2: 64 samples) with varying TPH reference values ranging from 350 to 30,000 ppm, as determined by capillary gas chromatography and flame ionization detection. These sample sets were further split into a calibration and a test set for the development of the calibration models and for external validation, respectively (Table 4).



In addition to site-specific calibration models, the study also attempted to use the LW-PLS [108] to develop a site-independent calibration model of the combined sample sets from both sites without significant penalty in calibration performance. Due to the importance of global calibrations for samples of different origin and nature, in what follows, only the conservative PLS model based on the NIR spectra of both sites is compared to the application of the LW-PLS model applied to the same sample set. Here, the obvious improvement of the calibration parameters of the LW-PLS model can be seen impressively in the comparison of the two models in Figure 21. Thus, not only the results achieved with the PLS calibration (RMSEC/RMSECV and R2C/R2CV values of 3007/3058 ppm and 0.755/0.747) improved dramatically by the application of the LW-PLS model (RMSEC/RMSECV and R2C/R2CV values of 687/959 ppm and 0.987/0.975) but also the average prediction error of the test samples ∅(Δ|P-R|) decreased almost by an order of magnitude from 2475 to 703 ppm (Figure 21a,b). Finally, the RMSE and R2 values of the LW-PLS approach differ only insignificantly from the parameters of the conservative PLS models for the site-specific calibrations. In conclusion, this study confirms the ability of next-generation portable NIR spectrometers to predict low-TPH levels in various soil types of different geographical origin to become rapid screening tools in the field.






4. Conclusions


The objective of this review is to turn the interested readers’ attention to the realistic potential of state-of-the-art handheld NIR spectrometers for qualitative and quantitative quality control. The large number of examples from extremely different application areas impressively demonstrates the state of development of handheld NIR spectroscopy for use in the quality control of materials and for authentication in the food sciences. Further advances in miniaturization will adapt these instruments for on-site use, e.g., by integrating spectrometer hardware into mobile phones, and further development of calibration software will make evaluation faster, more user-friendly, and more reliable, even for complex systems.



Vendors have succeeded in considerably reducing the manufacturing costs of handheld NIR spectrometers and are making great efforts to bring these instruments closer to a public non-expert user community for everyday life applications. Notwithstanding this progress, the technical background of new, elaborately advertised “NIR scanners of the future with cloud evaluation of big data”—especially for food and life science applications—should be critically scrutinized.
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Figure 1. Handheld NIR spectrometers with different monochromator/detector principles and their performance parameters: (a) linear variable filter instruments (trinamiX GmbH, Ludwigshafen, Germany; VIAVI Solutions Inc., Santa Rosa, CA, USA); (b) digital micro-mirror device (DMD™) spectrometers (Texas Instruments, Dallas, TX, USA; Innospectra Corp., Xinzhu, Taiwan, China); (c) Fabry Perot tunable filter instrument (Spectral Engines, Helsinki, Finland); (d) MEMS FT-NIR spectrometers (Si-Ware Systems, Cairo, Egypt; Hamamatsu Photonics, Hamamatsu city, Japan; Southnest Technology, Hefei, Anhui, China); (e) grating microspectrometers (Insion GmbH, Obersulm, Germany; OrO Photonics, Xinzhu, Taiwan, China) (f) NIR scanner with 16 solar cell detectors (Senorics GmbH, Dresden, Germany). Reproduced (CC-BY 4.0 license) from [21]. 
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Figure 2. Examples of sample presentation for diffuse-reflection measurements of soil: (a) manual operation with an LVF NIR scanner (trinamiX, Ludwigshafen, Germany); and (b) rotating-dish accessory of the MEMS FT-NIR scanner (Si-Ware Systems, Cairo, Egypt). 
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Figure 3. Rapid identification of the actual material utilized for a carpet (yellow spectrum) based on visual inspection of NIR spectra recorded with a handheld NIR instrument. 
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Figure 4. NIR spectra of two selected representatives of the investigated textile species ((a) cashmere wool, (b) silk) recorded with the four different handheld NIR spectrometers. Reproduced (CC-BY 4.0 license) from [48]. 
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Figure 5. Sample presentation for spectra recording with the different NIR instruments. Top row: (a) trinamiX scanner, (b) NeoSpectra scanner, (c) Viavi MicroNIR 1700, (d), Spectral Engines NR 2.0-W, (e) SenoCorder Solid, and (f) Thermo Antaris II benchtop instrument. Bottom row: (g–l) the spectra of pure cotton (blue) and pure silk (red) recorded with the corresponding instruments above. Reproduced (CC-BY 4.0 license) from [9]. 
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Figure 6. Actual/predicted plot of 34 test samples demonstrating the feasibility of an NIR spectroscopic on-site test for the determination of the silk content in quilts. 
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Figure 7. Comparison of the original spectra (a) of selected representatives of the five polymers measured using the NeoSpectra scanner and (b) the corresponding spectra after pre-treatment by 2nd derivative and SNV. Reproduced (CC-BY 4.0 license) from [7]. 
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Figure 8. Three-dimensional PCA score plots based on the calibration spectra of the five polymer commodities measured with the two different handheld spectrometers: (a1) NeoSpectra Scanner; (b1) NIR One; (a2,b2) corresponding score plots with the inclusion of the test samples (cyan points). Reproduced (CC-BY 4.0 license) from [7]. 






Figure 8. Three-dimensional PCA score plots based on the calibration spectra of the five polymer commodities measured with the two different handheld spectrometers: (a1) NeoSpectra Scanner; (b1) NIR One; (a2,b2) corresponding score plots with the inclusion of the test samples (cyan points). Reproduced (CC-BY 4.0 license) from [7].



[image: Chemosensors 11 00272 g008]







[image: Chemosensors 11 00272 g009 550] 





Figure 9. MicroNIR 1700 handheld spectrometer with a liquid-sample accessory for measuring oil samples (a), schematic diagram of the measurement (b), and the liquid-sample accessory (c). Reproduced (CC-BY 4.0 license) from [58]. 






Figure 9. MicroNIR 1700 handheld spectrometer with a liquid-sample accessory for measuring oil samples (a), schematic diagram of the measurement (b), and the liquid-sample accessory (c). Reproduced (CC-BY 4.0 license) from [58].



[image: Chemosensors 11 00272 g009]







[image: Chemosensors 11 00272 g010 550] 





Figure 10. 3D-PCA score plot for the calibration samples (open symbols) and test set samples (closed symbols) of peony seed oil and other oil species (A) and Coomans plot for the spectra of test samples of peony seed oil and other oil species (B). Reproduced (CC-BY 4.0 license) from [58]. 






Figure 10. 3D-PCA score plot for the calibration samples (open symbols) and test set samples (closed symbols) of peony seed oil and other oil species (A) and Coomans plot for the spectra of test samples of peony seed oil and other oil species (B). Reproduced (CC-BY 4.0 license) from [58].



[image: Chemosensors 11 00272 g010]







[image: Chemosensors 11 00272 g011 550] 





Figure 11. The whole analysis process, experimental set-up of hazelnut-powder measurement (A), spectral processing (B,C), and PLS-DA results (red: 2021 crop, blue: 2022 crop) (D). 
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Figure 12. The whole analysis process, structural schematic of bread staling (a), experimental set-up of the NIR measurements (b), and overlaid evolving difference spectra and intensity profiles for the time interval from 0 to 6 h (after scatter correction and truncation to 6000–4000 cm−1) (c). Reprinted with permission from ref. [93]. 2023 Elsevier. 
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Figure 13. Synchronous and asynchronous 2DCOS maps for the aging time interval of 0–6 h. The strongest peaks in both maps were selected and numbered in red for interpretation of the sequential spectral changes in Table 2 (open and grey-shaded signals are positive and negative, respectively). Reprinted with permission from ref. [93]. 2023 Elsevier. 
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Figure 14. NIR spectra profiles of the first and last component (A) and concentration profiles for the first and last spectrum obtained from MCR-ALS (B). The steady state occurs at approximately 15 h (red arrow). Reprinted with permission from ref. [93]. 2023 Elsevier. 
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Figure 15. Calibration set (a) without preprocessing and (b) preprocessed with truncation, SNV, and first derivative using Savitzky–Golay. 
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Figure 16. Choice of the number of latent variables by the plot of RMSEC and RMSECV as a function of latent variables (see text). 
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Figure 17. The plot of reference values vs. prediction values for the calibration set and prediction set. (a) Calibration model of Brix. (b) External samples predicted by the model (the red lines represent the ideal regression, and the green lines are the linear fit between predicted and real values). 
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Figure 18. The performance of calibration and validation with two different algorithms: (a) calibration model using the EPO algorithm; (b) external samples predicted by EPO model; (c) calibration model using EROS algorithm; and (d) external samples predicted by EROS model (the red lines represent the ideal regression, and the green lines are the linear fit between predicted and real values). 
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Figure 19. Detrimental space (a) of EPO and (b) of EROS. 
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Figure 20. NIR spectra of two soil samples with different aluminum content measured with a benchtop and a handheld (inset) spectrometer. Reproduced (CC-BY 4.0 license) from [58]. 
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Figure 21. Comparison of the calibration and prediction results for the soil samples of the two investigated sites using the ordinary PLS model (a) and the LW-PLS model (b). Reproduced (CC-BY 4.0 license) from [107]. 
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Table 1. The Euclidian distances between each two polymers of the 3D score plots based on the spectra measured with the two different instruments (the bottom line shows the mean values over all values for the respective spectrometer). Reproduced (CC-BY 4.0 license) from [7].
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Table 2. Peaks selected from the synchronous and asynchronous maps, their signal assignment, and sequence related to the segmented dataset for the time interval of 0–6 h. Reprinted with permission from ref. [93]. 2023 Elsevier.
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	Peak #
	Peaks (cm−1)
	Syn
	Asyn
	Peak Sign
	Sequence





	5
	4703/5311
	-
	-
	+
	4703 < 5311



	6
	4346/5311
	-
	-
	+
	4346 < 5311



	3
	5158/5311
	-
	+
	-
	5311 < 5158



	14
	4964/5158
	no
	-
	-
	5158 < 4964



	7
	4703/4964
	-
	-
	+
	4703 < 4964



	8
	4346/4964
	-
	-
	+
	4346 < 4964



	12
	4703/5158
	no
	+
	+
	4703 < 5158



	13
	4346/5158
	no
	+
	+
	4346 < 5158
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Table 3. Comparison of the calibration processing and performance parameters obtained with the benchtop and handheld spectrometers for the determination of the aluminum content.
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	Spectrometer
	# Calibration

Samples
	Pretreatment
	# LVs
	RMSEC

% (w/w)
	RMSECV

% (w/w)
	R2C
	R2CV





	Benchtop
	83
	2nd derivative

8250–4050 cm−1
	6
	3.34
	3.88
	0.945
	0.925



	Handheld
	82
	2nd derivative

8000–6150 cm−1
	2
	4.35
	4.49
	0.908
	0.901










[image: Table] 





Table 4. Description of the investigated sample sets of different origin. Reproduced (CC-BY 4.0 license) from [107].
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	Site
	# Calibration Samples
	Range of TPH Reference Content (ppm)
	# Test Samples
	Range of TPH Reference Content (ppm)





	Site#1
	89
	420–20,000
	9
	480–18,000



	Site#2
	58
	350–30,000
	6
	760–18,000
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