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Abstract 
Miniaturised NIR instruments have been increasingly used in the last years, and they have become useful 

tools for many applications on a broad variety of samples. This review focuses on miniaturised NIR 

instruments from an analytical point of view, to give an overview of the analytical strategies used in order to 

help the reader to set up their own analytical methods, from the sampling to the data analysis. It highlights 

the uses of these instruments, providing a critical discussion including current and future trends. 
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1. Introduction 
Near-infrared (NIR) spectroscopy is a well-established and mature technique [1] that has become the 

preferred tool in many fields of applications [2–4] since it was first applied in the 1960s for analytical purposes 

in the grain industry [5]. NIR equipment, as most of the analytical instrumentation, has evolved from large, 

benchtop-based instruments through on-line and in-line instruments for industry, and finally to miniaturised 

portable lab-on-a-chip devices. One of the outcomes of this change to smaller equipment is the increasing 

portability of analytical instrumentation. Portability is not a newcomer in analytical instrumentation and it 

has been a fashionable topic for many years [6], although recent developments, among others, in MEMS 

(micro-electro-mechanical systems) and MEOMS (micro-opto-electro-mechanical systems), have boomed 

the use of portable analytical instrumentation: total portable analytical instrumentation market was 

estimated at USD 13.06 billion in 2020 and is expected to grow at a compound annual growth rate of 8.11% 

from 2020 to 2026 [7]. There is not a clear consensus in the literature about the distinction between portable 

and miniaturised NIR devices [8]. Globally speaking, miniaturised instruments seem to include new 

technological solutions [9], including improved light sources, miniaturised wavelength selection techniques 

(with techniques based on MEMS or MOEMS [10]) and more sensitive detectors. Focusing on the size of the 

device, field spectrometers (to be differentiated from benchtop instruments) may be divided into 

transportable (deployable on field while mounted in a car), portable in a suitcase (>4 kg of total weight) and 

handheld (<1 kg) ones [11]. Miniaturised instruments would be those having the size of a book or less. 

The main characteristics and technical parameters for the most used miniaturized NIR spectrometers 

according to the literature are summarized in Table 1. The spectrometers cover different spectral regions 

according to the different wavelength selectors and to detector they use, as is discussed by Chai et al [10]. A 

first group of sensors allows the acquisition of spectra in the NIR spectral range related to the 2nd overtone, 

1st overtone and combinations (about from 900 to 2500 nm); a second group considers the 1st overtone and 

combinations region (about from 1300 to 2500 nm) and a third group allows only the acquisition in the 3rd 

overtone region (about around 700-1000 nm). Almost all the instruments use tungsten halogen lamps, what 

may cause heating problems of the instrument and, in some cases, also of the samples. The SCiO 

spectrometer (Consumer Physics), besides the issues related to its restricted range of acquisition and to the 

reduced number of variables (wavelengths), is the only commercial sensor that uses light-emitting diodes 

(LED) what implies that the instrument is more cost-effective with low power consumption. Concerning the 

connectivity system, which is strictly related to its portability, security and also to maintenance costs, some 

spectrometers need an external working platform to connect using a USB system, while other ones are 

equipped with Bluetooth and use local storage or cloud services with different pricing plans. 

Several benefits arise from this portability and reduced dimensionality of the instruments. On one hand, 

portability itself means that instead of taking the sample to the lab, the lab goes to the sample, being able to 
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increase the in-field measurements and the achievement of rapid results. Another consequence is the price 

reduction of these instruments. If a typical laboratory NIR instrument can cost between EUR 30-40,000, 

miniaturised NIR instruments for a few thousand euros can be found, meaning a decrease of at least one 

order of magnitude in the price. It should be noted that this decrease in price and size is usually related to a 

logical decrease in the performance of quality parameters associated with the analytical methods using these 

instruments [12]. Despite this, a good number of applications suitable for their use have been found and 

reviewed in this work.  

The last years have seen excellent reviews dealing with general spectroscopic [11] or specific NIR miniaturised 

instrumentation [8, 9]. However, these reviews are mainly centred in the technical parts of the instruments, 

describing in a detailed way the different parts and components of miniaturised instrumentation. Other 

recent reviews are focussed on specific fields of applications such as forensic [13], environment [14], natural 

medicines [15] or meat [16]. This overview is focused on practical issues related to analytical chemistry using 

miniaturised NIR devices to give to the readers an overview of the broad range of samples that can be 

analysed with these instruments, giving an idea of their applicability and of their current increasing use in 

different fields of applications. The different strategies of analysis used in the reviewed papers will be 

discussed to help to the reader to set up their own analytical methods, from the sampling to the data analysis.  

This review has been therefore considered from an analytical point of view, primarily focussing on the type 

of samples (solid samples, liquid and fluid samples, gas samples), on the pretreatments (if any) and on the 

type of analysis (including parameters such as the number of replicates, number of scans, use of specific 

containers or sample holders …) made to the different type of samples.  

The strategy of analysis greatly depends on the sample but also on the miniaturised NIR device used. The 

different miniaturised NIR devices that can be found on the market share some similarities but they may also 

be very different among them. For example, some of the miniaturised NIR devices have a small scanning spot 

and work well for homogeneous samples since they scan a small part of the sample. Some other devices have 

a larger spot so they also can work well for more heterogeneous samples, even if sample pretreatment is 

often performed as described in the following sections of the manuscript to overcome heterogeneity issues. 

Despite these differences, the miniaturised NIR devices have in common the logic of analytical setup since 

most of them have been designed to analyse rigid solids (not powders or liquids), although with a suitable 

analytical strategy other types of sample than rigid solids can be successfully analysed, as it will we shown in 

this paper.  

From the optimised analysis for a given sample using a given instrument, interesting ideas can be taken for 

the design of the analysis of a different problem, giving to researchers useful inputs from the work of other 

colleagues in a new world of instruments that is growing very rapidly. This is the focus of this overview.   

After the section covering the different type of samples, the paper focuses on instrumental calibration during 

the analysis, trying to understand the instrumental steps that need to be carried out to obtain successful 

measurements. Finally, the focus is set on spectral interpretation and data analysis, including data 

preprocessing and chemometric methods used to extract the useful information obtained with NIR 

miniaturised instruments.  

Since there is an increasing number of publications and citations including miniaturised NIR spectroscopy [12], 

this review focusses on the papers covering the most interesting analytical applications reported in the last 

5 years up to summer-fall 2021. The criteria of maintaining the name of the instruments and companies as 

they literally appear in the reviewed papers has been followed, despite some companies may have change 

their legal status: for instance, former JDSU (Milpitas, CA, USA) is currently Viavi Solutions (Scottsdale, AZ, 

USA). 
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2. Sample pretreatments and analysis  

2.1  Solid samples 
Solid samples have been divided into two main categories. The first one, named “Powder and ground 

samples” (section 2.1.1 of the manuscript), includes all samples that are analysed in the form of powder: 

samples that for their own nature are already powder or are typically marketed in powder form, or solid 

samples which, after being pretreated, become powdery. The remaining solid samples have been revised in 

the paragraph “Other solid samples” (section 2.1.2 of the manuscript).  

2.1.1 Powder and ground samples 
Several applications of miniaturised NIR instruments involving the analysis of powder and ground samples 

have been found and reviewed. Table 2 summarizes the articles. In the table, samples are listed according to 

the sample type, in alphabetical order.  

Sample pretreatment 

In applications where miniaturised instruments are used, one would expect to find analytical strategies in 

which the sample is analysed as it is, with no or almost no manipulation in order to obtain maximum 

portability. However, one of the first things that emerge from the reviewed articles is that in some cases 

samples are not analysed in their own form, but authors performed sample pretreatment steps before the 

spectroscopic analysis. Sample pretreatment often means the need for specific apparatus or reagents, and 

results of the analysis are not immediately obtained as the speed of a NIR analysis suggests, due to the time 

needed for the pretreatment step. The need for a sample pretreatment also leads to an interesting question: 

can the proposed analytical method be considered portable? This probably depends on the type of the 

sample pretreatment and on the possibility to perform the pretreatment directly in the field.  

Forensic and pharmaceutical industry are the fields of application in which less sample pretreatment is 

observed. In the first area, the challenge is to fill the gap between police forces on the streets and the forensic 

laboratories, and thus to develop tools for police agents to produce immediate answers to forensic questions 

directly at the point of seizing [17]. For instance, cannabinoids in hemp flours [18] and illicit drug street samples 
[19] were both analysed without any sample pretreatment, proposing even in the latter case a mobile 

application that allows to classify illicit drugs and to quantify them in presence of adulterant or dilution 

agents[19]. In another application, a method for the detection of cocaine and its quantification was optimised 
[20], developing a very huge database (more than 10.000 spectra) using 15 NIR sensors (SCiO, Consumer 

Physics) and a multistage machine learning algorithm, allowing not only to make qualitative and quantitative 

analyses, but also to adapt the database in case of samples not yet analysed since the illicit drugs market is 

constantly evolving.   

Regarding the pharmaceutical field, the process analytical technology (PAT) approach is surely the driving 

force for the development of real-time process monitoring strategies, where sample pretreatment is usually 

not possible. NIR spectroscopy has already been an adopted tool for PAT [1], and the rise of portable and 

miniaturised NIR instruments in the market has prompted researchers to test the use of these instruments 

within pharmaceutical processes. MicroNIR (MicroNIR PAT-U Viavi) was tested [21] in a pharmaceutical 

powder blend application, in which three active ingredients (ibuprofen, paracetamol and caffeine) and five 

excipients were present. Measurements were conducted at-line (in static conditions) and in-line (dynamic 

conditions) interfacing the instrument with a blender (Figure 1). Results obtained were satisfactory, but the 

authors reported lower performances with respect to a benchtop instrument. It is not surprising that the 

lower performances were attributed to the more representative transmission spectra and the improved 

spectral resolution of the benchtop instrument. The same miniaturised equipment was employed in another 

blending process [22] to perform a direct bilastine drug assay in mixtures. The authors developed a laboratory 

scale equipment and a manufacturing equipment, and in both cases successful results were obtained. A 
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system to monitor the moisture content and the mass transfer rate in a fluidised bed using a sensor from 

Spectral Engines (model N—Series 2.2) connected to a NIR reflectance probe directly inserted in the fluidised 

bed drier was developed [23]. The sensor was shown to be a robust alternative for process monitoring, being 

robust to vibration and temperature changes, and straightforward to install. Another sensor from Spectral 

Engines was integrated into a software platform to monitor a solid-gas-liquid process for the production of 

saturated polyester resins [24].  

Not only forensic and pharmaceutical samples have been analysed without any sample pretreatment. As 

shown in Table 2, the analysis of powder samples is often performed without any sample pretreatment.  

It is worthwhile to notice that humidity absorbed from the air may affect the measurement of strongly 

hygroscopic samples. As an example, the determination of the moisture content in dried plant extracts with 

three handheld and two benchtop instruments was carried out [25]. Samples were analysed both in their 

native form and laced with a drying agent to oppress the strong hygroscopic properties of the dried extracts. 

The authors noticed, for native samples, a decrease in the prediction power obtained with all the 

spectrometers, probably due to the aggregation of the sample particles due to humidity absorbed from the 

air during the handling and the measurement steps. The addition of a dry agent represents an extra step 

compared to the analysis of the sample as it is, with an increase in time, cost and waste generated by the 

analysis, important factors when performing measurements with a portable instrument. 

Drying through air is a common pretreatment in the case of soil analysis (see e.g. [26, 27]), but often samples 

are also crushed, grounded and sieved before the analysis. In an interesting application, spectra of soil 

samples were acquired in diffuse reflectance mode using a reflectance fiber optical probe directly immersed 

into the soil sample, immediately after the sampling [28]. Different soils were collected at 0–5 cm depth using 

a cylinder in the characterization of soil carbon and nitrogen [29]. Soil samples were subsequently air dried 

and sieved before measuring with a JDSU MicroNIR 2200 device. In other papers dealing with soils [30], the 

samples were air-dried (40 °C), crushed, and passed through a 2-mm sieve before spectra acquisition, or 

washed and sieved [31] to ensure homogeneous samples.  

In another application, [32] water content was determined in fresh mulberry leaves. In the quantification of 

crude protein and soluble sugar, the leaves were dried, pulverised and sifted before the analysis. Whole and 

milled black pepper grains were analysed [33] with one benchtop and three handheld spectrometers, in order 

to quantify piperine in the samples. The authors concluded that only one of the three considered 

spectrometers, the MicroNIR 2200, was able to reliably measure piperine content in whole black pepper 

seeds. They hypothesized that the limiting factor for the other miniaturised sensors were the very 

inhomogeneous size and surface of the whole pepper seeds. Hom Mali rice was analysed [34] with the aim to 

classify samples according to the geographical provenance. In this case the authors tested ground and whole 

samples and found that whole dehulled polished rice was successfully classified without the need for any 

pretreatment.  

Other authors faced the problem of sample inhomogeneity. This issue is very interesting to comprehend and 

face. Benchtop NIR instrumentation succeeds in the direct analysis of samples without the need for any 

preparation even in the case of inhomogeneous samples, due to the use of optimized diffuse reflectance 

accessories combined with sample spinners. Measurements are made during the spinner rotation and 

different parts of the sample are scanned, averaging out the inhomogeneities. In the case of portable 

instruments, dealing with inhomogeneous samples is not trivial, because such accessories are not available 

and the advantages of using them are therefore lost. Moreover, very often the area of measurement is very 

small (a few mm in some cases) making measurements even more complicated. The analytical strategies that 

have to be employed for inhomogeneous sample analysis with portable sensors may be very different from 

the ones for benchtop instruments.  
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Globally speaking, grinding into powder is the more common pretreatment that was found reading the 

literature, as shown in Table 2. For instance, tea was ground into powder and sifted [35, 36] in order to classify 

tea types and predict compounds related to the quality and taste of the investigated samples (catechin, 

caffeine, theanine and epigalloncatechin gallate). Rosmarini folium was milled before spectroscopic analysis 
[37] to predict rosmarinic acid in samples, and also whole coriander seed samples were ground to a 

homogeneous powder with the aim to classify authentic samples from adulterated ones [38]. Mechanical 

preparation (milling) was applied to black tea, with the conclusion that it likely removes spectral obstruction 

due to physical reasons (e.g. scattering) [39]. Even if milled samples are more homogeneous, in some cases 

the milling process may change the properties of the samples, as reported in the analysis of gluten-free grains 

in order to predict their antioxidant capacity [40]. The authors found that, in general, analysis of non-milled 

samples yielded better results. They hypothesized that the milling process made samples more vulnerable 

towards external influences, as their protective husk was removed through the milling process. The same 

authors [41] also compared a benchtop NIR instrument with 3 miniaturised NIR devices in the determination 

of protein content in millet samples. Samples were analysed with and without pretreatment. Due to the small 

size of millet, a cylindrical quartz cuvette was used to contain the samples. In this case, the best results were 

obtained with the benchtop device. 

A quite large pretreatment for the analysis of peanut seed in order to quantify the chemical composition of 

the samples was presented [42]. The authors called the method rapid in the article title, but only the sample 

preparation step required 24h of drying before the grounding step, and the obtained powder was dried up 

for 20h at 41°C to remove moisture before spectroscopic analysis.  

Sample analysis 

In some commercial instruments, the miniaturised spectrometer is equipped with a sampler holder for 

powder or ground samples. For instance, MicroNIR Pro 1700 Viavi used for pharmaceutical raw material 

identification [43], is equipped with a vial holder. 

Powder and ground samples often require a container. The fifth column of Table 2 reports the containers 

used in the revised articles. Cuvettes, vials and petri dish made of borosilicate, quartz or glass having no effect 

on the spectra [38] are the most used containers. Kibble (dog food) was directly analysed in a plastic bag (the 

material is not specified) by applying the scanning head of the SCiO at 1 cm above the surface [44]. It is worth 

noticing that using a container may affect the sample spectra. The most appropriate container will therefore 

be the one that will not affect the ability of the method to see differences between samples. 

Depending on the used sensor, several parameters like the number of scans or the scanning time needed to 

be optimised, as well as the distance between the sample and the sensor, to name a few parameters. But in 

most of the reviewed articles, the authors did not describe how did they optimize the instrumental 

parameters. A good description of the sensor configuration and experimental setup can be found using a S2.2 

sensor (Spectral Engines) [27] for the estimation of soil properties. The authors considered the distance 

between the sensor and the sensed surface, and the light intensity of the device, evaluating ten different 

configurations. They concluded that the experimental configuration affected the measurements, and thus 

this kind of optimization is strongly recommended when using sensors that allow the instrumental 

parameters to be set, and that can scan the sample at different geometries.    

Similarly, replicate measurements were typically performed to take representative measurements from the 

sample. The authors reported in many cases how many replicates did they perform on the sample, without 

however describing how did they determine such optimal number. When dealing with homogenous samples, 

miniaturised NIR devices with small or with large scanning spots may be used, but when dealing with 

heterogenous samples, devices with large scanning spots should be preferably used to account for 

information from different parts of the sample.  
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What emerged from the literature is that measurements were often taken rotating the petri dish or the 

cuvette containing the sample, in an attempt to increase the representativity of the measurements. For 

instance, flour samples were analysed [45] placing them in a rotating dish and smoothing the surface of the 

sample. In this case, the spectrometers (MicroNIR 1700 Viavi, NR 2.0-W Spectral Engines, and Si-Ware 

NeoSpectra), were mounted above the sample surface (1-2 mm distance) and during the measurements the 

dish rotated at 2 revolutions per minute to eliminate sample heterogeneity and to capture a larger sample 

area. An average spectrum was then obtained for every sample. It is worth noting that in the study, as in 

other reviewed articles, the instruments needed to be fixed to a support system to standardise the 

acquisition stage and distance from the samples (Figure 2). In another example, a quartz container was used 

to analyse green tea for quality control purposes [46]. In this case, the quartz container filled with tea was 

placed over the sensor, and each sample was scanned three times after a rotation of 120° to eliminate the 

scattering error caused by the nonuniformity of the sample. The average spectra were then calculated. Better 

spectral replication was obtained positioning the sensor under a petri dish containing the sample in an 

interlaboratory study [47], in which oregano adulteration was detected using a SCiO device. Milk powder was 

analysed [48] with two miniaturised spectrometers to quantify melamine using a cylindrical cuvette (no 

references about the material of the cuvette) as the sample container. Two different measurement 

procedures are described for each of the two spectrometers, both considering replicate measurements in 

different spots of the cuvette. Only in one of them the cuvette was refilled with the same sample for three 

times, and the averages of the obtained signals were considered as the sample spectrum. The authors used 

a temperature control device to increase the signal to noise ratio. A thermoelectric cooling appliance was 

employed in another application [37] to maintain the temperature of the spectrometer (in this case a MicroNIR 

2200 was used) between 28 and 30°C.  

2.1.2 Other solid samples 
Miniaturised NIR instruments have also been applied to the analysis of a variety of solid samples. Table 3 

summarizes the reviewed articles. In the table, samples are listed according to the sample type, in 

alphabetical order. 

Sample pretreatment 

In the articles reviewed in this chapter most of the solid samples have been analysed without any 

pretreatment. Therefore, this type of samples seems to be the most prone to be used in truly miniaturised 

analytical methods, without the need for any other step. 

Foods are the most analysed type of solid samples without pretreatments, aiming to a rapid check of quality 

parameters, including classification or assessment of freshness. Among foods, fruits have been widely 

analysed with miniaturised NIR instruments. Some examples of fruit analysis include the determination of 

four fruit quality parameters in apples with Viavi MicroNir 1700 [49] obtaining similar predictive performances 

to the benchtop spectrometer in comparison, the determination of dry matter content in avocado fruit as an 

index of eating quality of ripened fruit [50], the analysis of different horticultural products (kiwifruit, apple, 

feijoa and avocado) to predict their quality by developing prediction or classification models showing the 

applicability of miniaturised NIR instruments to different types of fruits [51], or the determination of quality 

parameters such as dry matter and total soluble solids in peach and table grape [52], obtaining good 

correlation using one miniaturised instrument and one portable device (Consumer Physics SCiO and Felix 

Instruments F-750) with the reference values. Two miniaturised NIR instruments (with some degree of 

wavelength overlapping) and the use of sophisticated chemometric techniques such as data fusion were used 

for the prediction of moisture and soluble solids in pear fruit [53]. Miniaturised NIR instruments have also been 

used in field analysis: grape was analysed in commercial vineyards using Thermo Scientific MicroPhazir 

successfully assessing the water status and total soluble solids under field conditions [54, 55]. Small fruits similar 

to grape have also been successfully analysed with miniaturised NIR instruments [56]:  titratable acidity and 
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ascorbic acid content in acerola fruit during ripening were assessed, obtaining with Viavi MicroNir 1700 

comparable results to the ones obtained with a FT-IR spectrometer. A miniaturised NIR system was fabricated 

from two commercially integrated modules to measure the total soluble solids as a way to assess the quality 

in sweet cherries obtaining satisfactory results [57] and several nutritional parameters were quantified in 

mulberry fruits [58] using the DLP NIRscan Nano. All these papers analysing fruits prove that miniaturised NIR 

instruments can successfully be applied to the rapid analysis of different quality parameters in fruits of 

different sizes, provenances, composition, and even in field analysis in the absence of lab-controlled 

conditions. 

Among food, not only fruit has been the objective of the analysis of miniaturised NIR devices without the 

need for pretreatments. Eggs have also been analysed using different miniaturised instruments to estimate 

their freshness or to predict the storage time [59–61]. In all cases, and similarly to the case of measuring entire 

fruits, contact measurements were made.  

Samples with some degree of heterogeneity are challenging samples to be analysed without pretreatments 

because there is always the analytical need to obtain representative measurements of the globality of the 

sample. Meat can be seen as a heterogeneous sample, but some papers have analysed this type of sample 

without the need for pretreatments. In the analysis of meat samples, samples are typically scanned at 

different points and then the spectra are usually averaged. Some examples include assessing chicken meat 

authenticity [62], monitoring the processing of dry fermented sausages [63], assessing the quality of Iberian 

hams [64] or detecting pork adulteration in sausages [65], although in this latter case better results regarding 

fat adulteration were obtained with NIR laboratory equipment. 

Fish samples may present a similar degree of difficulty to meat when being analysed by NIR miniaturised 

instruments. Several papers directly analyse fish samples without the need for pretreatments. For instance, 

the assessment of the authenticity of fish fillets and patties using a Viavi MicroNIR OnSite (distinguishing 

fillets and patties of Atlantic cod from those of haddock) [66] can be mentioned.  

Other food samples have also been analysed without the need for pretreatments. Viavi MicroNIR 1700 was 

used in the successful identification of adulterants (corn and peels/sticks) and in the distinction of roasting 

level between Arabica and Robusta coffees [67]. Consumer Physics SCiO was used in the analysis of single 

grains to successfully discriminate cultivars of barley, chickpea and sorghum in Ethiopia [68]. In this paper it is 

not clear how many spectra were obtained from each grain and if the spectra of the different grains were 

then averaged. In another application, several parameters for routine quality control in compound feeds for 

a wide variety of animals and using different presentation forms (crumbs, pellets and meals) were 

determined [69]. The authors used two different NIR miniaturised devices (Polychromix Phazir 1624 and JDSU 

MicroNIR 1700) and the external validation resulted in satisfactory results to attempt a compound feed 

control. However, all the samples analysed were certified reference materials from different proficiency test 

programs, and certified reference materials are homogeneous samples by default, remaining doubts about 

the performance of these instruments in commercial samples probably presenting a higher degree of 

heterogeneity. 200 walnuts were individually assessed [70] at 6 different locations of the nut for varietal 

discrimination. The authors concluded that the results obtained seem to be useful for the discrimination. The 

direct analysis with Consumer Physics SCiO of 50 g of rice into glass containers (rotating the container three 

times) was used [71] for the detection of rice authenticity and quality, obtaining more than 90% classification 

rate for all the categories of rice samples studied. 150 varieties of peanuts were analysed with a benchtop 

and a miniaturised NIR device (Viavi MicroNIR 1700) in an attempt to differentiate peanuts according to the 

high oleic acid content and major fatty acids [72]. The results obtained with both instruments were found to 

be similar, and the authors claimed that that the miniaturised device can substitute the benchtop device to 

make raw material purchase and breed variety faster and more efficient. A rotating sample holder was used 

in a system based on the Texas Instrument NIRscan Nano module to analyse the quality of dairy farm forage 
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by analysing nutritional parameters such as crude protein, acid detergent fibre and neutral detergent fibre, 

obtaining a method for the evaluation of the quality of forage in real time [73]. 

Other papers deal with already preprocessed samples such as ground or minced meat [74–76], chicken parts [77] 

or grated cheese [78], with the analytical method not adding any extra pretreatment step to the samples. 

Other solid samples than foods have also been analysed with miniaturised NIR instruments without the need 

for pretreatments. Pharmaceutical goods probably benefit from the homogeneity of most of their products 

in the search for a rapid and simple quality control or for the detection of counterfeit products [79]. The 

performance of two NIR devices (a benchtop FT-NIR and the miniaturised device Tellspec NIR-S-G1) was 

compared with two handheld Raman systems in the detection of falsified pharmaceutical products (including 

artemether-lumefantrine, paracetamol and ibuprofen) [80]. The NIR products offered more reliable 

performances than their Raman counterparts, with the low-cost devices offering promising performances 

almost comparable to benchtop systems. Interestingly, all the tablets and capsules were directly scanned 

through their blister, making the process faster and prone to automatization. A somewhat different kind of 

pharmaceutical products that have also been analysed with miniaturised NIR devices are orodispersible films 
[81, 82]. These films are single or multilayer sheets of suitable materials intended to liberate rapidly the active 

substance in the mouth without the need for administration with water. These films may be an option for 

extemporaneous preparations or for personalised medicines. They are flat films with a moderate surface, 

which makes them very good samples to be directly analysed covering all the window of the miniaturised 

instrument. Related to pharmaceutical products, ThermoScientific MicroPhazir and a benchtop NIR device 

were compared in the prediction of the optimum harvest time of Verbena officinalis, a herb listed in European 

Pharmacopoeia and which extract is used in the fabrication of medicines [83]. The benchtop instrument 

showed slightly better prediction performances of the active compounds present in the herb, but both 

instruments demonstrated the ability of performing direct measurements on pharmaceutically relevant fresh 

plant material.  

For the nature and the value of their samples, cultural heritage specimens should ideally be treated in the 

less invasive possible way. A miniaturised NIR prototype developed in collaboration with Viavi was used to 

analyse archaeological bones, cinematographic films and bronze patinas to enable rapid information 

acquisition to guide restoration strategies (Figure 3) [84]. Paper in ancient documents was analysed as a non-

destructive way to investigate paper ageing and solving dating problems [85]. In a related field, three non-

commercial miniaturised NIR devices covering different wavelength ranges were used to assess elephant 

ivory provenance by analysing raw ivory [86]. Regarding cultural heritage, in which infrared spectroscopy is 

largely used especially in the mid-infrared (MIR) region [87], it is worthwhile to recall that NIR radiation 

penetrates more into the sample, because it is a more energetic radiation than MIR radiation. NIR radiation 

may therefore not be suitable for the analysis of very thin surface layers (e.g. paintings) because it may 

penetrate too much and collect information from the bulk of the sample.  

In other cases, only small pretreatments like washing fruit [88, 89], mixing and transferring to a sample container 

in the case of forage samples [90], or flattening/partially flattening plastic samples [91] were applied. Probably 

these pretreatments would not prevent the analytical measurement from being considered portable. 

However, in some cases other steps than the direct instrumental measurement from the solid sample were 

applied. In these cases, laboratories can benefit from the low cost of miniaturised NIR devices compared to 

benchtop instruments, but depending on the number and type of pretreatments, some analytical 

measurements involving miniaturised NIR devices may not be considered as totally portable. Not surprisingly 

due to the specific nature or degree of homogeneity of some of the samples, food and soil samples are 

included into the ones that may need pretreatment steps prior to spectroscopic analysis. In this way, grape 

skins were separated from whole grapes for the determination of extractable polyphenols in red grape [92], 

and the grape skins were soft-pressed inside the bottom of a quartz cuvette and measured using a Viavi 
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MicroNIR Pro Lite 1700. This was made to avoid differences in reflectance due to different grape curvature. 

In another application, the performance of a miniaturised NIR spectrometer, Texas Instruments NIRscan 

Nano, was evaluated for the prediction of intramuscular fat in lamb [93]. In this study, lamb meat, devoid of 

any subcutaneous fat, was minced and frozen at −18 °C followed by freeze drying for 72 h. The authors 

compared the miniaturised NIR device with benchtop instruments and they concluded that the miniaturised 

device can be a potential alternative to benchtop spectrometers for rapid and real-time classification of fresh 

lamb meat. In another food application, slices of potatoes were analysed to identify sprouting activity in 

potatoes during storage [94]. Finally, in another application dealing with food, cheddar cheese was analysed 

with Consumer Physics SCiO aiming to predict total protein and intact casein content [95]. The authors 

reported that shredding cheese provided the most consistent and repeatable NIR spectra. 

An interesting paper [96] deals with the detection of wood defects as an alternative to visual grading of wood 

quality. Two prototypes and one commercial miniaturised NIR device were developed for this task. They used 

wood disks cut from trees, with the future aim to implement NIR spectroscopy for automatic grading of logs 

directly in the forest. 

Sample analysis 

Because of the nature of solid samples, reflectance measurements are typically done using miniaturised NIR 

devices. Only a few studies reported spectra acquired in transflectance mode [82, 84, 97] using a reflector behind 

the samples (Figure 4). Most of the miniaturised NIR instruments require or have better performances with 

direct contact between the solid samples and the scanning window. It is important to mention that several 

papers do not describe the type of measurement (contact or distance), and sometimes this is an information 

that must be derived from the type of sample and the specific instrument. Most of the previously reviewed 

solid samples (with or without pretreatment) are analysed with contact scanning. Instruments requiring or 

preferably working at contact distance are useful to directly analyse samples that are big and flat enough to 

cover the scanning window without the use of any special sample holder or container. Instruments also able 

to make non-contact measurements may offer a higher degree of versatility towards the sample to be 

measured, also decreasing the possibility to damage the scanning window. To mention some examples of 

non-contact measurements, Viavi MicroNIR 1700 was used to measure ready-to-eat pasta with sauce [98] by 

scanning at a distance of 1–2 mm above the sample surface and SCiO was used to predict the quality of 

horticultural products with the illuminator pointing at the fruit skin [51]. 

Smaller samples, or samples not fully covering the scanning window, may require a sample holder or 

container in order to have the scanning window fully covered with the sample (for instance 50 g of rice were 

collected into glass containers and further scanned with Consumer Physics SCiO [71]) or to increase the 

homogeneity of the measured samples, although SCiO has also been used in the analysis of single grains [68] 

using the SCiO sample holder. In the case of forages, a plastic container was used to contain 2-3 g of forages 

prior to the analysis in the comparison of four different instruments (benchtop and miniaturised) with 

different spectral ranges [90]. The authors pointed out the importance of selecting an instrument with the 

right wavelength interval. 

Instrumental parameters such as the number of scans or scanning time (in case these options are available 

in the configuration of the measurement, which is not always the case) are typical key parameters that should 

be optimised to obtain the best instrumental response. But in most of the reviewed papers, the authors 

simply present the used configuration without describing the optimization process. Nevertheless, some 

authors [64, 73] used different scanning approaches to find the best analytical results. 

A challenging analytical problem is measuring solid samples with some degree of heterogeneity, where the 

number and position of replicates may be a critical point when trying to obtain representative 

measurements. Typically, the spectra are acquired at different positions of the sample, usually between two 
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and four, normally averaging then the acquired spectra. But even 11 different scanning points were selected 

to discriminate between authentic and counterfeit banknotes [99] or 50 spectra were taken for each sample 

of animal feed at different sampling points [69]. An example of these strategies is the analysis of eggs with 

DLPR NIRscan Nano [59], in which spectra were acquired at three different locations of the eggshell, and then 

different combinations of the locations were tested in order to find the best prediction ability of the freshness 

of the eggs. Also within food samples, spinaches are a good example of this type of samples. Different 

strategies involving measurements at different points of a leaf and at different leaves of a plant using a Viavi 

MicroNIR 1700 were developed [100, 101] for the direct and rapid measurement using miniaturised NIR 

instruments.  

2.2 Liquid and fluid samples 
The application of handheld and miniaturised spectrometers to the analysis of liquid and fluid samples that 

were considered in this manuscript are reported in Table 4. In the table, samples are listed according to the 

sample type, in alphabetical order. 

Sample pretreatment 

Liquid and fluid samples are often analysed in their own form. Bovine milk is one of the most analysed liquid 

samples, and this is not surprising given its nutritional importance all around the world. Several authors did 

not perform any sample pretreatment before the spectroscopic measurements. For instance, samples were 

hand mixed or gently shaken before the analysis of raw milk [102, 103] and commercial milk samples [104]. Raw 

goat milk samples were analysed to detect adulteration with cow milk, and before the analysis both type of 

samples were subjected to a heat treatment of 65°C for 30 min with subsequent cooling at 4°C [105]. A more 

complex sample pretreatment was carried out [106] studying the lipid degradation during the time of storage 

of human milk.  

Concerning fluid samples, resin was directly analysed [107] through the sealed bags employed for the sampling 

using an accessory provided by the Consumer Physics SCiO manufacturer to avoid ambient light 

interferences. In another application, honey was analysed to detect frauds and to verify authenticity [108]. 

Before the spectroscopic analysis, non-filtered samples were incubated in an air-oven overnight at 55°C to 

dissolve any crystal present in the sample and they were left to equilibrate to ambient temperature before 

the analysis. A heating treatment at 70°C was also applied to homogenize crude palm oil samples before the 

spectroscopic analysis [109].       

Sample analysis  

How to measure liquid samples is not obvious when dealing with miniaturised NIR spectrometers. While 

some devices are equipped with accessories that facilitate the analysis, in some cases the authors had to 

design and optimize an analytical strategy to perform the measurements.  

Viavi MicroNIR 1700 Pro was used [110] to analyse adulteration of extra virgin olive oil with vegetable oils. Two 

accessories, for transmission and reflectance modes, were named in the article. The same sensor and 

accessories were used [111] to detect the presence of lard adulteration in palm oil. Again the same sensor, 

equipped with the vial holder and the droplet accessories, was used to analyse fuels and oils [112]. In particular, 

the last accessory allowed measurements simply putting a droplet of sample on the sapphire window of the 

accessory.  

Very interesting strategies have been found during the bibliographic research when miniaturised devices 

were not equipped with specific accessories for the analysis. A filter paper was used as the media to contain 

beer samples [113, 114]. The paper was soaked with the sample and immediately measured to avoid any loss of 

volatile compounds. All the readings were performed placing the filter (with or without sample) in between 

the spectrometer and the white background, in order to avoid the signal noise due to environmental factors. 
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The blank filter was also analysed, and its signal was subtracted from the sample signals. The calibration of 

the system was performed every 15 minutes with the white background. A low-cost in-house developed 

accessory (patent pending) was built to analyse organic solvents using the Consumer Physics SCiO sensor [115]. 

The accessory that the authors developed allowed the analysis of transparent liquids and the determination 

of low water concentration (approx. 0.01 wt%) in organic solvents, paving the way for other industrial and 

research applications. Potato chip frying oil was analysed putting a drop directly on the sensor surface (Si-

Ware NeoSpectra Micro), and the oil was covered with a reflectance accessory [116]. A flow microreactor was 

coupled to a miniaturised sensor (Viavi MicroNIR) with the aim to in-line monitor the dehydration of D-

fructose to 5-hydroxymethylfurfural [117]. A flow cuvette between the lamp and the sensor was used 

(transmittance mode), and the authors declared that the sensor gave excellent responses to different flow 

rates (Figure 5). 

Liquid samples are often analysed with the use of cuvettes or Petri dishes. According to the scope of the 

research, different configurations have been used to obtain suitable spectra. It is worthwhile to note that, in 

some cases (see e.g. Si-Ware NeoSpectra development kit), the sample container must cover all the sensor 

surface.  

When Viavi devices were employed, the transmission mode can easily be used thanks to the accessories 

supplied by the manufacturer. But most of the spectrometers are not equipped with a transmission 

accessory, and home-made solutions must be found in these cases. As an example, a system to perform 

measurements of vinegar samples in a 2 mm pathlength transmission cell was developed [118], using the 

empty cell as the reference spectrum.  

Some strategies were proposed to perform transflectance measurements. This way of measure is a good 

alternative when transmission is not feasible. For instance, milk was analysed with the aim to classify samples 

according to the presence or absence of lactose [119]. The authors placed the sample in a petri dish, and an 

aluminium diffuse reflector was placed over the petri dish, with the sensor on the opposite side. The beam 

passed through the sample and then it was reflected back again through the sample towards the detector (5 

mm pathlength). An opaque liquid cap that allowed to perform transflectance measurements (17 mm path 

length) was employed in the monitoring of fatty acid profile in raw milk [103].  In a paper describing a very 

detailed optimization of the measurements for milk analysis (protein, fat and solids-non-fat), the authors 

concluded that they needed to use a 17 mm sample thickness cuvette with an aluminium backside to obtain 

satisfactory results using a Thermo Scientific Microphazyr device [102], while in another paper [120], some of 

the same authors with the same spectrometer, quantified the same parameters in reflectance mode using a 

non-linear approach for the data  modelling. A transflection strategy was used to determine the main sugars 

in syrup formulations, using a quartz cuvette equipped with a stainless steel reflector (path length of 0.6 mm) 
[121]. A transflectance home-made cell was also proposed [122] in the quantification of biodiesel and 

adulteration with vegetable oils in diesel/biodiesel blends. 

Concerning milk analysis, several authors analysed milk in reflectance mode. Several adulterants in milk 

samples were tried to quantify and it was observed that, as the adulterants were mainly liquids (e.g. tap 

water, hydrogen peroxide, synthetic urine) the adulteration included a dilution process which drove to the 

clustering of samples according to the type of adulterants [123]. So, the authors decided to model the dilution 

level instead of the concentration of specific adulterants. Fat content in milk samples were also quantified 

using two miniaturised devices in reflectance mode using a quartz cuvette of 10 mm path length [104]. But 

when the authors tried to quantify the protein content, the results were not so good. Probably in this case 

the authors were able to take advantage of the concentrations of fat (low, medium and high concentration) 

in a sort of ‘dilution’ of fat globules in milk samples. The reflectance mode was also successfully used [105, 124] 

in milk classification issues. It is worthwhile to note that some authors rotate the sample holder during the 
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measurements to catch the sample variability, similarly as the case previously seen for powder and ground 

samples (see e.g. [125]). 

In a very interesting application concerning on-line monitoring of biodiesel production (see [126] and 

references therein), the authors made an accessory that was used for transmittance measurements, allowing 

to set the optical path length. The authors prepared synthetic blends using a mixture design approach in 

order to optimize this experimental variable and to build and validate the multivariate calibration models. 

The conclusion was that the results were satisfactory and comparable with the gas chromatography results, 

although there were adverse conditions in the monitoring processes ascribable to the high amount of ethanol 

in the reaction mixture.  

2.3 Gas samples 
A few applications have been found in gas analysis. Acetylene, carbon dioxide and water vapor gases were 

detected with a home-made sensor [127]. The sensor covered the MIR and the NIR spectral ranges, but NIR 

resulted in the best sensitivity. A cheap handheld NIR spectrometer (Texas Instruments NanoNIR) and a 

tungsten lamp were coupled to a lab-made NIR flow cell for the automatic quantification of methane, ethane, 

and propane in natural gas and biogas samples [128]. The analysed mixtures were prepared following an 

experimental design strategy and obtained good results without any pretreatment of the NIR signal. A 

recently published application [129] reports about using Si-Ware NeoSpectra micro-FT-NIR OEM version for 

the analysis of methane, ethane, propane, butane, CO2 and N2O. The authors, in a way to acquire NIR spectra 

of gaseous samples by means of diffuse reflectance, mixed the sample with a dense medium 

(polytetrafluoroethylene) to promote light scattering since gas samples do not reflect the NIR radiation that 

could be detected using this type of geometry. 

 

3. Instrument calibration 
A small number of articles describe how the instruments were calibrated, and if further calibration was 

needed during the analytical session. Perhaps the authors take this for granted, as the manufacturer often 

provides the necessary details (typically the use of a blank or black reflectance standards). Some authors (see 

e.g. [38, 104, 130, 131]) reported the need to warm up the spectrometer lamp before the use, as one might expect 

since the used lamps are typically tungsten lamps (see Table 1). Wang et al. [132] optimised the warm-up time 

repeatedly measuring a reflectance standard until the spectral measurement was stabilised: the device (Si-

Ware NeoSpectra micro) required 5 minutes of warm up time. Concerning the heating of the lamp, tungsten 

lamps (like the ones used in Viavi MicroNIR or Si-Ware NeoSpectra Micro development kit) emit heat, which 

may affect the stability of the investigated samples. For this reason, some authors proposed a solution 

involving LED lamps [133]. In some cases, a background (Spectralon was the most used reflectance standard, 

although some devices such as SCiO come with their own integrated standard) was conducted at the 

beginning of each measurement day [51] or it was repeated during the analytical session at different intervals. 

Typically, the manufacturers provide recommendations about the frequency of calibration, including (for 

instance for Si-Ware NeoSpectra Micro development kit) the requirement for a warming time (see the 

discussion above about the warm-up for tungsten lamps). The frequency of calibration depends therefore on 

each individual instrument and this is a parameter to be optimised. Interestingly, some authors [62, 70, 72, 92] 

used a two-point reflectance calibration, corresponding the reflectance standard to 100% reflectance, and 

the 0% reflectance was obtained by taking a measurement placing the device 50 cm away from any object. 

There is also described a more sophisticated system that includes measurements of internal soil standards 
[27].   

It is well known that the effective pathlength of NIR radiation for diffuse reflection measurements varies 

depending on the wavelength and on the material, and it may vary from several hundred micrometres to 
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millimetres [98]. In order to better understand the measuring process and the obtained signal, the penetration 

of NIR radiation into mango pericarp tissue [89] and into umbu [88] using a Viavi MicroNIR 1700 were evaluated 

to estimate the effective sampling volume of the fruit observed by the instrument. 

A very reduced number of articles reported data concerning the long-term stability of the sensors. An 

experiment over a period of 5 days (8h/day) in a process control context using the Viavi MicroNIR was 

conducted [117]. The authors noticed that the spectra presented an offset in the baseline, that they attributed 

to variation in the temperature of the radiation source and of the detector, typical for single-beam 

equipments. This variation can be corrected easily with the application of derivative data pretreatments. The 

repeatability and reproducibility of Felix F-750 (a portable equipment), Tellspec and Consumer Physics SCiO 

(miniaturised devices) were evaluated [88] at selected wavelengths, obtaining different repeatability and 

reproducibility values for the three devices. Nevertheless, the multivariate calibration models developed with 

the three devices showed similar predictive performances and accuracies in the determination of umbu 

quality parameters.  

In another paper, the instrumental calibration of DLP NIRscan Nano engine was verified [134] according to a 

well-established calibration verification procedure outlined by the USP (US Pharmacopeia) < 1119>. The 

authors tested the photometric linearity, performed a wavelength verification by scanning a standard 

material as suggested by USP < 1119>, and determined the signal-to-noise ratio. The authors stated that the 

handheld NIR device passed the instrumental verification procedure.  

 

4. Spectra interpretation and data analysis 
As reported in the fifth column of Table 1 or in the third column of Tables 2-4, and in more detail in the review 

published by Bec et al. [8], the handheld and miniaturised NIR instruments show a limited wavelength range 

if compared with benchtop NIR instrumentation. This leads, in some cases, to a reduced performance 

depending on the application considered. As an example, three miniaturised instruments were employed to 

predict several properties in dried, ground forage samples, and the authors concluded that the miniaturised 

instruments had no comparable performances with respect to the benchtop device [90]. It is important to 

mention that the wavelength ranges were quite different between the tested instruments. Several papers [25, 

33, 38–40] reported interesting images in which the signals collected by different miniaturised and benchtop 

instruments are compared, and quantum mechanically simulated NIR spectra are also given.  

Focussing on Consumer Physics SCiO, it is worthwhile to note that the spectra are presented to the user only 

after preprocessing, and for this reason the comparison of these spectra with raw spectra recorded with 

other instruments [33] needs to be done with care. It is worthwhile to note that the SCiO spectral range (740-

1070 nm) reaches into the visible region. This can be an advantage, if the lightness or the darkness of a sample 

strongly correlates with the analyte or the property under study. Otherwise, this may be a source of noise, 

and the elimination of the visible parts of the spectra may improve the performance of the sensor. Moreover, 

the lower the wavelength, the higher the penetration into the sample. This is quite irrelevant in truly 

homogeneous samples, but it may be an advantage when outer layers are contaminated [40]. It is also 

important to mention that chemical signatures are more intense at higher wavelengths [135], what should also 

be taken into account when deciding the wavelength range and hence the specific instrument to use. 

Some authors found in their analysis discrepancies between the working regions described by the 

manufacturers and the experimentally determined working regions. Both Viavi MicroNIR 2200 and Thermo 

Scientific MicroPhazir gave wrongly measured spectra in the lower wavenumber regions in the analysis of 

Theae nigrum folium if compared with the reference benchtop equipment (Buchi NIRFlex N-500) [39]. Almost 

the same distortion was observed in the analysis of piperine content in Piper nigrum [33] (Figure 6) and in the 
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determination of moisture in plant matrices [25]. No specific details about the measurements in Figure 6 are 

provided (e.g. use of cuvettes, contact or distance measurements) what can also contribute to the differences 

among the recorded spectra. Another way to compare spectra from different devices was using two-

dimensional correlation spectroscopy (2D – COS) to identify discrepancies between the signals recorded [37]. 

A wavelength-by-wavelength comparison between the two tested instruments (Felix F-750, a portable 

equipment and SCiO, a miniaturised sensor) and a standard solid object (white Teflon sphere) at different 

room conditions was made, observing strong differences between the devices [52]. However, the fact that the 

spectrum recorded by a portable sensor does not exactly match with the theoretical one or with the spectrum 

measured by a benchtop instrument, cannot negatively influence the possibility of developing reliable 

analytical methods with portable sensors. On one hand, if the difference between the spectra of the different 

samples is maintained, even small deviations from the theoretical spectrum would not significantly affect the 

performance. On the other hand, when the deviations observed from the theoretical spectrum make 

different samples to appear similar, then it is useful (or necessary in some cases) to remove that 

spectroscopic zone in order not to add noise to the data. What certainly creates complications when 

observing deviations between the spectrum of a portable instrument and a benchtop one, is in the transfer 

of calibrations, a topic that has not yet been extensively treated in the literature as commented in the 

conclusions of this paper. 

From Figure 6 is interesting to remark the short wavelength range of SCiO compared with most of the 

reported miniaturized NIR devices (what can also be seen in Table 1). This short wavelength range is typically 

associated to a low information content. Nevertheless, for certain applications the use of proper 

chemometric techniques on the SCiO data is able to produce reliable qualitative and quantitative results as 

it is shown in the different reviewed papers. 

Spectra were recorded in replicates in almost all the revised papers. Replicates were then averaged to obtain 

a spectrum representative for each sample, and multivariate modelling was employed mainly for 

classification or prediction purposes. Some authors [101] checked the quality of the measured spectra by using 

the root mean square (RMS) statistic [136] in an attempt to obtain representative spectra for a given sample. 

As it is well known, spectra preprocessing is essential in NIR calibration (see [137, 138] and references therein) 

as it allows to remove unwanted signals in spectroscopic data. Smoothing, baseline correction, derivatives, 

standard normal variate (SNV) and multiplicative scatter correction (MSC) are the most used data 

pretreatments, mainly in combination between them (SNV and MSC both correct scattering, and thus they 

are never used simultaneously). It is clear that these transformations may affect the interpretation of the 

outcomes and so they have to be carefully selected [139]. 

Once suitable spectra are obtained, explorative, classification and prediction modelling can be developed. A 

crucial point in multivariate modelling is the choice of samples to be used in the calibration and validation 

steps, and thus the choice of the validation system. Concerning this topic, a very interesting tutorial [140] 

illustrates how the level of validation and the choice of the methods for analysing data may impact the 

conclusions and the chemical insight gained in analytical problems.  

Calibration samples used to build the multivariate models should include all the sample variability. Ideally, 

the more samples analysed, the more variability included, but if the variability sources are known, 

experimental design can be successfully used to choose the calibration samples. For instance, D-optimal 

design was used (see [21] and references therein) to choose 31 different formulations to be used as the 

calibration set to predict content uniformity in a blend monitoring. A ternary mixture design was employed 
[48] to choose 10 milk powders (infant formula) samples to buy in supermarkets including the maximum 

variability, and to be used as the base for a series of melamine artificially adulterated samples with 11 levels 

of adulteration.  



16 
 

In most of the revised articles, the authors did not report in detail how the samples were divided into 

calibration and validation sets. The two data sets should be independent, but often this is not possible due 

to limitations in the collection of samples. The choice of a sample selection method and the limitations of the 

chosen method should be therefore carefully considered. Some authors specify that a random choice was 

performed (see e.g. [38, 42, 44, 52, 60, 64, 69, 70, 86, 103, 113, 120] – reporting in [120] a double external validation) while 

other ones used mathematical algorithms to choose the calibration and the validation samples. This means 

that they made this choice driven by the chemical features of the samples, which are reflected in the spectral 

shape or in the chemical property used as the reference value in the case of prediction models. The two 

datasets are therefore not strictly independent from each other, what can be even more important for small 

data sets. A comparison between the prediction error obtained by models built by random selection of the 

calibration set and by selection driven by a mathematical model, may give to the researcher useful 

information on the data and on the robustness of the chosen method. Resampling of the calibration set may 

give also interesting information. Only a few articles reported cross-validation as the only validation method, 

and for this reason the results presented could be considered only a proof-of-concept, as external validation 

is mandatory to obtain definitive models.  

The Kennard-Stone (K-S) algorithms was surely the most used algorithm (see e.g. [25, 39, 40, 53, 76, 104, 105, 125, 133, 

141]) to find the calibration and validation sets. The algorithm selects, for the validation set, samples that best 

represent the average samples, according to the Euclidian distance from a given sample to all the other 

samples in the data set. Samples with the highest distance to the average are then included in the calibration 

set. This ensures that the test set variance is fully contained in the calibration set and that it can lead to better 

calibration results if compared with the random sample selection (see e.g. [33] and references therein). 

However, sometimes the Kennard-Stone algorithm leads to over-optimistic results. To avoid this problem, 

the Duplex algorithm can be used (see e.g. [48, 62, 76, 107, 108, 142]). This algorithm overcomes the problem of 

obtaining over-optimistic results by distributing the variance in a more balanced way between the calibration 

and the validation sets [140].  

While the Kennard-Stone or Duplex algorithms divide the samples according to the spectroscopic features, 

in another paper samples were selected for the calibration and validation sets according to the value of y, 

the property to predict [143]. In this article, describing the prediction of fatty acid in wheat flour, the authors 

chose the validation samples so that they were homogeneously distributed with respect to the fatty acid 

content determined by the reference method. A similar approach was used in [37, 46]. These splitting methods 

are described in column eleven of Tables 2-4 as semi-random. Another algorithm often used to select 

datasets is the Sample Set Partitioning based on joint X-y distances (SPXY), employed to select samples 

according to their differences in both X (instrumental responses) and y (predicted parameter) spaces [144].  

Another important issue that should be considered when performing a multivariate model is to catch all the 

system variability, collecting measurements in different conditions (environment, operator, day…). As an 

example [145], measurements on commercial milk powder were performed in different days to include the 

potential day-to-day variance into the model. Samples for external validation were analysed in multiple days 

of the collection, two days of which were completely independent of the calibration days, to evaluate the 

robustness of the developed model. Catching all the system variability should always be the way to develop 

a reliable chemometric model. Related to considering the different conditions when building the model, it is 

worthwhile to recall that chemometric models need a maintenance. They should be periodically updated to 

reflect the variation of samples during time, as e.g. in the case of the market of illicit drugs which is in 

continuous evolution [19] or even food,  where the authors proposed an interesting discussion on the 

calibration model maintenance [45].  

Linear multivariate models are the most employed models to analyse spectroscopic data. Depending on the 

research purpose, principal component analysis (PCA) as exploratory analysis, partial least square regression 
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(PLSR) as regression method and partial least-squares discriminant analysis (PLS-DA) and soft independent 

modelling of class analogies (SIMCA) as classification methods, were the most used techniques as shown in 

Tables 2-4, column nine. Only a few articles reported better results using non-linear methods. 

It is worthwhile to recall that when the predictors influence the response in a direct way, a linear multivariate 

method should work if the experiment is properly set and the analyte to be predicted lays above the 

detection limit. But the predictors may also influence the response in an indirect way, and therefore non-

linear data may be produced. In this case, non-linear methods should be employed. Although non-linear 

methods have been widely applied in spectroscopic calibration since 1990s, their application has some 

disadvantages that should be considered when choosing the multivariate method to use. Among the 

disadvantages, we can mention the enlarged risk of over-fitting that leads to require very large data sets [146]. 

To mention some examples using non-linear methods, pharmaceutical raw materials were identified with 

supervised pattern recognition using support vector machine (SVM) [43] or a correct classification rate of 

98.33% was obtained for different tea types using nonlinear radial basis function-support vector machine 

(RBF-SVM) [35]. The same research group detected green tea adulterants: a qualitative discrimination of 

97.47% for the prediction set was achieved with SVM, and also the quantification of the adulterants gave 

good results with a support vector machine regression model (SVR) [46]. In both cases, the Innospectra 

Corporation NIR-S-R2 spectrometer was used. SVM was also used to classify and predict quality and freshness 

of eggs [59], obtaining similar classification and prediction rates than using linear models. Artificial neural 

networks were also used to predict the egg storage time [60], obtaining better results than using PLSR 

techniques. Extreme learning machine (ELM) was successfully employed to predict fatty acids in wheat flour 
[143], while artificial neural networks allowed the determination of moisture in a complex plant matrix 

outperforming benchtop devices [25]. A neural network based-model was also used [120], in which the authors 

developed a mobile application to be connected with the miniaturised spectrometer to get in situ real-time 

estimation of chemical quality control parameters of cow milk. SVM was also used to build a calibration 

transfer model between a benchtop instrument and Viavi MicroNIR 1700 [49], successfully using a historical 

and very large database acquired using the benchtop spectrometer for the determination of several 

parameters in apples. 

A few articles reported multivariate models built following a data fusion approach. Data fusion methodology 

can be briefly described as a system that allows to combine the results from multiple sources (instrumental 

sources are typically used, but other type of data such as e.g., sensory data, may be used), thus from different 

blocks of data. The combined data can be used for classification and/or prediction purposes. For an in-depth 

study of these techniques, this literature is suggested [147, 148]. The increase in information due to the 

simultaneous use of different data blocks can help to reduce the impact of spurious sources of variability, 

obtaining lower errors in the models. To obtain this result, the different data blocks should bring 

complementary information. In the reviewed papers, authors mainly coupled sensors with different 

spectroscopic range to increase the information hidden in the spectra. For instance, a prototype was 

designed including a miniaturised NIR sensor developed in-house (939–1833 nm), a miniaturised commercial 

UV-Vis spectrometer (320–889 nm) and a miniaturised RGB camera [149]. High-level data fusion was then 

applied to the obtained data to detect food fraud in extra virgin olive oil. The same system was applied to 

detect fraudulent additions in skimmed milk powder (the UV-VIS spectrometer was used for both 

fluorescence and diffuse reflectance VIS spectroscopy) [150], while two commercial sensors were coupled to 

improve the prediction error in the quantification of macronutrients in commercial milk samples [104].  

In the reviewed literature, very often a variable selection step was performed. Variable selection can lead to 

several advantages, like the improvement of model predictions, a better interpretation of the data, or a lower 

measurement cost. It is mainly used when the number of variables is much larger than the number of 

samples. For an overview of this topic, references [151–154] are suggested to the reader. In the case of 

miniaturised NIR spectrometers, there are usually not many more variables than samples, but the evidence 
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is that the variable selection step in many cases allowed to obtain better models. Again, model validation is 

crucial: if the selected variable set represents only the calibration set, predictions may be very poor since the 

validation set may contain conditions not included in the calibration set. It is worthy to recall that the variable 

selection should be done on the calibration set, and the model build with the reduced number of variables 

must be validated on an independent set of samples.  

Concerning Consumer Physics SCiO, it is worthwhile to mention that the recorded spectra can be directly 

managed using the software ‘The Lab’, which is a cloud-based application that allows to create chemometric 

models by Consumer Physics proprietary algorithms. Several authors tried to model data both with ‘The Lab’ 

and with other software, and usually the best results were obtained with other software, since ‘The Lab’ 

cloud-application offers limited possibilities (see e.g. [47]).  

Regarding prediction models, globally speaking more efforts should be done to validate the models 

calculating the figures of merit, since these parameters help to characterize the performance of the models. 
[155]. Most of the authors determined several parameters that describe the goodness of the model in terms 

of prediction error, being the root mean square error of prediction -RMSEP- [156] and the R2 statistic associated 

to the calibration line of the multivariate model the most used (root mean square of cross-validation – 

RMSECV is also used, but it cannot be considered a definitive estimation of the prediction error since it does 

not account for an external validation as is in the case of RMSEP). Less articles reported the SEP (standard 

error of prediction) value, which is very useful to comprehend the causes of the differences between the real 

and the estimated values (the difference between RMSEP and SEP gives the bias of the model). But only a 

few reported the limit of detection (LOD) or quantification (LOQ) of the proposed analytical methods. These 

parameters are fundamental to understand the applicability of an analytical protocol, since they provide 

especially important information when working at low concentrations. The approach described by Allegrini 

and Olivieri [157, 158] was employed in several papers [40, 48, 110], while other authors [38] calculated the LOD and 

LOQ with the software TQ Analyst 8 without specifying the approach used. The LOD and LOQ was also 

calculated considering the estimation of the noise level in the dataset and on the regression coefficients 

determined in the regression models [131], while other authors [112] did not describe in detail how did they 

calculate them. The LOD was also calculated [104] using the approximate expression for the sample-specific 

standard error of prediction (SEP), as derived by Faber and Bro [159].  

Process control application always reports multivariate control charts [160], which are often used to address 

the presence of abnormal variation in the monitored system. Multivariate control charts are obtained after 

a variable reduction step, and PCA may be an option to reduce the data dimensionality. Multivariate control 

charts are constructed thus using Hotelling’s T2 or Q residuals, as presented in different papers [24, 117]. 

 

5. Conclusions and prospects  
In this overview, covering about the last five years, excellent scientific papers are reported, proving that 

miniaturised NIR sensors are assuming an important role within analytical chemistry and that they are applied 

in a broad variety of fields. The manufacturers have subjected the sensors to continuous optimization, 

making them increasingly robust and reliable instruments suitable for the analysis of many analytes (or 

sample properties) in various fields. In parallel, researchers have developed analytical strategies and data 

treatments optimised to the characteristics of the miniaturised sensors on the market. 

As emerged from the literature, miniaturised NIR devices are spreading according to different logics. On the 

one hand, they are employed as portable tools that can be used directly in the field. The portability of an 

analytical method using miniaturised NIR devices is in most cases directly related to the complexity of the 

pretreatments: if the pretreatments are not user-friendly or require the use of complex equipment, despite 
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the use of miniaturised instrumentation the portability may be compromised. Especially in food analysis, but 

also in other contexts, miniaturised NIR devices are often used without any sample pretreatment (see Tables 

2-4). Sometimes miniaturised instrumentation gives only a preliminary screening of the sample before 

laboratory analysis but, in several cases, these instruments provide performances comparable to benchtop 

instruments. Some of them are even designed to be used by non-experts end users: they can obtain 

information on a sample in a few seconds of analysis without any knowledge in analytical chemistry or data 

processing, using mathematical models directly available in the cloud and developed by the manufacturer. It 

would not be surprising if these tools, in the near future, turn into smartphone accessories linked to specific 

mobile applications capable of managing the combined system, allowing analytical measurements on 

demand. Some of the revised works already go in this direction (see e.g. [19, 120]). 

On the other hand, some companies are starting to test the possibility of implementing miniaturised NIR 

devices to monitor and control their processes. Being much smaller than benchtop NIR spectrometers and 

much cheaper, they can potentially be introduced at many points in an industrial process allowing a more 

detailed control of it. Moreover, they can allow even small businesses to start controlling their processes 

thanks to the reduced cost. A small number of process control studies have been found in the literature and 

it is probably understandable: the sensor cannot be used as it is, but it must be integrated into the process 

line, and this requires a further optimization step. Another limiting factor may be inherent to the different 

performances offered by miniaturised devices if compared with benchtop instruments. 

In the reviewed literature, very often the authors compared the results obtained using the miniaturised NIR 

instruments with the results obtained with a benchtop instrument, used as the reference. Some studies 

considered to rotate the sample holder to obtain representative spectra as is commonly done in benchtop 

analysis but clearly the number of rotations when using portable spectroscopy is limited. Another issue for 

comparison purposes is related to the definition of replicates. Some authors intended as replicates 

subsequent acquisition of spectra (which is commonly known as instrumental replicates and that do not 

provide an estimation of the heterogeneity of the sample), while others considered the displacement of the 

sample, the refilling of the sample holder or more in general the analysis of different aliquots of the sample 

(analytical replicates). Some authors even did not describe the type of measurement (contact or distance). 

This may lead to difficulties in comparison between instruments because results contain different sources of 

errors (for a more advanced discussion on replicates and errors see [161]). Moreover, this comparison is often 

carried out between the average errors of prediction or classification, in a univariate way, and it is worthwhile 

to note that such errors come from multivariate statistical analysis. Multivariate criteria should then be used 

to determine the figures of merit of the proposed analytical methods and to compare the results obtained 

between different instrumentations. Only a few number of articles calculated multivariate figures of merit 

as mentioned in the previous section, or compared the results obtained by the miniaturised instruments with 

the reference value in a statistical way (e.g. [104, 162, 163]). 

Chemometric models developed in quality and process control have to be maintained to retain or improve 

their prediction performances [164]. The long-term prediction performance of spectroscopic calibration or 

classification models is a critical factor as new sources of variation that deteriorate the performance may 

emerge. In the literature, a very few numbers of articles consider this aspect. Only some authors performed 

analysis over time to include variabilities due to changes in the instrumental features or sample 

characteristics (see e.g. [45, 145]). Concerning this aspect, it is worthwhile to note that there is no literature 

about the life of a miniaturised sensor. No information has been found concerning the deterioration of the 

sensors, and this is a good point to be considered when deciding to develop a chemometric model in a quality 

or control process. The development of a good model often requires many samples and sample replicates, 

and these models often need a constant update trying to catch the variability of samples over time (e.g. the 

market of illegal drugs is continuously evolving). Few authors proposed a solution to this issue ([20]). When 

developing a model, a fair amount of effort in terms of money and time is required, and the model is strictly 
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related to the instrument used. How many years will the sensor last (and consequently the model built with 

it)? At the moment, there is no answer to this question in the literature. Will it be possible to transfer the 

multivariate model built to another sensor? A few number of articles compare instruments of the same type, 

to investigate if changing the device may lead to a change in the performance of the models, or to test if the 

models could be transferable between sensors (see e.g. [47, 102]) or between a portable instrument and a 

benchtop one [49, 165, 166] . Despite good results are obtained, studies are still few, probably because the 

commercialised spectrometers are still young and constantly evolving, or due to the discrepancies or 

distortions between the signal recorded with portable sensors with respect to the theoretical spectra or with 

the spectra recorded with benchtop instruments reported by some authors. 

When dealing with NIR measurements, it is also important to remind the inherent limitations associated to 

this type of spectroscopy: due to the intrinsic characteristics of NIR spectra, NIR measurements cannot 

separate most of the individual compounds (e.g. individual fatty acids) to be used in multivariate analysis. 

This implies that in these cases, calibration models aimed to predict individual compounds are based on the 

correlation to other compounds of the sample (collinearity between the analytes of interest and interfering 

compounds) [167, 168]. This degree of collinearity may compromise the robustness and the validity of the 

calibration model when it has to be applied to future samples [169]. This fact reinforces the need for a proper 

validation of the models, as we have pointed out previously. 

In choosing a miniaturised NIR sensor, the application for which it is intended is a fundamental aspect to be 

considered. The spectrometers, as already discussed previously in this paper and in other excellent papers 
[8], cover different spectroscopic ranges, and radiation thus penetrates differently in the samples. Moreover, 

they are able to scan different sample areas, and this is a key point when dealing with inhomogeneous 

samples. Other strategies such as nested ANOVA [170] may also be used to have an estimation of the variability 

in and between the samples and to find the most suitable sampling procedure to have a correct estimation 

of the number of samples and replicates to be performed. 

Another aspect to consider is the way in which miniaturised NIR devices transfer the data to the computer 

for the multivariate modelling. In our experience, the data transfer may not be as rapid as is required in e.g., 

process control optimization. In some cases, the devices directly communicate with the PC, while in some 

other cases the devices store the spectra in an internal memory, and then the user must manually transfer 

the data into the PC or into the cloud. Automation is not obvious in some cases and takes time. Another 

important aspect to consider is that some articles reported the heating of the acquisition window or the 

heating of the sensor itself after multiple analysis. In view of a continuous application, this can affect the 

variability of the spectra and is noteworthy in case of thermolabile samples. 

In conclusion, the use of a miniaturised NIR device may be a good choice in a broad range of applications as 

demonstrated by the impressive numbers of papers published in the last years, even though there is the need 

for the design of the optimised analytical strategy adapted to each sample and to each miniaturised device. 

The use of these tools follows the principles of green analytical chemistry in the drastic reduction of costs 

due to reagents, time, transportation to the lab and wastes, to name a few. Above all, it should be considered 

the cost of the instrument itself, which is orders of magnitude lower than a benchtop spectrometer, and the 

minimum quantity of material to be disposed when the instrument itself ends its life cycle. Some of the 

commercialised miniaturised spectrometers have a cost that can often be faced also by small companies or 

by a single person, who could use it in everyday life. Each one of us could potentially have a small laboratory 

at home.  

Of course, not all that glitters is gold. Several drawbacks emerged from the revised articles as argued in this 

article. This can be a stimulus for manufacturers to further improve their products, but also for analytical 

chemists who must face new challenges. 
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9. Abbreviations 
ANN = Artificial neural networks 

BOSS = Bootstrapping soft shrinkage 

BPNN = Back propagation neural network 

CARS = Competitive adaptive reweighted sampling 

CFS = Correlation-based feature selection 

CL = Commercial language 

CP-ANN = Counter-propagation neural network 

CRT = Cubist regression tree 

CS = Commercial software 

CT = Commercial toolbox 

DD-SIMCA = Data driven soft independent modelling of class analogy  
DMD = Digital micromirror device 

DS = Direct standardisation 

ELM = Extreme learning machine 

GA = Genetic algorithm 

GMD = Global Mahalanobis distance analysis 

GPR = Gaussian process regression  

HCA = Hierarchical cluster analysis 

HQI = Hit quality index (comparison with library) 
HP = High performance 

i-PLS = interval partial least squares 

IRIV = Iteratively retaining informative variables 

IVSO = Iteratively variable subset optimization 

JK = Jack-knife algorithm on the regression coefficients 

KNN = K-nearest neighbour  

K-S = Kennard-Stone 

LDA = Linear discriminant analysis 
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LED = Light-emitting diodes 

Logistic-R = Logistic regression 
LVF = Linear variable filter 

LW = Loading weights 

MBSD = Moving block of standard deviation method 

MCC = Multivariate control chart 

MCR-ALS = Multivariate curve resolution-alternating least squares  

MLR = Multiple linear regression 

M-PLS = Modified partial least squares 
MS = Mobile sensing 

MSPC = Multivariate statistical process control 

MW = Moving window 

MWPLS = Moving window partial least squares 

NSoA = New set of acquisition 

OC-PLS = One-class partial least squares 

OPEN-L = Open-source programming language 

OPEN-T = Open-source toolbox 

OPLS-DA = Orthogonal projections to latent structures discriminant analysis 

PCA = Principal component analysis 

PCR = Principal component regression 

PDS = Piecewise direct standardisation 

PLS-DA = Partial least square discriminant analysis 

PLSR = Partial least squares regression 

PSI = Pearson's similarity index 

QDA = Quadratic discriminant analysis 

RC = Regression coefficients 

RF = Random Forest 

RM = Reverse method 

RSDE = Random subspace discriminant ensemble 

Si = Synergy interval 

SIMCA = Soft independent modelling of class analogy 

SMV = Spectral match value with a database 

SO-CovSel = Sequential and orthogonalized covariance selection 

SO-PLS = Sequential and orthogonalized partial least squares 

SPA = Successive projection algorithm 

SPXY = Sample set partitioning based on joint X-y distances 

SRC = Sparse representation classification 

SVMC = Support vector machine classification 

SVMR = Support vector machine regression  

SWR =Stepwise regression 

UVE =Uninformation variable elimination  

VCPA = Variable combination population analysis 

VIP = Variable importance for projection 
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WM = Wrapper method 

XGB = Extreme gradient boosting 
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Tables 

 

Table 1 - Specification of the main technical parameters and characteristics for selected popular miniaturized 

NIR spectrometers. The instrument name reported is the most utilized in the literature under review. 

Parameters are extracted from the technical sheet of the vendors.  HP: high performance, MS: mobile 

sensing, DMD: digital micromirror device, LED: light-emitting diodes, LVF: linear variable filter. 

 

Spectrometer 
(vendor) 

Source Wavelenght  
selector 

Detector Wavelenght region Spectral 
resolution 

(at 
wavelength) 

Weight 
(Dimension) 

Connectivity Approximate 
order of unit 

Cost 

DPL NIRscan 
Nano 
(Texas 

Instruments) 

Tungsten 
halogen 

Stationary 
dispersive 

grating and 
MEMS DMD 

InGaAs  
(single element) 

HP: 1350–2490 nm  
MS: 900–1700 nm 

HP:12 
MS:10 

(6.2 x 5.8 x 3.6 
cm) 

Bluetooth 
and USB 

< 5,000 

MicroNIR 1700 
(VIAVI) 

Tungsten 
halogen 

LVF InGaAs  
(array; 128 
elements) 

908–1676 nm 12.5 (1000) 
25 (2000) 

64 g 
(4.5 x 5.0 cm) 

USB < 30,000 

microPHAZIR 
(Thermo Fisher 

Scientific) 

Tungsten 
halogen 

MEMS 
Hadamard 

mask 

InGaAs  
(single element) 

1596–2396 nm 11 1.2 kg 
(24.4 x 23.2 x 

9.7 cm) 

USB 
 

< 50,000 

NeoSpectra 
development 

kit 
(Si-Ware 
Systems) 

Tungsten 
halogen 

MEMS 
Michelson 

interferometer 

InGaAs  
(single element) 

1350–2558 nm 16 (1550) 17 g  
(32. × 3.2 × 2.2 

cm) 

Bluetooth < 5,000 

NIRONE 
sensors 

(Spectral 
Engines) 

Tungsten 
halogen 

MEMS Fabry– 
Perot 

interferometer 

S1.4: InGaAs  
(single elements) 

S1.7–
S2.5:“extended” 

InGaAs  
(single element) 

1100–1350 nm (S1.4) 
1350–1650 nm (S1.7) 
1550–1950 nm (S2.0) 
1750–2150 nm (S2.2) 
2000–2450 nm (S2.5) 

12–16 
13–17 
15–21 
16–22 
18–28 

15 g 
(2.5 × 2.5 × 1.75 

cm) 

Bluetooth 
and USB 

< 5,000 

NIR-S-G1 
(Tellspec) 

Tungsten 
halogen 

Stationary 
dispersive 

grating and 
MEMS 
DMD 

InGaAs  
(single element) 

900–1700 nm 10 87 g 
(7.6 x 8.2 x 2.7 

cm) 

Bluetooth 
(Cloud 

service) 

< 5,000 

SCiO 
(Consumer 

Physics) 

LED Bandpass filter Si photodiode 
(array, 12 elements) 

740–1070 nm N/A 35 g  
(0.315 × 0.95 × 

2.75 cm) 

Bluetooth 
(Cloud 

service) 

< 1,000 
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Table 2 - Overview of the application of miniaturised NIR instruments on powder samples. Some information was not explicitly declared (-) in the articles. Variable 

selection algorithms were sometimes used only as an interpretation tool (*). The column concerning the splitting algorithms for external validation includes 

information related to the acquisition of new sets or batches of samples (NSoA), the use internal cross-validation (#) or no validation (//). Elaboration tools were 

divided into Commercial Programming Language (CL), Commercial Toolbox (CT), Commercial Software (CS), Open-source programming language (OPEN-L), Open-

source toolbox (OPEN-T). Abbreviations related to the chemometrics models can be found in the list of abbreviations. 

Sample 
NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

Number of 
samples 

Models 
Variable 
Selection 
method 

External 
validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Black pepper 
MicroNIR 2200 
microPHAZIR  

SCiO  

1128 – 2162 
1596 – 2395 
740 – 1069  

Reflectance  - 
None  

and milled 
Prediction 66 PLSR None K-S CS [33] 

Cannabinoids MicroNIR 900 – 1700  Reflectance  Glass vial Shaken 
Prediction 

Classification 
- PCA, PLSR, PLS-DA None - CS [18] 

Cereals 
NeoSpectra-Micro 
development kit 

1350 – 2560  Reflectance 
Through a sample 

holder 
None  

and ground 
Prediction 164 PLSR Loadings * Random CS [171] 

Cocaine SCiO 740 – 1070  Reflectance Through a vial None Classification 316 
PCA, SIMCA, PLSR, 

KNN, ANN 
None 

Random + 
NSoA 

CS + OPEN-L [20] 

Cocaine MicroNIR  950 – 1650   Reflectance  Glass vial None  Prediction 90 PCA, PLSR None NSoA CS [172] 

Cocaine 
 

DLP NIRscan Nano 
EVM  

900 – 1700  Reflectance  Glass vial None Prediction 240 PCA, SIMCA, PLSR JK K-S CS [17] 

Coffee 
MicroNIR Pro 

1700 
908 – 1676  Reflectance  - Ground Prediction 125 PCA, PLSR None Real samples CL [67] 

Coffee MicroNIR 1700 908 – 1676   Reflectance Glass cuvette Homogenised Classification 214 PCA, PLS-DA VIP* Random CL + CT [173] 

Coriander seed 
Ocean Insights 
Flame-NIR SCiO 

934 – 1660   
740 – 1070   

Reflectance  Petri dish  Ground 
Prediction 

Classification 
290 

OPLS-DA, PLSDA, 
RF, PLSR 

None - CSs [38] 

Curcumae 
Rhizoma 

NIR-S-G1 900 – 1700 Reflectance Through plastic film 
Crushed, sieved, 

dried 
Prediction 62 PLSR CARS, IRIV, GA K-S CL [174] 

Dog food SCiO 740 – 1070 Reflectance 
Plastic bag 1 cm above 

the surface 
None  

and Ground 
Prediction 99 PLSR None Random CS [44] 

Fluid bed dryer 
batches 

N-Series 2.2 1750 – 2150   Reflectance  
Probe with a sapphire 

window  
None Prediction 14 batches 

PLSR, PCA-based 
MSPC 

None NSoA CL + CT [23] 

Forages 
microPHAZIR  

DLP NIRscan Nano 
EVM 

1600 – 2400 
900 – 1700  

Reflectance  Through a cover glass Ground Prediction 210 PLSR None Random OPEN-L [175] 

Forages 
AuroraNir  
NIR-S-G1  

SCiO 

950 – 1650 
950 – 1650  
740 – 1070  

Reflectance  Direct contact 
Dried, ground, 

sieved 
Prediction 1128 PLSR None - CSs [90] 

Forages 
Tellspec 

Enterprise 
Scanner 

900 - 1700 Reflectance 
Through 

polypropylene bags 
Dried and ground Prediction 147 PCA, PLSR None - CS [176] 

Fritillariae 
cirrhosae 

PV500R-I 1353 – 1850   Reflectance  Direct contact 
Weighed, crushed 

and sieved 
Prediction 

Classification 
72 LDA, PLSR None - CSs [177] 

Gluten-free 
grains 

MicroPHAZIR RX 
analyzer 

MicroNIR 2200 
SCiO 

1596 – 2396 
1128 – 2162 
740 – 1070 

Reflectance Quartz cuvette None and milled Prediction 77 PLSR None K-S 
” The Lab” + 

CS 
[40] 
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Sample 
NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

Number of 
samples 

Models 
Variable 
Selection 
method 

External 
validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Illegal drugs: 
heroin, cocaine, 
and cannabis 

MicroNIR Onsite 
W 1700  

950 – 1650   Absorbance  - - 
Prediction 

Classification 
3307 

PCA, PLSR, gradient-
boosting classifier 

and regressor 
methods 

None K-S OPEN-L [19] 

Illegal drugs: 
cocaine, 
phenacetin, 
lidocaine, 
caffeine, and 
levamisole 

MicroNIR Pro 
1700 

908 – 1676   Reflectance  

Cocaine and seal: 
direct contact. Ecstasy 

and medicines: 
borosilicate glass  

Cocaine and seal: 
none. Ecstasy and 

medicines: 
macerated 

Prediction 
Classification 

64 PCA, HCA, PLSR None K-S CL [130] 

Legal high 
substance 

Thermo 
microPHAZIR RX 

NIR 
1600 - 2400 - Through vials None Classification - 

Library matching 
algorithm 

None NSoA CS [178] 

Medicines: 
artemether, 
efavirenz, 
isoniazid and 
excipients 

SCiO 
NIR-S-G1 

Neospectra 

740 – 1070 
900 – 1700 

1350 – 2500  
Reflectance  

Through a sample 
container 

None  Prediction - PLSR None # CL [132] 

Medicines: 
acetylsalicylic 
acid, ascorbic 
acid, caffeine, 
and excipients  

(Si-Ware Systems)  
NR 2.0-W 

DLP NIRscan Nano 
EVM 

MicroNIR 1700 

1298 – 2606 
1550 – 1950   
900 – 1701 
908 – 1676   

Reflectance  Petri dish  Mixed Prediction 50 PLSR None - CS [179] 

Millet 
MicroPhazir RX 
MicroNIR 2200 

SCiO 

1596 – 2396 
1128 – 2162 
740 – 1070 

Reflectance Quartz cuvette 
None and milled, 

shaken 
Prediction 42 PLSR MW K-S 

” The Lab” + 
CSs 

[41] 

Milk powder 
microPHAZIR GP 

4.0 microNIR2200 
1596 – 2396   
1128 – 2161   

Reflectance  Cuvette 
Shaken with an iron 

sphere 
Prediction 110 PLSR None 

K-S and 
DUPLEX 

CL + CS [48] 

Milk powder 
microPHAZIR 

MicroNIR 2200 
1596 – 2400   Reflectance  Petri dish  Homogenised Classification 35 PCA, SIMCA None NSoA CT [145] 

Milk thistle 
extract 

MicroNIR 1700 950 – 1650   Reflectance  - - Prediction 78 PLSR random frog 
Hierarchical 

method 
CS + OPEN-T [180] 

Mulberry 
leaves 

MicroNIR 1700 950 – 1650   Reflectance  Direct contact  
None and dried, 
pulverised and 

sieved 
Prediction 83, 77,80 PLSR 

UVE, CARS, 
random frog 

NSoA 
CL + CSs + 
OPEN-T 

[32] 

Oregano SCiO 740 – 1070  Reflectance  Glass petri dish None 
Classification 
Calibration 

transfer 
413 PLS-DA, RF, DS, PDS None NSoA CSs + CL + CT [47] 

Paprika 
DLP NIRscan Nano 

EVM  
900 – 1700   Reflectance  Petri dish  Flatten 

Prediction 
Classification 

315 PLSR, PLS-DA RC - CL + CS [181] 

Peanut seeds 

Consisted in: 
Spectrometer 

(Ocean Optics); 
Optical fiber, 

Halogen Lamp  

900 – 1700   Reflectance  Direct contact  
Dried  

and ground 
Prediction 

Classification 
113 PLSR, PCA, LDA 

Si-GA-PLS, GA-
PLS, Si-PLS 

Random CL [42] 

Pharmaceutical 
compounds 

MicroNIR Pro 
1700 

908 – 1676   Reflectance  
Borosilicate glass vials 

at 3 mm distance 
None Classification 2 sets 

SVMC, SIMCA, PLS-
DA, LDA, QDA 

None K-S CL [43] 

Plant extracts 
MicroNIR 2200 

MicroNIR 1700 ES 
microPHAZIR 

1128 – 2162 
900 – 1700   

1600 – 2400   
Reflectance  Quartz cuvette Ground Prediction 192 PLSR, GPR, ANN None K-S CL + CT + CS [25] 
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Sample 
NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

Number of 
samples 

Models 
Variable 
Selection 
method 

External 
validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Powder blend MicroNIR PAT-W 900 – 1700   Reflectance  White PVC container None Prediction 42 PCA, PLSR, MBSD 
Spectral 

observations 
Plackett-
Burman 

CS [22] 

Powder blend MicroNIR PAT-U 950 – 1650   Reflectance  
Sample holder at an 

interfacing port 
None  Prediction 

31 
formulations 

PCA, PLSR None NSoA - [21] 

Rosmarini 
folium 

microPHAZIR 
MicroNIR 2200 

1600 – 2400 
1128 – 2161   

Reflectance Cuvette Dried and milled Prediction 60 PLSR 
Uncertainty 

Test, RC* 
Semi-Random 
(based on y) 

CL + CS [37] 

Skimmed milk 
powder 

In-house 
spectrometer 

939 – 1833  Reflectance 
Distance with a 

customised spacer 
Homogenised using 

a spoon 
Classification 168 

KNN, SIMCA, PCA, 
Mahalanobis 

distance, SVMC 
None # OPEN-L [150] 

Soils N-Series 2.2 1750 – 2150  Reflectance  
Different distances and 

direct contact 

Cleaned from non-
soil particles, air-

dried, crushed, and 
sieved 

Prediction 102 PLSR, RF None # OPEN-L [27] 

Soils NeoSpectra 1300 – 2500   Reflectance  Direct contact  
Air-dried, ground, 

and sieved 
Prediction 232 + 638 PLSR, SVMR 

Cubist 
regression* 

# OPEN-L [26] 

Soils 
(Si-Ware Systems 

Inc) 
1350 – 2550  Reflectance  - - Prediction 362 

Data fusion, Cubist 
regression, PLSR, 

SVMR 
None - OPEN-L [31] 

Soils NIR-512 866 – 1670   Reflectance  Probe None Classification 405 PCA, PLS-DA None - CL + CT [28] 

Soils 
NeoSpectra 

Module 
SWS62221 

1300 – 2600 Reflectance - Air-dried and ground Prediction 1601 CRT None - OPEN-L [182] 

Soils MicroNIR 2200 1151 – 2186 Reflectance Petri dish 
Air-dried, ground 
and oven-dried 

Prediction 360 M-PLSR None # OPEN-L + CS [29] 

Soils 

NeoSpectra 
Module 

SWS62221 
ASP-NIR-350 M-

Reflect 

1250 – 2500 
900 – 1700 

Reflectance Direct contact 
air-dried, crushed, 

and sieved 
Prediction 392 CRT, PLSR None Random OPEN-L [30] 

Soybean NeoSpectra Micro 1350 – 2560  Reflectance Petri dish Ground and sieved 
Prediction 

Classification 
122 PLSR, SIMCA 

None or range 
reduction 

Random CS [183] 

Tea NIR-S-R2 900 – 1700  Reflectance  Quartz container Ground and sieved 
Prediction 

Classification 
475 

PCA, PLS-DA, SVMC, 
PLSR, SVMR 

SPA, RC, IRIV - CL [46] 

Tea 
MicroNIR 2200 
microPHAZIR 

1128 – 2162 
1600 – 2400   

Reflectance  - Ground and milled Prediction 65 PLSR None K-S CS [39] 

Tea NIR-S-R2 900 – 1700   Reflectance  
Through a sample 

container 
Ground and sieved 

Prediction 
Classification 

360 
PLSR,  

PLS-DA, SVMC 
CARS, VCPA, 

IVSO 
Semi-Random 
(based on y) 

CL + CS [35] 

Tea 
DLP NIRscan Nano 

EVM  
900 – 1700   Reflectance  Sample cup None Prediction 105 PLSR 

Random frog,  
Si-PLS, GA-
PLS, CARS 

- CL [184] 

Tea NIR-S-R2 900 – 1700  Absorbance  - Ground and sieved Prediction 56 PLSR, MLR SPA, CARS - CL [36] 

Wheat flour 
NR 2.0-W 

MicroNIR 1700 
Si-Ware Systems 

1550 – 1950   
908 – 1676   

1298 – 2606   
Reflectance  1–2 mm distance None Prediction 235 PLSR None 

Hierarchical 
method 

CS [45] 

Wheat flour 
In-house 

spectrometer 
899.22 – 1724  Reflectance  Direct contact None  Prediction 120 ELM VCPA 

Semi-Random 
(based on y) 

CL [143] 

Wheat flour MicroNIR 2200 1150 – 2150  Absorbance 
Through a Polyvinyl 

chloride film 
None Classification 48 

PCA-LDA,  
PLS-DA 

None 
Semi-Random 
(based on y) 

- [185] 
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Sample 
NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

Number of 
samples 

Models 
Variable 
Selection 
method 

External 
validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Whey Protein 
Powder 

NIR-S-G1 900 – 1700  Reflectance 

Through optical glass 
cuvette 

Through low-density 
polyethylene plastic 

bag 

None 
Prediction 

Classification 
273 LDA, PLSR None - OPEN-L [186] 
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Table 3 - Overview of the application of miniaturised NIR instruments on other solid samples. Some information was not explicitly declared (-) in the articles. 

Variable selection algorithms were sometimes used only as an interpretation tool (*). The column concerning the splitting algorithms for external validation 

includes information related to the acquisition of new sets or batches of samples (NSoA), the use internal cross-validation (#) or no validation (//). Elaboration 

tools were divided into Commercial Programming Language (CL), Commercial Toolbox (CT), Commercial Software (CS), Open-source programming language 

(OPEN-L), Open-source toolbox (OPEN-T). Abbreviations related to the chemometrics models can be found in the list of abbreviations. 

Sample 
NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

N of 
samples 

Models 
Variable 
Selection 
method 

External 
validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Acerola fruit MicroNIR 1700 950 – 1650 Reflectance - None Prediction 117 
PLSR, 
SVMR 

None DUPLEX CL + CT [56] 

Apples MicroNIR 1700 950 – 1650 Reflectance - None 
Prediction 
Calibration 

Transfer 
866 

MLR, 
PLSR, 
SVMR 

None SPXY CS [49] 

Archaeological 
bones, 
cinematographic 
films, bronze patinas  

Viavi prototype 1208 – 2160 

Bones:  
Reflectance 

Films: 
Transflectance 

Patinas: 
Reflectance 

Direct contact None Classification 

Bones: 7 
Film rolls: 

79 Patinas: 
3 

PCA None // CL [84] 

Avocado 
MicroNIR 
SCiO v1.2 

908 - 1676 
704 - 1070 

Reflectance 
- 

Few mm 
distance 

None and after 
removal of skin 

or equilibration at 
different 

temperatures 

Prediction 1570 PLSR None NSoA CS [50] 

Banknotes 
MicroNIR Pro 

1700 
908 – 1676 Reflectance Direct contact None Classification 63 

PCA, 
PLS-DA 

None # CL + CT + CS [99] 

Beef meat MicroNIR Pro 905 – 1649  Reflectance Direct contact None Prediction 194 PLSR None # OPEN-L [163] 

Beef meat MicroNIR Pro 905 – 1649  Reflectance Direct contact None Prediction 178 PLSR None # OPEN-L [187] 

Blood stains MicroNIR 1700 908 – 1676 - - None Classification 220 
SIMCA, LDA, 

PLS-DA 
SPA, GA - CL + CT [188] 

Blood stains SCiO 700 – 1100   - - None Classification 230 PLSR 
None or range 

reduction 
NSoA “The Lab” [189] 

Canadian canola 
seeds   

MicroNIR 
OnSite-W 

908 – 1676 Reflectance - None Prediction 181 PLSR None NSoA (2) CSs [190] 

Cephalopods 
MicroNIR Pro 

1700 ES 
SCiO 

908 – 1676 
740 – 1070 

Reflectance - None Classification 50 
PCA, 

PLS-DA 
VIP* DUPLEX 

” The Lab” + 
CS + CL + CT 

[142] 

Cheddar cheese SCiO 740 – 1070  Reflectance  Petri dish  
Shredded and 
temperature 
equilibrated 

Prediction 49 PLSR 

Backward 
elimination, 

MLR-forward 
selection, i-PLSR 

Random OPEN-L [95] 

Cheese SCiO 740 – 1070 Reflectance 
Direct contact, 
quartz cuvette 

None and grated Prediction 46 PLSR None K-S 
” The Lab” + 

CSs 
[78] 

Cherries 
DLP NIRscan 

Nano 
900 – 1700 Reflectance - None Prediction 240 

Logistic-R, 
LDA, SVMC, 
MLR, PCR, 

PLSR, SVMR 

None Random OPEN-L [57] 
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Sample 
NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

N of 
samples 

Models 
Variable 
Selection 
method 

External 
validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Cherry Tomatoes 
(Isuzu Optics 

Corp) 
950 – 1650 Reflectance 

Optical fiber in 
direct contact 

Thermal equilibration Prediction 90 
PLSR, SVMR, 

ELM, HCA 
None Random CL + CSs [191] 

Chicken meat MicroNIR 2200 1150 – 2150 Absorbance 
Fixed distance 

maintained with 
a collar 

Skin removal Classification 80 PCA, LDA SWR # CS [192] 

Chicken meat 
MicroNIR Pro 

1700 ES 
908 – 1676 Reflectance 

Direct contact 
Through the top 
of the package 

Through the 
package held 

bottom up 

None Classification 286 

PLS-DA, 
CP-ANN, 
SVMC, 
RSDE 

VIP DUPLEX 
CL + CT + 
OPEN-T 

[62] 

Chicken meat 
DLP NIRscan 

Nano 
900 – 1700 Absorbance - None and minced Classification 137 + 90 

PCA, LDA, 
SVMC, RF 

None K-S CSs [77] 

Cocoa beans Tellspec 900 – 1700 Absorbance 

Through a 
transparent zip-

locked 
polythene bag 

None Classification 210 
PCA, LDA, 

SVMC 
None Random CL [193] 

Composting process MicroNIR PAT-U 950 – 1650  Reflectance Direct contact None Prediction 100 PLSR None Semi - Random CL + CT [194] 

Compound feed 
MicroPHAZIR 

MicroNIR 1700 
1600 – 2400 
910 – 1676 

Reflectance 

Through quartz 
protection 

Spaced by a 
collar 

None Prediction 100 PLSR None Random CS [69] 

Cork stopper MicroPHAZIR 1600 – 2400 Reflectance - None 
Prediction 

Classification 
288 PLSR, SIMCA RC* Semi - Random  CS [195] 

Cotton fiber 
MicroNIR 1700 
MicroNIR 2200 

950 – 1650 
1150 – 2150 

Reflectance Direct contact None Prediction 104 PLSR None - CS [196] 

Crop grains SCiO 740 – 1070 Reflectance Point and shoot None Classification 2650 

AdaBoost, 
Naïve Bayes, 

PLS-DA, 
RF, SVMC 

VIP* Random OPEN-L [68] 

Drug on blotter 
papers: 
NBOMe and NBOH 

MicroNIR 1700 908 – 1690  Reflectance 
Distance using a 

collar 
None Classification 101 

SIMCA, PLS - 
DA 

None 
Chronological 

order 
CL + CT [197] 

Eggs SCiO 740 – 1070 Reflectance 10-mm distance None Prediction 660 PLSR, ANN CFS # CL [60] 

Eggs 
DLP NIRscan 

Nano 
900 – 1700 Absorbance Direct contact None Prediction 660 

PCA, PLSR, 
SVMR, PLS-

DA, 
SVMC 

i-PLS - CL + CT [61] 

Elephants’ ivory 
3 in-house 

devices 

600 – 1100 
700 – 1200 
900 – 1700 

Reflectance Direct contact 
Cleaned and 

temporarily marked 
Classification 86 PCA, PLS-DA None Random CS [86] 

Fengdous mulberry 
fruits 

DLP NIRscan 
Nano EVM 

909 – 1649 Reflectance Direct contact None 
Prediction 

Classification 
468 + 434 PLS-DA, PLSR CARS - 

CL + CT + 
OPEN-T 

[58] 

Fish MicroNIR OnSite 950 – 1650 Reflectance Direct contact None Classification 170 LDA, SIMCA SELECT - CL [66] 

Fish 
Tellspec 

Enterprise 
Sensor 

900 - 1700 Reflectance - None 
Prediction 

Classification 
805 

PLSR, LDA, 
Logistic-R, RF, 
XGB, SVMC, 

PCA 

None - OPEN-L [198] 
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Sample 
NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

N of 
samples 

Models 
Variable 
Selection 
method 

External 
validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Forages 
DLP NIRscan 

Nano 
900 – 1700 - Sample holder None Prediction 90 PLSR None None OPEN-L [73] 

Fruits 
H-100C 

SCiO 
650 – 950 

740 – 1070 
Reflectance 

Direct contact 
or close to 

contact Direct 
contact 

None Prediction 296 PLSR None # CL + CT [199] 

Grape berries MicroPHAZIR 1596 - 2396 Reflectance Direct contact None Prediction 1600 PCA, PLSR LW*, RC* - OPEN-L [55] 

Grapes and peach 
fruits 

SCiO 740 – 1070 Reflectance Direct contact None Prediction 

Grapes: 
450 

Peaches: 
150 

PLSR None Random CL + CT [52] 

Grapevine MicroPHAZIR 1600 – 2400 Reflectance - None Prediction 160 
PCA, GMD, 

PLSR 
None # CSs [54] 

Grapevine MicroPHAZIR 1600 – 2400  Reflectance Direct contact None Classification 400 SMVC, ANN None # OPEN-L + CSs 
[200] 

 

Hamburger meat 
MicroNIR Pro 

1700 
908 – 1676 Reflectance - None Prediction 144 PLSR, SVMR None Rank K-S CL [75] 

Human health MicroNIR 1700 950 – 1600 Reflectance 
Direct contact 
with pressure 

None Prediction 690 PCA, PLSR Loadings * # CS [201] 

Iberian hams 
MicroNIR OnSite 

Lite 
900 – 1700 - - None 

Prediction 
Classification 

495 
LDA, QDA, 

PLSR 
None Random CL + CT [64] 

Kiwifruit, apple, 
feijoa, and avocado 

SCiO 740 – 1070 Reflectance Point and shoot None Prediction 
Apple: 373 
Kiwi: 1590 
Feijoa: 296 

PCA, PLSR None 
Apple: NSoA 

Kiwifruit: NSoA 
Feijoa: # 

” The Lab” + 
CS 

[51] 

Lamb meat NIRScan Nano 900 – 1700 Reflectance 
Plastic weighing 

boat 

Flattened out in a 
plastic weighing boat 

with and without 
temperature 

equilibration and 
ground 

Prediction 609 PLSR None - CS [93] 

Mango MicroNIR 1700 950 – 1650 Reflectance Direct contact None Sliced Prediction 250 PLSR JK SPXY CL + CS [89] 

Mango SCiO 740-1070 Reflectance 2 cm distance None Prediction 150 PLSR BOSS K-S CL [141] 

Meat 
SCiO 

Polychromix 
Spectral Probe 

740 – 1070 
940 – 1700 

Reflectance - Minced Prediction 328 
PLSR, 

RF regression 
None 

Semi - Random  
K-S 

OPEN-L [76] 

Meat 
DLP NIRscan 

Nano 
900 – 1700 Absorbance Direct contact Ground Prediction 60 + 420 PCA, PLSR SWR - CS [74] 

Medicines in tablets 
or capsules: 
paracetamol, 
ibuprofen and 
artemether-
lumefantrine 

NIR-S-G1 900 – 1700 Reflectance 
Through the 

blister 
None Classification 1830 

HCA, HQI, 
SIMCA 

None - CL [80] 

Medicines in tablets:  
Artemisinin 
derivative-
containing 
antimalarials 
 

SCiO prototype 740 - 1060 Reflectance 
In the integrator 

attachment 
None 

Prediction 
Classification 

677 

Library 
matching 
algorithm, 

APNN, 
PCR, PLSR 

None # - [202] 
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Sample 
NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

N of 
samples 

Models 
Variable 
Selection 
method 

External 
validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Medicines in tablets SCiO prototype 740 - 1060 Reflectance 
In the integrator 

attachment 
None 

Prediction 
Classification 

677 

Library 
matching 
algorithm, 

APNN, 
PCR, PLSR 

None # - [202] 

Medicines in tablets:  
antimalarial 
artemether-
lumefantrine 

SCiO 
MicroPHAZIR RX 

analyzer 

700 – 1100 
1600 – 2400 

Reflectance Direct contact None Classification 304 
PCA, LDA, 

QDA, SVMC, 
KNN 

None - OPEN-L [79] 

Medicines NIR-S-G1 900 – 1700 Reflectance 
Through the 

blister 
None Classification 27 batches 

PCA, DD-
SIMCA 

None NSoA 
CL + CT + 
OPEN-T 

[203] 

Omega-3 dietary 
supplements 
  

DLP NIRscan 
Nano 

900 – 1700 Reflectance Glass cylinder 
Punched and 

squeezed 
Prediction 83 PCA, PLSR None Random CS [97] 

Orodispersible 
formulations 

MicroNIR Pro 
1700 ES 

950 – 1650 Transflectance 

Direct contact 
with slight 
mechanical 

pressure 

None Prediction 720 
PCA, SVMC, 
QDA, LDA 

None - CS [82] 

Orodispersible 
formulations 

NIR N2.0 1550 – 1950 Reflectance Direct contact None Prediction 72 PCA, PLSR - NSoA CS [81] 

Paper MicroNIR 950 – 1650 Reflectance 
Fixed distance 

maintained with 
a collar 

None Exploration 
82 books 
or sheets 

PCA None // CS [85] 

Pasta/Sauce Blends 
MicroNIR Pro 

1700 
908 – 1676 Reflectance 

1–2 mm 
distance 

None Prediction 125 PLSR None Random CL + CT [98] 

Peanuts MicroNIR 1700 908 – 1676 Reflectance Sample cup Shelled 
Prediction 

Classification 
150 

PCA, LDA, 
PLSR 

None Random OPEN-L + CS [72] 

Pears 
DLP NIRscan 

Nano 
908 – 1676 Reflectance Direct contact None Prediction 240 

Data fusion, 
PLSR, 

SO-PLS 
SO-CovSel K-S CL + OPEN-T [53] 

Pears 

DLP NIRscan 
Nano 

MicroNIR Pro 
1700 

900 – 1700 
908 – 1676 

Reflectance 
Near the 
scanning 
window 

None Prediction 90 PCR, PLSR 
Si-PLS, GA-PLS, 

random frog 
SPXY OPEN-L [204] 

Pineapples SCiO 740 – 1070 Reflectance Contact None Classification 90 
PCA, KNN, 
LDA, PLSR 

LW*, RC* - CL [205] 

Plastic NIR-S-G1 900 – 1700  Reflectance 
As close as 

possible to the 
sample 

None Classification - 
PCA, KNN, 

SVMC, BPNN 
None - OPEN-L [206] 

Plastic Waste MicroNIR OnSite 950 – 1650 Reflectance Point and shoot 
Flattened or partially 

flattened 
Classification 250 PCA, PLS-DA None - CL + CT [91] 

Plastic waste 

Si-Ware Systems 
NR 2.0-W 

DLP NIRscan 
Nano 

MicroNIR 1700 

1298 – 2606 
1550 – 1950 
900 – 1701 
908 – 1676 

Reflectance - None Classification 43 PCA, SIMCA None Random CS [207] 

Plastic Waste 
MicroNIR Pro 

1700 ES 
950 – 1650 Reflectance 

Different 
distances 

Several ones 
depending 

on the sample 
Classification - SMV None NSoA 

MicroNIR Pro 
software 

version 3.0 

[208] 
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Sample 
NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

N of 
samples 

Models 
Variable 
Selection 
method 

External 
validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Polymorphs in raw 
materials 

Port 1 Port 2 
Port 3 

900 – 1650 
1160 – 2170 
900 – 1700 

Reflectance Glass petri dish Sieved 
Prediction 
Calibration 

transfer 
30 PLSR None SPXY CL + CT [166] 

Pork Meat MicroNIR 2200 1100 – 2200 Reflectance Plastic petri dish Minced Prediction 80 MCR, PLSR 
Weighted RC, 

SPA 
K-S CL + CT [209] 

Quail eggs 
DLP NIRscan 

Nano 
900 – 1700 Absorbance Direct contact None Prediction 1100 

PCA, PLSR, 
SVMR, 

PLS-DA, SVMC 
None - CL + CT [59] 

Red grapes 
MicroNIR Pro 

Lite 1700 
908 – 1676 Reflectance 

- 
Quartz cuvette 

None or skin removal 
and soft-pressed 

Prediction, 
Classification 

400 
PCA, PSI, 
M-PLSR, 

LDA, PLS-DA 
None PCA CS [92] 

Rice 
MicroNIR 

spectrometer 
900 – 1700 Reflectance 

Through 
samples 

container 
None Classification 720 

PCA, PLSDA, 
SVMC 

None K-S CL [210] 

Rice SCiO 740 – 1070 Reflectance Glass Petri dish None 
Prediction 

Classification 
520 

PCA, KNN, 
SVMC 

None Semi-Random CL [71] 

Sausages MicroNIR OnSite 950 – 1650 Absorbance - 
Usual company 

procedures 
Classification 30 

PCA, KNN, 
PLS-DA 

None - CL + CT [63] 

Semolina 
SCiO 

MicroPHAZIR RX 
analyzer 

700 – 1100 
1600 - 2400 

Reflectance 
Through a low 

reflectance glass 
plate 

None 
Prediction 

Classification 
64 PLSR, SIMCA None SPXY, K-S CL + CT [211] 

Spinach plants 
MicroNIR Pro 

1700 
910 – 1676 Reflectance Direct contact None Prediction 195 M-PLSR None CENTER CL + CS [100] 

Spinach plants 
MicroNIR Pro 

1700 
908 – 1676 Reflectance - None Prediction 77 

PCA, 
M-PLSR 

None # CL + CS [101] 

Spinach plants 
MicroNIR 
OnSite-W 

908 – 1676 Reflectance - None Prediction 261 M-PLSR None 
Mahalanobis 

distance ordering 
and Semi-Random 

CL + CS [212] 

Tablets of a calcium 
channel blocker 

MicroPHAZIR-RX 1600 – 2400 Reflectance 
Through PVC 

blisters 
None Classification 300 

PCA, SMV,  
DD-SIMCA 

None NSoA CL + CS [213]  

Textile 

Si-Ware Systems 
NR 2.0-W 

DLP NIRscan 
Nano 

MicroNIR 1700 

1298 – 2606 
1550 – 1950 
900 – 1701 
908 – 1676 

Reflectance - None Classification 72 PCA, SIMCA None - CS [214] 

Textile 
SCiO 

NIRscan Nano 
EVM 

740 – 1070 
900 - 1700 

Reflectance 
5 mm distance 
Direct contact 

None Classification 74 RF Gini-impurity* - 
Free 

software 
 

Tobacco Leaves 
DLP NIRscan 

Nano 
900 – 1700 Absorbance - None Classification 530 

PCA, SRC, 
LDA, SVMC 

None # - [215] 

Tomato 
Neospectra-

Module 
1295 – 2611 Reflectance Direct contact None Prediction 319 PLSR 

None or range 
reduction 

Random CS [216] 

Tomato 
MicroNIR Pro 

1700 
908 – 1676 Reflectance Direct contact Washed and stirred Prediction 300 PLSR, PLSR2 VIP* # CS [217] 

Umbu 
Tellspec 

SCiO 
900 – 1700  
740 – 1070  

Reflectance Direct contact Washed Prediction 126 PLSR None SPXY CL + CSs [88] 

Veal sausage MicroPHAZIR GP 1600 – 2400 Reflectance 

Quartz cuvette 
Through 
polymer 

packaging 

None Prediction 84 PCA, SVMC None # CS [65] 
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NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

N of 
samples 
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Selection 
method 
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validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Verbena officinalis MicroPHAZIR 1600 - 2400 Transflectance 

Direct contact 
Through the top 
of the package 

Through the 
package held 

bottom up 

None Prediction 75 PLSR RC* 
Semi-Random 
(based on y) 

CS [83] 

Walnuts 
MicroNIR Pro 

1700 
908 – 1676 Reflectance - None Classification 200 PCA, LDA None Random CL + CSs [70] 

Woodchip MicroNIR OnSite 950 – 1650 Reflectance - None Prediction 209 PLSR RC* 
Semi-Random 
(based on y) 

CL [218] 

Wood 
MicroNIR Pro 

1700 
950 – 1650 Reflectance - None Classification 25 PLS-DA, SVMC None - CT + CS [96] 

Wood 
MicroNIR Pro 

Lite 1700 
908 – 1676  Reflectance - Sieved Prediction 200 PCA, MPLSR None 

Grouping by 
Mahalanobis 

distance and semi-
random 

CS [219] 
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Table 4 - Overview of the application of miniaturised NIR instruments on liquids and fluids. Some information was not explicitly declared (-) in the articles. Variable 

selection algorithms were sometimes used only as an interpretation tool (*). The column concerning the splitting algorithms for external validation includes 

information related to the acquisition of new sets or batches of samples (NSoA) the use internal cross-validation (#) or no validation (//). Elaboration tools were 

divided into Commercial Programming Language (CL), Commercial Toolbox (CT), Commercial Software (CS), Open-source programming language (OPEN-L), Open-

source toolbox (OPEN-T). Abbreviations related to the chemometrics models can be found in the list of abbreviations. 

Sample 
NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

N of 
samples 

Models 
Variable 
Selection 
method 

External 
validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Beer 
MicroPHAZIR RX 

analyzer  
1596 – 2396   Absorbance  Filter paper None  Classification 114 ANN None 

Random or 
interleaved 

indices 
CS [113] 

Beer 
MicroPHAZIR RX 

analyzer  
1600 – 2396   - Filter paper None  Prediction 126 PLSR, ANN None Random CS [114] 

Copoiba oil MicroNIR 1700 908 – 1676    Transflectance Quartz cuvette - Prediction 53 PLSR None - CS [220] 

Copoiba oil MicroNIR 1700 908 – 1676    Transflectance Quartz cuvette - Classification 278 DD-SIMCA None K-S OPEN-T [221] 

Extra virgin olive oil 
MicroNIR™ Pro 

1700 
908 – 1676   

Transmittance and 
reflectance  

Quartz cuvette. Vial 
of borosilicate 

None 
Prediction 

Classification 
228 

PCA, SIMCA, 
PLSR 

None Random - [110] 

Extra virgin olive oil 
In-house 

spectrometer 
939 – 1833  Reflectance Customised cuvette None Classification 129 

KNN, SIMCA, 
PCA, 

Mahalanobis 
distance, SVMC 

None # OPEN-L [149] 

Extra virgin olive oil MicroPHAZIR 1600 – 2400  Transflectance Glass tube None Classification 93 SIMCA None NSoA - [222] 

Fuel MicroNIR Pro 1700  908 – 1676   Transmittance  - 
Heated and 
temperature 

stabilised  
Prediction 133 PLSR VIP* K-S CL + CT [131] 

Fuel MicroNIR 950 – 1650   
Transflectance and 

transmittance/absorbance  
Sample cell 

compartment 
None Prediction 118 PLSR SPA, JK SPXY CS [122] 

Fuel MicroNIR Pro 1700 908 – 1676   Transflectance Quartz cuvette None Prediction 108 PLSR VIP* SPXY  CL + CT [126]  

Fuel Oil MicroNIR Pro 1700 908 – 1676   - Vial Holder Droplet None 
Prediction 

Classification 
375 

PLSDA, PLSR, 
SVMR 

None - CL [112] 

Fuel Oil MicroNIR 1700 950 – 1650   Transmittance  Quartz cuvette  None 
Calibration 

Transfer 
103 + 
130 

PLSR, DS, RM None SPXY CL [165] 

N-acetyl-D-
glucosamine 
fermentation 

MicroNIR 1700 908 – 1676    Transmittance  Cuvette None Prediction 135 PLSR 
Bi-PLS, Fi-PLS, 
MW-PLS, CARS 

SPXY CL + CS [223] 

Goat milk 
DLP NIRscan Nano 

EVM NIRQuest 
512 NIR 

900 – 1650    Absorbance  
Polystyrene Petri 

dishes 
Heated and 

cooled 
Classification 200 

OC-PLS,  
PLS-DA 

SPA K-S CL [105] 

Hand sanitizer 
DLP NIRscan Nano 

EVM NIRQuest 
512 NIR 

900 – 1700  - - None Classification 37 
PCA,  

PLS–DA, LDA 
SPA K-S 

CS + CL + 
OPEN-T 

[224] 

Hand sanitizer MicroNIR Pro 1700 908 – 1676   Transmittance Quartz cuvettes  None Prediction 51 PLSR VIP* - CL + CT [225] 

Honey MicroNIR 1700 ES 900 – 1700   Reflectance  
Borosilicate glass 

vials 
Homogenised 

Prediction 
Classification 

100 
PCA, M-PLSR, 

LDA 
None - CSs [162] 
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Sample 
NIR 

Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

N of 
samples 

Models 
Variable 
Selection 
method 

External 
validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Honey 
MicroNIR 1700 

NIRQuest model 
512-2.5  

908 – 1676 
860 – 2500   

Reflectance  Teflon cup 

Incubated and 
adjusted to a 

standard soluble 
solids content 

Classification 84 PLS-DA None 
DUPLEX on 
presplitted 

sets 
CS + CL [108] 

Human milk MicroNIR 1700 910 – 1676  Reflectance  Glass cuvette 
None and thawed 
Pasteurised and 

thawed 
Prediction 918 

PCA,  
MCR-ALS 

None // CS + CT [106] 

Lime juice (Tellspec) 900 – 1700   - - 
Gently squeezed 

and 
homogenised 

Classification 56 PLSDA, KNN None K-S CS [226] 

Medroxyprogesterone 
acetate injectable 
suspensions 

Innospectra 900 – 1700   Reflectance Glass vials 
Resuspending 
with vortexing 

Classification 227 
PCA, 

Mahalanobis 
distance 

Loadings* NSoA 
OPEN-L 

(Shiny App) 
[134] 

Milk MicroPHAZIR MP 1600 – 2400   
Transflectance and 

reflectance  

Quartz cuvette. 
Cuvette with 
aluminium 

Hand mixed 
Prediction 
Calibration 

Transfer 
552 MPLSR None - CS [102] 

Milk MicroNIR 1700 908 –1676  Reflectance  Vial None Classification 87 
PCA,  

PLS-DA 
None Random CS + OPEN-L [124] 

Milk MicroPHAZIR 1624 1600 – 2400   Reflectance  - None Prediction 903 
PCA, PLSR, 

 ANN 
None 

 
NSoA CSs [120] 

Milk MicroPHAZIR 1600 – 2400   Reflectance  Glass vial None Prediction 252 SIMCA, PLSR None - CS [123] 

Milk MicroPHAZIR 1624 1600 – 2400  Transflectance  

Opaque liquid cup 
with a quartz 
window and 
aluminium 

Lightly shaken Prediction 108 PLSR RC* Random CS [103] 

Milk 
SCiO 

Neospectra 
Development kit  

740 – 1070   
1350 – 2558   

Reflectance  
Silica glass beaker 
at a fixed distance 

Quartz cuvette 
None Prediction 45 

Cluster 
analysis, PCA, 

PLSR 
i-PLS K-S 

” The Lab” + 
CL 

[104] 

Mulberry vinegar 
DLP NIRscan Nano 

EVM NIRQuest 
512 NIR 

900 – 1700 
910 – 1700  

Transmittance  Optical fiber None Prediction 97 PLSR CARS - CL + CS [118] 

Oil 
NeoSpectra micro-

FT-NIR OEM 
version 

1300 – 2600   Reflectance  Cell None 
Analytical 
Strategy 

80 PLSR - - CL + OPEN-T [129] 

Oral fluids MicroNIR 900 – 1700   Reflectance  

Swabs with 
distancing collar 

and an integrated 
antireflective-

coated sapphire 
window 

None Prediction 50 
PCA, PLSR, PLS-

DA 

Stepwise 
decorrelation  
of variables 

. CS [227] 

Organic Reaction: 
synthesis of 5-
hydroxymethylfurfural 

MicroNIR 1150 – 2150   - Flow cuvettes None 
Process 

Monitoring 
- PCA, MCC None NSoA CS [117] 

Palm oil 
MicroNir 

LED-MicroNIR 

950 – 1650   
1200 +- 50 - 
1450 +- 50  

Transmittance  Quartz cuvette  Thawed Classification 165 PLSR, LDA None K-S CL [133] 

Palm oil 
MicroNir 

LED-MicroNIR 

950 – 1650 
1200 +- 50 - 
1450 +- 50  

Transmittance and 
transflectance  

Quartz cuvette  None 
Prediction 

Classification 
180 SIMCA, PLSR CARS K-S CL [111] 
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Spectrometer 
Range 
(nm) 

Mode 
Acquisition 

system 
Pretreatment Scope 

N of 
samples 
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method 
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validation 
(Splitting 

algorithm) 

Elaboration 
system 

Ref 

Palm oil TIDA-00554 DLP 900 – 1700   - Glass cuvette Heated 
Prediction 

Classification 
18 

PCA, SIMCA, 
KNN, LDA, 
PLSR, MLR 

PCA loadings,  
i-PLS stepwise 

regression 
- 

CSs + CL + 
CT 

[109] 

Palm oil 
SCIO model CP-

SC006 
740 – 1070  Reflectance  Glass cup None 

Prediction 
Classification 

150 
PCA, KNN, PCR, 

PLSR, SVMR 
None K-S CS + CL [125] 

Polymerisation N-Series 1.7  1350 – 1650  Transmittance  Immersion probe None Prediction 12 
PLSR, PCA-

based MSPC 
None NSoA CL [24] 

Potato chip oil NeoSpectra micro 1350 – 2552  Absorbance 
Drop on the 

window covered 
with accessory 

None 
Prediction 

Classification 
118 PLSR, SIMCA None NSoA CS [116] 

Sugar process MicroNIR 1700 950 – 1650   
Transmittance and 

reflectance  
Quartz cuvette 
Glass petri dish 

Usual production 
procedures 

Prediction 1526 PLSR, SVMR 
VIP, sparse-

PLS 
ONION CS + CT [228] 

Syrup 
MicroPHAZIR GP 

4.0 
1555 – 2396   Transflectance  

Quartz cuvette with 
stainless steel 

reflector 
None Prediction 116 

PCA, PCR, PLSR, 
SVMR 

Uncertainty 
test 

K-S CS [121] 

Syrup 
MicroPHAZIR GP 

4.0  
1555 – 2396    - - - Prediction 116 PCA, PLSR 

Significance 
test 

K-S CS [229] 

UHT milk MicroNIR 1700  908 – 1676    Transflectance  
Glass petri dish with 
aluminium diffuse 

reflector  
None Classification 71 

PCA, PLSDA, 
LDA 

GA-PLS, SPA K-S CL + CT [119] 

Water contamination SCiO  740 – 1070  Transflectance  
Stainless-steel 

beaker 
None 

Prediction 
Classification 

- PCA, PLSR RC* NSoA - [115] 
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Figure 6 
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Figure captions 

 

Figure 1. Example of a miniaturised instrument interfaced with a blender for on-line measurements. 

Reproduced with permission from Ref. [21]. 

Figure 2. Example of acquisition configurations for powder analysis with different miniaturised devices. 

Reproduced with permission from Ref. [45]. 

Figure 3. Example of the use of miniaturised spectrometers in thin solid samples. Reproduced with permission 

from Ref. [84] 

Figure 4. Differences between reflectance and transflectance modes measuring thin samples. Reproduced 

with permission from Ref. [82]. 

Figure 5. Example of a miniaturised spectrometer for in-line monitoring of chemical reactions. Reproduced 

with permission from Ref. [117]. 

Figure 6. Example of spectra of a milled black pepper sample recorded with different spectrometers. 

Reproduced with permission from Ref. [33]. 

 


