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Abstract 11 

Food supply chain involves many operations and processes with so-called critical control 12 

points where inspection of food is required to assess and thus ensure safety, but also to achieve 13 

certain specifications and sensory attributes. Traditional methods of food inspection include 14 

analytical procedures, and also expert/human evaluation, which are generally destructive, time-15 

consuming, laborious and expensive. In order to improve efficiency and productivity, non-16 

destructive, automatic, rapid and cost-effective methods of food inspection are continuously 17 

required to replace such traditional methods. In this regard, hyperspectral imaging (HSI) has 18 

emerged as a promising technique for food industry. In this chapter, we present a review about 19 

implementation at industrial scale of HSI technology for food safety and quality inspection. 20 

We consider both classification and quantification models and tasks, and discuss some key 21 

examples and applications to illustrate the use of HSI for solving industrial problems. Overall, 22 

there is still work to do to translate laboratory scale research into effective implementation of 23 

HSI at industrial scale. 24 

 25 

Keywords: food safety, food quality, non-destructive, in-line, industrial scale. 26 
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1. Introduction 28 

 29 

Food supply chain comprises a series of stages (or sectors), e.g., production (raw materials), 30 

processing, distribution, retailing, consumption. These stages, especially production and 31 

processing, involve many operations and processes with so-called critical control points where 32 

inspection of food is required to assess and thus ensure safety, but also to achieve certain 33 

specifications (regulatory) and sensory attributes. That is, overall quality of food materials and 34 

products has to be evaluated several times along the supply chain. Consequently, food industry 35 

requires of different methods to determine the “state” or quality of a certain food, which is 36 

indeed composed by diverse aspects (e.g., microbiological, chemical, physical, sensorial). 37 

Traditional methods of food inspection include analytical procedures, but also expert 38 

evaluation, i.e., via highly trained and experienced operators. Analytical methods can be quite 39 

diverse, from water content determination by drying a sample until constant weight, measuring 40 

protein content via Kjeldahl method, to more sophisticated techniques such as high-41 

performance liquid chromatography (HPLC), mass spectrometry (MS), etc. In addition to 42 

chemical methods, standard microbiological analyses and physical tests are also required. On 43 

the other hand, evaluation by experts usually involves sensory-related aspects and visual 44 

inspection. In any case, most of these so-called traditional methods are generally destructive, 45 

time-consuming, laborious, expensive, and may also be inconsistent or subjective (especially, 46 

in the case of human inspection). 47 

Increasing demand for safe and high-quality food products has made quality assurance one of 48 

the most important issues for food industry. In order to improve efficiency and productivity, 49 

non-destructive, automatic, rapid and cost-effective methods of food inspection are 50 

continuously required to replace the mentioned traditional methods. In this regard, two main 51 

non-contact optical techniques have been widely applied: computer vision (RGB imaging) and 52 

spectroscopy, especially in the visible (VIS, 400-780 nm) and near infrared (NIR, 780-2500 53 

nm) ranges (ElMasry and Sun 2010). The main disadvantage of computer vision is the inability 54 

to detect inner features (e.g., composition), while the main limitation of spectroscopy is the 55 

lack of spatial information. More than two decades ago, hyperspectral imaging (HSI) has 56 

emerged as a promising and superior technique, since it combines and improves characteristics 57 

of both imaging and spectroscopy methods, so both spatial and spectral information of food 58 

can be obtained (Gowen et al. 2007). 59 
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Application of HSI for food safety and quality assessment has been the focus of numerous 60 

articles, reviews and book chapters (and even books) over the last 20 years. For instance, Figure 61 

1 shows a potential growth trend in the published works in the field; it is worth noting that a 62 

significantly high number (ca. 180) of review articles has been published in the last 25 years 63 

(see figure caption for search criterion used in Scopus). However, it should be highlighted that 64 

most of the published literature does not actually deal with industrial applications, but 65 

implementation of HSI at laboratory scale or semi-industrial scale at best, i.e., implementation 66 

under industrial conditions is not developed or validated. The reader is referred to some of 67 

those review articles to acquire basic knowledge about the development and use of HSI systems 68 

and their applications in the context of food safety and quality inspection, e.g., Gowen et al. 69 

(2007), Feng and Sun (2012), Elmasry et al. (2012b), Wu and Sun (2013a, 2013b), Manley 70 

(2014), Liu et al. (2017), Khan et al. (2020), Lu et al. (2020), Saha and Manickavasagan (2021). 71 

 72 

[Insert Figure 1] 73 

 74 

In order to have a proper background and context for the rest of the chapter, we provide next a 75 

brief overview about HSI systems for food inspection. The goal of an HSI system for food 76 

safety and quality inspection is to obtain the hypercube of a given sample for further processing 77 

(e.g., chemometrics). The main characteristics of acquisition systems (hardware) of 78 

hyperspectral images in the context of food industry are the following: 79 

• Image acquisition mode: line scanning or pushbroom configuration (spatial scanning 80 

method) is usually adopted since it is well-suited for conveyor belt systems (e.g., 81 

production lines). However, snapshot or single shot is an emerging and promising 82 

approach due to high-speed acquisition (i.e., adequate for real-time applications). 83 

• Imaging mode: reflectance, transmittance, fluorescence and Raman sensing modes are 84 

used, in single-mode or in combinations, depending on application. 85 

• Light source: mainly broadband quartz-tungsten-halogen (QTH) lamps and LEDs. 86 

• Wavelength dispersive element: imaging spectrograph. 87 

• Spectral range/detector: charge-coupled device (CCD) or complementary metal oxide 88 

semiconductor (CMOS) sensors based on silicon (Si) are used for VIS/NIR range (400-89 

1000 nm). Longer wavelengths (e.g., 900-2600 nm) require more expensive detectors, 90 

e.g., based on indium gallium arsenide (InGaAs). 91 

 92 
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Detailed information about instrumentation aspects of HSI in the discussed context can be 93 

found in the mentioned reviews and elsewhere, e.g., Lu et al. (2020), Ma et al. (2019), Qin 94 

(2010). It is worth noting that commercial, ready-to-use HSI systems are already available since 95 

a few years; some examples will be given later in this chapter. Besides hardware configuration 96 

and image acquisition, calibration of the system (e.g., by means of standard lamps) and pre-97 

processing steps (e.g., spectral and image corrections) are necessary to obtain the hypercube or 98 

hyperspectral data for further processing and final applications. For instance, Figure 2 99 

illustrates a summary of HSI system and basic steps involved in analysis of hyperspectral data. 100 

Note that the so-called traditional methods are still required in the process of model calibration, 101 

which will be treated later. 102 

This review chapter is focused on modelling stage and industrial applications, i.e., processing 103 

and analysis of hypercube data (after calibration and pre-processing) for classification and/or 104 

quantification tasks in the context of food inspection at industrial scale (Figure 2). State of the 105 

art given by scientific literature suggests that HSI for food safety and quality evaluation is still 106 

in an exploratory phase. As previously mentioned, most of published articles are focused on 107 

small/laboratory-scale and/or research-oriented problems. In general terms, two main (and 108 

related) bottlenecks towards wide application of HSI at industrial scale are identified: limited 109 

development of real-time processing systems, and lack of standardisation or systematisation of 110 

methods. Food industry requires real-time or high-speed processing, especially at medium and 111 

large scales production. Of course, some tasks can be executed off-line with no real-time 112 

resolution, e.g., shelf-life studies, research and development projects, etc. However, one of the 113 

potential advantages of HSI over traditional methods is the possibility of performing in-line, 114 

real-time inspection. To solve this issue, and independently of computing resources (e.g., 115 

hardware development), analysis of hypercube and modelling are essential aspects. For 116 

instance, one approach to increase processing speed of hypercube is to reduce the number of 117 

wavelengths or features to be considered, i.e., from hyperspectral to multispectral system (Wu 118 

and Sun 2013a, Dai et al. 2015, Khan et al. 2020, Lu et al. 2020). For this task, it would be 119 

useful to provide standard conditions for certain applications, e.g., optimal wavelengths for a 120 

given variable of a specific product or group of foods, according to certain parameters. That is, 121 

to count on with a standard database and/or standardised methods or guidelines, as it has been 122 

developed for the traditional methods. 123 

In summary, this chapter aims at contributing to solve the identified bottlenecks regarding 124 

industrial application of HSI for food safety and quality inspection. Our hypothesis is that 125 

standardisation of research works in the field, especially regarding modelling aspects, will help 126 
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providing the demanded progress towards real-time applications of this powerful and 127 

promising technology in the food industry. In this sense, we expect that this review can 128 

complement the existent literature by considering an industrial scale approach about 129 

implementation of HSI technology. 130 

 131 

2. Modelling: classification and quantification 132 

 133 

This section provides an overview of modelling approaches regarding processing and analysis 134 

of hypercube for classification and quantification goals (Figure 2), in the context of food safety 135 

and quality inspection. The steps involved in processing of acquired hyperspectral images can 136 

be grouped into the following main categories: spectral and image pre-processing, optimal 137 

wavelengths selection, and model development (Figure 3). Considering the last step, 138 

classification models are used for qualitative analysis, while regression models for quantitative 139 

analysis (Ma et al. 2019). 140 

Most of the HSI applications in the food sector concern the classification of the constituents of 141 

the product surface. However, the quantification of these constituents is also of considerable 142 

importance (Amigo et al. 2013). In both cases, multivariate approaches are usually adopted, 143 

based on linear models, like ordinary or partial least square regression/discriminant, and 144 

principal component regression/discriminant. Nevertheless, in recent years, an increase in the 145 

use of non-linear models has been observed, as well as models combining linear and nonlinear 146 

approaches. These last approaches are commonly based on deep learning techniques (DLT) 147 

(Torres and Amigo 2019). From a general perspective, machine learning comprises subsets of 148 

traditional machine learning and deep learning methods. The latter is the forefront of machine 149 

learning technologies based on artificial neural network (ANN) as the underlying architecture 150 

with multiple hidden layers (Kang et al. 2022). 151 

Overall, the main traditional machine learning (ML) algorithms used in food research for 152 

analysing HSI data are the following: 153 

• Classification problems: partial least square discriminant analysis (PLS-DA), random 154 

forest (RF), soft independence modelling of class analogy (SIMCA), and support 155 

vector machine (SVM). 156 

• Regression/quantification problems: partial least squares regression (PLSR), multiple 157 

linear regression (MLR), and K-nearest neighbour (KNN). 158 

 159 
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Traditional machine learning algorithms can be well adapted to data sets of various sizes, 160 

showing good performance even for small data sets. Furthermore, these algorithms are highly 161 

explanatory and have quite short modelling times. However, these algorithms generally follow 162 

standard and linear procedures based on breaking or splitting the problem into several parts. 163 

Particularly, feature selection and extraction algorithms are required before to the data 164 

processing step, and thus before inserting them into a machine learning model for training 165 

(Kang et al. 2022). 166 

On the contrary, deep learning algorithms work in a centralised manner, avoiding the 167 

mentioned splitting of the problem. This is an advantage over traditional machine learning and 168 

chemometrics algorithms based on features selection and extraction, especially considering 169 

large datasets. Moreover, as a multilayer non-linear neural network model, deep learning has 170 

powerful feature learning (automatic feature extraction), classification, and regression 171 

capabilities. The deep learning algorithms can be grouped into deep neural networks (DNN), 172 

convolutional neural networks (CNN), and recurrent neural networks (RNN). Recently, two 173 

interesting surveys have been reported about machine learning techniques for analysis of HSI 174 

hypercube in the food supply chain (Kang et al. 2022), and to determine quality of food 175 

products (Saha and Manickavasagan 2021). 176 

Despite of the described potential of DLT, some challenges must be considered while applying 177 

DLT to HSI data, especially in relation to the characteristics of HSI data and to limited 178 

availability of training data (Ahmad et al. 2022). The main challenges concern: 179 

• Limited availability of training data: to avoid Hughes phenomenon due to significantly 180 

overfitting increase, the training of supervised DLT should be carried out with a 181 

considerable amount of training data (Erhan et al. 2010). A limited number of labelled 182 

data used for training, combined with the large size of the spectral data (typical of HSI), 183 

makes DLT ineffective as numerous adjustments during the training phase are required 184 

(Paoletti et al. 2019). To overcome this problem, different strategies have been studied 185 

and proposed. The most common strategy is surely the data augmentation. These 186 

techniques can be grouped into: i) wrapping methods, based on the encoding of several 187 

invariances such as size, illumination, translational, and viewpoint, by conducting 188 

geometric and colourised transformations while preserving the labels; and ii) 189 

oversampling methods, based on the inflation of the training data by generating 190 

synthetic samples based on original data distributions (Shorten and Khoshgoftaar, 191 

2019). Other strategies used to overcome the data availability are focused on the active 192 
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learning algorithms (e.g., Generative Adversarial Network), but they are mainly applied 193 

in the remote sensing sector (Goodfellow et al. 2014). 194 

• High computational cost and storage consumption: connected with the large volume of 195 

data involved (Alom et al. 2019). Advanced processing techniques like parallel and 196 

distributed architectures, and high-performance computing can help to reduce 197 

computational cost. 198 

• Interpretability of the models: the black-box nature of DLT makes difficult to interpret 199 

and understand the training procedures. This is surely a potential weakness and may 200 

affect the design decisions of the optimisation process (Ahmad et al. 2022). 201 

 202 

Concerning the regression models, the most important step in developing a model from HSI 203 

data is the definition of the matrix X for the calibration step. All the spectral information linked 204 

to the parameters/constituents to be quantified should be contained in the matrix X, according 205 

to the parameters concentration/magnitude range (Y). For this aim, the following three 206 

strategies can be used (Torres and Amigo 2019): 207 

1. Calculate the mean spectrum of the whole image and measure the parameter (Figure 4). 208 

2. Calculate the mean spectrum of a region of interest (ROI) from the image and measure 209 

the parameter only in this region (Figure 4). 210 

3. Prepare artificial characteristic samples of all compounds and measure the mean 211 

spectrum of each sample. 212 

During the construction of the matrix X, it is important to consider the relationship between 213 

bulk/mean concentration and local/pixel concentration. Generally, the matrix is defined by 214 

considering the calibration range of the bulk concentration of a specific compound. For 215 

example, if we want to determine the moisture content of a bakery product during cooking, the 216 

regression model will be developed by collecting samples ranging as much as possible between 217 

the initial and final moisture content of the product. The model should be calibrated and 218 

validated by considering as many samples as possible (e.g., different levels of moisture 219 

content). The problem arises when the calibration model is used to predict the spatial 220 

distribution of the compound (moisture content). That is, the model is developed by using the 221 

mean spectra of specific samples (e.g., bread slice) and the bulk concentration (e.g., including 222 

dough and air bubbles) of the reference parameter, while the spatial prediction is made pixel 223 

by pixel. So, the problem is that not all pixels (e.g., those associated with air bubbles) contain 224 
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the compound to be estimated (moisture content), or some pixels can be characterised by 225 

concentrations much higher or lower than the range used during calibration. 226 

For instance, Cevoli et al. (2023) developed PLS models considering the mean spectra 227 

(VIS/NIR range) of cookie samples covered by chocolate (wafer) and characterised by different 228 

surface water activity. Afterwards, these models were used to estimate the spatial distribution 229 

of water activity of new samples at different storage time. In particular, the spatial distribution 230 

was obtained by interpolating the results of the estimated value from the models in each pixel 231 

of the hyperspectral image. Figure 5 shows the results of three samples characterised by 232 

different mean level of water activity; it can be seen that the water activity in some pixels is 233 

out of the available calibration range. The non-homogeneous colour distribution suggests that 234 

there is a spectral variation as a function of the pixel position. In this case, the product surface 235 

heterogeneity related to the wafer texture, the wafer porosity, and a possible non-uniform 236 

distribution of the chocolate layer, may have affected the physical and chemical properties of 237 

each pixel. 238 

Finally, validation is one of the most important aspects in model development (Westad and 239 

Marini 2005). Considering a regression model, validation refers to the model ability to predict 240 

a specific parameter previously determined in external or new samples (not used in the 241 

calibration model construction), by means of reference/traditional methods. Due to the issue 242 

discussed previously, the validation of a regression model may not result so simple and direct. 243 

The models are generally developed starting from the concentration of the 244 

parameter/compound to be estimated. This could influence (over or underestimate) the 245 

validation, which is usually accomplished by considering the mean spectra. More generally, 246 

validation is certainly a complicated and complex step that should be performed by adopting 247 

different methods (e.g., cross-validation and external validation) and comparing the results, 248 

e.g., not choosing the methodology that leads to the best results, but evaluating the deviation 249 

between the different methodologies. 250 

 251 

3. Industrial applications 252 

 253 

3.1. Background and general concepts 254 

 255 

This section is dedicated to review concisely the use of HSI for food safety and quality 256 

inspection, with special focus on industrial applications in food production. That is, we aim at 257 
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providing highlights and insights about implementation of HSI technology for solving 258 

problems at industrial scale, regarding classification and/or quantification tasks. Some specific 259 

cases or examples will be cited to illustrate the mentioned perspective. 260 

Firstly, it is worth recalling that the industrial scale perspective taken for the present review 261 

cannot be found in literature so far, to the best of the authors’ knowledge. Indeed, most of 262 

research articles reported laboratory scale experiments and results. Different authors since the 263 

publication of first review articles in the field have highlighted limitations and bottlenecks 264 

towards actual and effective transfer of HSI technology to industrial sector according to its own 265 

needs, e.g. Gowen et al. (2007), Wun and Sun (2013b), Porep et al. (2015), Cortés et al. (2019), 266 

Khan et al. (2020), Lu et al. (2020). In this sense, two main barriers have been identified 267 

repeatedly: (i) a general lack of research studies developed under real industrial conditions, and 268 

(ii) limitations associated with speed of processing, from hypercube acquisition to final output. 269 

Regarding the first barrier, it is fair to say that in some cases, an effort has been made to 270 

replicate certain conditions of actual processing, e.g., speed of conveyor belt similar to 271 

industrial practice. Considering the second barrier, the problem is partially inherent to the 272 

technique, i.e., HSI involves dealing with a large volume of data. This is why a significant 273 

amount of works have focused on reduction of hypercube data in order to develop feature-274 

based, faster imaging systems, like multispectral imaging, which has been identified as a 275 

practical solution for real-time processing (Park and Yoon 2015). 276 

A third barrier, related to previous ones, could be the lack of available standardised design 277 

options or configurations for certain products/tasks. That is, besides considering industrial 278 

needs about non-ideal conditions and processing speed, an effort should be made towards 279 

providing general guidelines for HSI implementation. A first step in this direction could be 280 

establishing some definitions, e.g., a basic dictionary to clearly classify methods and 281 

applications. For instance, considering NIR spectroscopy, which is closely related to HSI, 282 

Porep et al. (2015) provided a critical and comprehensive review about its application under 283 

industrial conditions. The authors reported that despite of claims being made, only a few 284 

articles actually addressed real practical conditions or comparable to them. Then, a 285 

categorisation about scales of applications was given, based on type of experimental 286 

conditions: 287 

• Laboratory scale: close to ideal conditions, i.e., far from real industrial environment 288 

and parameters. 289 
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• Semi-industrial scale: conditions close to industrial processing, i.e., some part of the 290 

actual process is reproduced at pilot or small/medium-scale (e.g., speed of conveyor 291 

belt equal or close to real processing speed). 292 

• Industrial scale: actual industrial conditions, or very close to them (e.g., well 293 

reproduced at lower scale). 294 

 295 

Likewise, Porep et al. (2015) provided another useful classification, based on time-scale or 296 

temporality of measurements: 297 

• Off-line: analysis is performed separately from samples processing, considering time 298 

and also space (e.g., in a laboratory at different times). 299 

• At-line: measurement device is close to or in the processing zone and samples can be 300 

conditioned near line. 301 

• On-line: samples can be measured by using a recirculating or by-pass configuration in 302 

the processing line, or an automated sampling can be performed. 303 

• In-line: products are directly measured in the processing line, without altering their 304 

course or flow (in situ). 305 

 306 

The use of these definitions to classify methodologies, system designs and applications could 307 

be helpful considering standardisation and technology transfer goals, in order to better exploit 308 

academic research studies towards real industrial applications. For example, an industrial scale, 309 

on-line/in-line application will be surely useful to learn about real conditions of acquisition 310 

(e.g., illumination, speed), and also high-speed or real-time data processing to obtain results 311 

for quantification and/or classification tasks. That is, all research is valuable, but there is always 312 

a trade-off between different aspects of applications and specific objectives, e.g., a laboratory 313 

scale, off-line study can use or test time-consuming algorithms or consider a larger amount of 314 

data to gain certain level of accuracy, etc. 315 

An essential aspect of on-line/in-line industrial applications has also been discussed by Porep 316 

et al. (2015): the construction and resistance of measuring device/system. Industrial 317 

environment can present adverse conditions for common hardware, including high/low 318 

temperature, high relative humidity and even sprays, vibrations, dust, etc. So, the system should 319 

be robust enough, but at the same time, ensure safety (e.g., avoiding moving parts, non-safe 320 

materials, etc.). Equally, the system needs to be efficiently adapted to processing parameters, 321 

e.g., speed of data acquisition and processing (Cortés et al. 2019). For instance, samples are 322 
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commonly moving at high speed through conveyor belts or similar devices (e.g., one item per 323 

second or faster), without the possibility of any preparation or positioning for optimal 324 

measurement. In the same direction, illumination conditions could be far from an ideal, 325 

laboratory scale situation. 326 

In summary, industrial applications should be treated as a special (and challenging) case and 327 

not simply as a potential implementation of results obtained off-line/at-line, especially at 328 

laboratory scale. That is, an effort should be made to support and demonstrate potential 329 

implementation-like claims, which are usually encountered in research articles. Following, 330 

main aspects and some key examples of industrial applications of HSI for food safety and 331 

quality inspection will be given, including relevant articles for reference. We divided 332 

applications by group of products, based on type of industry/supply chain and also common 333 

characteristics of HSI systems. Finally, some basic information about commercial devices 334 

using HSI technology is provided to enrich the state of the art from an engineering viewpoint. 335 

 336 

3.2. Fruits and vegetables 337 

 338 

By definition, fruits and vegetables are naturally variable in their characteristics, including 339 

internal and external features. In addition, they are not shelf stable, since horticultural products 340 

continue to develop their metabolic processes after harvesting. Furthermore, risk of 341 

contamination is high due to natural production (in field), including both physical and bio-342 

chemical sources. In consequence, safety and quality inspection of each product item should 343 

be carried out to ensure safety requirements and consumer satisfaction (Lu et al. 2020), 344 

especially considering that a major percentage of fruits and vegetables are consumed with 345 

minimal (or even none) processing. 346 

As in other sectors of food production, HSI has appeared as a promising technique to overcome 347 

disadvantages or improve visual/human inspection, computer vision (RGB imaging) and lately, 348 

NIR spectroscopy. According to Lu et al. (2020), applications regarding horticultural products 349 

can be categorised intro three main groups: 350 

1. External quality and defect evaluation: size, shape, colour, and the presence/absence of 351 

defects (e.g., bruises, surface damage, etc.). 352 

2. Internal quality and maturity assessment: texture, flavour and nutritional properties. 353 

3. Safety inspection: faecal contamination, defects caused by microbial (bacterial and 354 

fungal) infection, insect or pest infestation, and pesticide residues. 355 

 356 
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Application of HSI becomes advantageous specially for features that cannot be detected by 357 

visual/surface inspection, either human-based or computational-based. For instance, HSI has 358 

demonstrated great potential to detect different type of defects, e.g., surface, sub-surface and 359 

internal, depending on imaging mode. Defects in horticultural products are an important issue 360 

since they can be originated by physical/biological means and contamination, but also due to 361 

physiological disorders, including chilling injury during supply chain. Similarly, HSI has 362 

shown potential to replace traditional destructive analyses to determine texture, maturity degree 363 

and nutrients and chemical compounds content of products. Except for ad-hoc correlations 364 

between colour and maturity degree, visual/surface inspection like techniques cannot be used 365 

for inspection of these internal features. 366 

In general terms, reflectance and fluorescence modes are mostly chosen for inspection of 367 

horticultural products by means of HSI; some works have tested transmittance mode since it is 368 

able to detect internal characteristics and defects. Combination of modes is also possible, e.g., 369 

reflectance and fluorescence (quality and contamination), and reflectance and transmittance 370 

(external and internal features), in order to perform a more complete inspection in a single step. 371 

It is worth noting that due to natural shape and structure of fruits and vegetables, a single 372 

acquisition step could not be able to capture the complete status of a sample (e.g., a 360° 373 

image). Some internal defects are also difficult to detect due to structure and also depth. 374 

Overall, HSI systems in the 400-1000 nm (VIS/NIR) range are used, since they are more 375 

affordable and less influenceable by water content (very high in fresh products) than those in 376 

the 900-1700 nm range. Regarding modelling, linear regression (PLSR and MLR) and 377 

supervised classification (PLS-DA) are the main approaches (Özdoğan et al. 2021). Besides, 378 

PCA is commonly applied to reduce dimensionality of hypercube data and select relevant 379 

wavelengths or other features (Wu and Sun 2013b). 380 

As an example of semi-industrial/industrial scale, on-line/in-line application, we can consider 381 

the work of Keresztes et al. (2016), who developed a real-time HSI system to detect early (less 382 

than 2 hours) bruises in apples. The development included glare correction, considering that 383 

glossiness of products limits defects inspection. Main specifications of the implemented HSI 384 

system are the following: line scanning acquisition, reflectance mode, illumination by tungsten 385 

halogen spots with diffusers, infrared HgCdTe camera, shortwave infrared (SWIR, 900-2500 386 

nm) spectrograph; conveyor speed was set to 0.1-0.3 m/s. Classification was performed by 387 

PLS-DA, obtaining high accuracy (98%) and real-time response (less than 200 ms). Another 388 

example is the work of Benelli et al. (2022), who implemented an HSI system to determine 389 

ripeness degree of kiwifruit, based on soluble solids content and flesh firmness. Some 390 
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specifications are: line scanning, reflectance mode, halogen lamps as light source, spectral 391 

range of 400-1000 nm (VIS/NIR), speed of conveyor belt ca. 8 mm/s. Regarding chemometrics, 392 

PLSR models were developed to predict soluble solids content and firmness, while two 393 

methods using PLS-DA were tested to classify samples according to three ripening classes. 394 

Overall, a very good quantification and classification performance was found. 395 

Finally, it is worth mentioning two more studies from the same (last) research group, that 396 

include in-field measurement, under real conditions, considering agricultural production. 397 

Benelli et al. (2021) implemented an HSI system to monitor ripeness state of grapes (still in 398 

the vineyard) and thus predict optimal harvesting time, while Cevoli et al. (2022) aimed at 399 

monitoring alfalfa quality after conditioning. In both cases, a similar general methodology 400 

regarding acquisition and chemometrics was used, as in Benelli et al. (2022); the interesting 401 

aspect is that HSI system was installed in moving machines (garden cart for grapes, and tractor 402 

for alfalfa). 403 

 404 

3.3. Muscle foods 405 

 406 

Muscle foods refer to raw and processed products made from meat of different animal origin, 407 

e.g., beef, pork, lamb, poultry, fish. These foods are source of proteins of high nutritional value, 408 

and other relevant nutrients such as vitamins and minerals, but they are very perishable and 409 

also expensive. Basically, meat supply chain is composed by four stages: farming, 410 

transportation, slaughter and processing, and distribution (Jia et al. 2022). After slaughter, the 411 

rigor process begins, i.e., conversion of muscle into meat: a series of biochemical changes take 412 

place, including pH decreasing and proteolysis and protein oxidation, which affect the water 413 

holding capacity of muscle. The rigor process and post-rigor stage or ageing certainly 414 

determine the chemical and structural characteristics of meat. In addition, due to its high 415 

content of water and nutrients, microbiological spoilage can occur. Therefore, it is essential to 416 

monitor and thus control these processes to ensure safety and provide high quality products. 417 

Besides quality of meat, including both safety and sensory aspects, it is relevant for industry to 418 

assess the authenticity or adulteration of muscle foods (Reis et al. 2018). For instance, 419 

adulteration can involve using lower value meat than declared, or injecting (non-declared) 420 

water and polysaccharide gels, in order to obtain illegal profits (Jia et al. 2022). 421 

In general terms, safety and quality parameters of muscle foods can be divided into three main 422 

groups, according to type of traditional methods involved in their measurement (Elmasry et al. 423 

2012a, Cheng et al. 2017, Jia et al. 2022): 424 
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• Chemical parameters/methods: content of protein, fat, moisture, ash, gross energy, 425 

myoglobin, and collagen; lipid oxidation. 426 

• Physical-mechanical parameters/methods: pH value, colour, size/shape, water holding 427 

capacity, drip loss (exudation), texture/mechanical properties (e.g., Warner-Bratzler 428 

shear force method for tenderness). 429 

• Microbiological parameters/methods: total viable count, critical microorganisms (e.g., 430 

Enterobacteriaceae, Pseudomonas), faecal contamination. 431 

 432 

In addition, sensory evaluation plays an important role for predicting consumers’ acceptance 433 

and preference. Some of the previous parameters can also be evaluated via sensory panels or 434 

by sensory instruments, e.g., colour, shape, intramuscular fat content and distribution 435 

(marbling), tenderness, firmness. It is noticeable that most of these safety and quality 436 

parameters involve traditional methods and human assessment, which are time-consuming, 437 

destructive and expensive, as we have already discussed. Furthermore, in an ideal scenario, 438 

each of the products should be inspected, which is practically impossible. Therefore, it is quite 439 

evident that meat industry would be benefited with implementation of non-destructive and on-440 

line/in-line methods, like HSI technology. 441 

Together with horticultural products, muscle foods are the main sectors where HSI has been 442 

evaluated to replace traditional methods, due to their economic importance, although mainly at 443 

laboratory scale. A relatively wide variety of products has been subjected to HSI inspection 444 

regarding safety and quality, especially beef, pork, chicken, and fish meats, in different 445 

presentations. In general terms, applications of HSI for safety and quality inspection present 446 

the following main characteristics (Elmasry et al. 2012a, Wu and Sun 2013b, Xiong et al. 2014, 447 

Fu and Chen 2019): 448 

• Measured parameters: water and fat content, and tenderness are the main features 449 

evaluated in beef meat, overall quality for pork and fish, and contamination issues in 450 

the case of poultry. 451 

• HSI system: line scanning and reflectance mode is (again) the principal acquisition 452 

configuration. Regarding spectra range, besides VIS/NIR region (400-1000 nm), the 453 

900-1700 nm range (NIR, short-wave region) has been evaluated in many cases, since 454 

more information about hydrogen containing bonds (e.g., water) can be obtained. 455 

• Chemometrics: both quantification and classification applications have been developed; 456 

as in the case of fruits and vegetables, chemometrics mainly involved linear regression 457 
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(PLSR, MLR) and supervised classification (LDA, PLS-DA), while PCA is commonly 458 

used as first step to reduce dimensionality of hypercube. 459 

 460 

Finally, some examples of semi-industrial/industrial scale, on-line/in-line applications are 461 

given. One of the first successful cases of using HSI in food industry was the in-line 462 

identification of systemically diseased chickens exhibiting septicaemia or toxaemia (Chao et 463 

al. 2007). The authors developed a hyperspectral-multispectral line-scan imaging system, with 464 

a fuzzy logic-based algorithm for classification of birds (wholesome/diseased), using ROI 465 

(region of interest) and key wavelengths to reduce the volume of data set. The HSI system was 466 

implemented in a commercial evisceration line, with a processing speed of 70 birds per minute, 467 

with very good results. Also for processing of chicken carcasses, Yoon et al. (2011) developed 468 

a (prototype) line scanning, real-time, multispectral-based HSI system (400-1000 nm) for 469 

detection of surface faecal and ingesta contamination. The system was tested in a pilot-scale 470 

poultry plant at two different processing speeds, e.g., 140 birds per minute and 180 birds per 471 

minute. Authors obtained high accuracy (up to 98%) using three waveband images of carcasses 472 

moving up to 180 birds per minute, with minimum false positives errors (less than 1%). 473 

Considering fish industry, Sivertsen et al. have reported some interesting industrial 474 

applications. For instance, Sivertsen et al. (2011) developed a VIS/NIR interactance HSI 475 

system for automatic evaluation of freshness of cod fillets during processing at industrial scale 476 

speed of one fillet per second (40 cm/s). The system was able to classify fresh vs. frozen-477 

thawed cod fillets, and quantify the freshness as days on ice, using a small subset of key 478 

wavelengths in the visible region, which are related to oxidation of haemoglobin and 479 

myoglobin during freezing-thawing and cold storage on ice of fillets. The authors used KNN 480 

classification method (supervised), and PLSR to build quantification models. Furthermore, 481 

Sivertsen et al. (2012) used a similar HSI system for automatic detection of nematodes, also 482 

for cod fillets in an industrial processing line operating at one fillet per second or 40 cm/s. 483 

Authors were able to use a limited range of 448-752 nm and reduced number of wavelengths. 484 

Classification was performed by a Gaussian maximum likelihood (GML) method (supervised), 485 

where pixels were identified as nematodes or not. Overall, the authors reported very good 486 

results, comparable and even superior than common human inspection method, under industrial 487 

conditions. 488 

 489 

3.4. Other applications 490 

 491 



16 
 

Besides fruits, vegetables and muscle foods, HSI technology has been evaluated for safety and 492 

quality inspection of grains, cereals, nuts, coffee beans, milk powder, among other products 493 

(Wu and Sun 2013b, Khan et al. 2020, Özdoğan et al. 2021). Overall, main aspects of 494 

applications present similar characteristics to the ones described in previous paragraphs for 495 

fruits and vegetables, and muscle foods. That is, quality parameters include chemical 496 

composition (water, protein, fat and other compounds), physical aspects (colour, shape, defects, 497 

vitreousness), mechanical properties (hardness), and contamination issues. Regarding HSI 498 

system and chemometrics, similar configurations and methodologies are applied as well in 499 

most of cases: line scanning, reflectance mode, VIS/NIR range, linear regression, supervised 500 

learning (and PCA for selecting key features). Considering the perspective of this chapter, once 501 

again, industrial scale, on-line/in-line applications are quite scarce in the literature. 502 

Following, we provide highlights of four different and diverse cases/applications, in order to 503 

illustrate the potential of HSI technology for food industry. As a first case, Tahmasbian et al. 504 

(2021) developed an automated system to test rancidity and classify mixed nut samples, under 505 

semi-industrial scale conditions. Authors used a benchtop HSI camera in the 400-1000 nm 506 

region, line scanning configuration, and a moving stage to simulate a processing line with 507 

exposure time of 27 ms. Regarding modelling, SVM classification and PLSR models were 508 

implemented to identify and predict peroxide values and free fatty acid concentrations of nuts. 509 

Secondly, we may refer to the review article of Liu et al. (2017): authors considered HSI 510 

applications in the context of food processes, i.e., to evaluate safety and quality of a product 511 

after a transformation of material is made. Different and common processes were included in 512 

the review (in parentheses we include examples of HSI application): cooking (tenderness for 513 

cooked meat), drying (moisture content/uniformity in dried fruits), chilling, freezing and 514 

storage (freshness and lipid oxidation of muscle foods), and salt curing (composition of cured 515 

vegetables and meats). Thirdly, Baiano (2017) provided an overview of HSI applications 516 

considering liquid and semi-liquid food products, e.g., oils, milk, yogurt, eggs. It is worth 517 

noting that other techniques of similar characteristics could be easier to apply for these 518 

materials, such as NIR spectroscopy, and this can be the reason why most of HSI applications 519 

are focused on solid-like food products. 520 

Finally, we consider an industrial scale, in-line application in food packaging, which is also a 521 

key stage in food industry. For instance, Medus et al. (2021) developed an HSI-based 522 

classification system for real-time food packaging control. The goal was to detect anomalies 523 

occurring during the heat-sealing process to discard faulty trays and thus avoid human 524 

consumption of contaminated foods. The developed system was able to detect up to eleven 525 
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different contamination materials (plastic, rubber, etc.). Classification was made by using 526 

CNN, which is a deep learning algorithm. Authors reported very good results (global fault 527 

detection accuracy higher than 94%), and successful integration of the system into a 528 

manufacturing line, where classification could be performed at maximum speed of 14 food 529 

trays per second. 530 

In Table 1 we summarised the main aspects that have been implemented in industrial 531 

applications of HSI technology for food safety and quality inspection. It should be noted that 532 

Table 1 reflects reported data in literature, as a starting point for practitioners. 533 

 534 

Table 1. Main characteristics of HSI systems for industrial scale applications in food 535 

inspection, considering a wide range of products. 536 

 537 

HSI aspect Main choice 

Image acquisition mode Line scanning (pushbroom) 

Imaging mode Reflectance 

Spectral range 400-1000 nm (VIS/NIR) 

Speed or time-scale of measurements ≥ 1 sample/sec (in-line, on-line) 

Regression models Linear (PLSR, MLR) 

Classification models Supervised (PLS-DA) 

Feature selection Yes (PCA) 

 538 

3.5. Commercial devices using HSI technology 539 

 540 

Currently, there are several companies offering commercial systems based on HSI technology 541 

for sorting, grading, separation and also analysing off-line different food products, especially 542 

raw/processed fruits, vegetables and nuts sorting and grading devices. Most sophisticated 543 

machines integrate the machine itself with an HSI system to perform industrial scale, in-line 544 

processing. A list of some companies is given here, without any order of preference or involved 545 

recommendation (just in alphabetical order), and with no conflict of interest: 546 

• ClydeHSI, UK, website: https://www.clydehsi.com/ 547 

• Insort GmbH, Austria, website: https://www.insort.at/en 548 

• IRIS Technology, Spain, website: https://www.iris-eng.com/ 549 

• Key Technology, website: USA/Belgium 550 

• Newtec, Denmark, website: https://www.newtec.com/ 551 
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• Resonon Inc., USA, website: https://resonon.com/ 552 

• Specim, Spectral Imaging LTD, Finland, website: https://www.specim.com/ 553 

• TOMRA Systems ASA, Norway, website: https://www.tomra.com/en 554 

 555 

In particular, Specim currently offers separate HSI cameras, software and other related devices, 556 

and Resonon sells benchtop devices (laboratory scale). 557 

 558 

4. Final remarks and conclusions 559 

 560 

Throughout this chapter, we provided a review of implementation of hyperspectral imaging 561 

technology in food industry for safety and quality inspection. In particular, we have focused on 562 

industrial scale, on-line/in-line applications, which represent the most challenging but most 563 

common processing conditions, and they have been scarcely covered in literature. A major 564 

conclusion is that there is still much work to do towards technology transfer and establishment 565 

of HSI as a standard technique to replace traditional methods. HSI is indeed a promising 566 

technology, with some successful application cases at industrial scale, but there are still some 567 

relevant gaps to solve. The most important bottleneck is probably speed: an industrial HSI 568 

system needs that data acquisition and processing are performed in situ at high velocity, starting 569 

from one item per second. This is a two-fold problem, involving hardware and software. For 570 

sure, technology will meet acquisition speed requirements, although price can be an issue (at 571 

least for a few years). Regarding software limitations, and independently of computational 572 

power (i.e., hardware development), chemometrics need to be further improved to speed up 573 

data processing. Literature review indicates that linear regression and supervised classification 574 

algorithms are the main approaches used in food safety and quality assessment. It would be 575 

interesting to enrich this mainstream approach by incorporating novel machine learning 576 

methods, currently developed and implemented in data science field. 577 

Finally, although standardisation could be hard to achieve, due to the technique itself, and 578 

diversity of samples and processing conditions, i.e., nature of the data-driven methods and 579 

models, maybe a standard way of reporting and sharing results could be helpful to save time in 580 

developing and/or adjusting new applications. A first and simple step would be using specific 581 

terminology to describe applications, as the one discussed in this chapter. Another feasible idea 582 

would be the creation of (open) databases and packages of algorithms (e.g., in Python), so some 583 
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barriers could be more easily broken, especially for small-medium food industries/producers 584 

with limited budget and resources. 585 

 586 
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Figure 3. Steps of hyperspectral data processing. 
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Figure 4. Schematic representation of the strategies used to develop the matrix X from hyperspectral 

images. 
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Figure 5. Prediction maps of water activity of three representative wafer cookies at different storage 

time. 
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