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In recent decades, applications of near-infrared (NIR) spectroscopy for fresh meat and meat products analysis
have increased exponentially in the scientific literature. The practical applications of NIR spectroscopy in
slaughterhouse conditions are, however, still limited. Reasons for that are several challenges associated with the
translation of NIR technology. The challenges range from reaching the best NIR calibration models for predictive
analysis for predictive carcass composition analysis to combining NIR information with background information
of cattle to support decision making for purposes such as pricing. This study supplies a comprehensive highlight
of several existing challenges related to the translation of NIR technology from the research lab to commercial
slaughterhouse conditions. The challenges covered were both related to the NIR data analysis of meat mea
surements, as well as the key challenges in technology transfer. Furthermore, some existing solutions are
highlighted concerning each challenge. The major challenges were related to both the data analysis and proper
sensor implementation in the slaughterhouse lines. Although several challenges exist, the recent innovations in
data analysis techniques and innovations in sensing probe technology would defiantly ease the implementation
of NIR technology in practical slaughterhouse conditions. However, all slaughterhouse lines are different and the
implementation of NIR technology (from the sensor implementation point of view) for a particular slaughter
house will be unique. However, data and models between different slaughter lines should play a complementary
role.

1. Introduction
Near-infrared (NIR) spectroscopy (700–2500 nm) is a widely
explored non-destructive technique for foods analysis [1–2]. NIR spec
troscopy is an optical spectroscopy technique that relies on the inter
action of light with food products. The interaction happens in three main
modes i.e., reflection, absorption, and transmission [3]. NIR spectral
range captures the overtones and combination of fundamental chemical
bond vibrations such as OH, CH and NH which correlates with chemical
properties such as moisture, proteins, and fats in foods [4]. The two
main modalities of NIR spectroscopy i.e., point spectroscopy and
hyperspectral imaging (HSI) are most used. The HSI is the preferred
choice when the spatial distribution of properties is of high interest.
Although, in recent years, low-cost portable NIR spectrometers are
gaining attention [5].
In the case of meat, NIR is widely used for the non-destructive pre
diction of physicochemical properties [6]. The prediction of physical

properties is possible due to the scatter information present in the NIR
spectral data, while the chemical properties can be related to the over
tones and combination of fundamental functional group bonds [6–7].
Successful implementation of the NIR spectroscopy to a major extent
relies on chemometrics data analysis [3]. Multivariate data modelling
approaches such as principal component analysis (PCA) [8] and partial
least-squares (PLS) regression [9] are needed to explore and calibrate
the NIR spectrometer data, such that the developed calibration can be
deployed for real-time prediction of meat properties like composition.
Although a plentiful application of NIR spectroscopy for meat anal
ysis can be found in the scientific literature [6–7], large scale online
studies in the food industry to verify the reliability and accuracy of NIR
spectroscopy are still lacking [2,10]. Reasons for that are the several
challenges associated with the translation of NIR technology. In that
scope, this study supplies a short comprehensive highlight of several
existing challenges related to translation of NIR technology from the
research lab to commercial slaughterhouse conditions. The challenges
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unfamiliar pre-processing techniques. Question such as “what if I have
used some other pre-processing techniques” always remain at the fore
front. Furthermore, the most recommended approach to regression
modelling for NIR data is the use of PLS regression [15], which deals
with the high collinearity in the NIR data. However, NIR data has a
mixture of scattering and absorption information [3,11]. The prediction
of direct traits such as fats, proteins and moisture could follow a linear
correlation due to the presence of respective overtones of functional
chemical groups vibrations such as CH, OH and NH. However, the
prediction of complicated indirect traits such as meat texture, waterholding ability, pH may not follow a linear correlation, and in that
case, the model made with linear PLS regression approaches may overfit
or be sub-optimal. To be clear from the perspective of NIR spectroscopy,
the direct traits are the traits that have clear explainable bands in the
NIR spectral range such as fats which can be correlated with the
wavelengths corresponding to CH bonds (~1200 nm). On the other
hand, indirect traits are the traits for which a direct correlation cannot
be reached with NIR spectroscopy but could be predictable due to some
secondary correlation with the NIR signal. All these challenges in
modelling leave us to an insightful question that ‘are our laboratorybased NIR models best or still requires exploration towards finding the
best-pre-processing technique and advanced non-linear modelling
approaches.’

covered were both related to the NIR data analysis related to meat as
well as the key challenges in the technology transfer. Further, some
existing solutions are highlighted concerning each challenge. This work
does not review recent applications of NIR spectroscopy for meat anal
ysis as several recent review articles already exist [6–7,10].
2. Key challenges
Several of the existing challenges for the translation of NIR spec
troscopy from the research lab to commercial production conditions can
be related to data modelling, proper implementation of sensors to avoid
fouling, dealing with the external influences in the slaughterhouse
conditions and combining the NIR data with background information
such as the growing conditions of animals, genetics, transport conditions
to support decision making for purposes such as pricing. The back
ground of the challenges and their casual occurrences are detailed in
following sub-sections. An illustrative summary of challenges and
existing solutions is also illustrated in Fig. 1.
2.1. Attaining best models in laboratory situation
A major challenge with the NIR spectroscopy is the extensive cali
bration requirements, before being implemented from meat assessment.
Since NIR data captured by spectrometers may have noise, a typical NIR
data calibration routine for predictive analysis includes exploration of
several data pre-processing techniques such as noise removal, baseline
correction, scattering correction, data normalization followed by
regression analysis using techniques such as partial least squares (PLS)
regression [11]. The pre-processing steps are performed to correct for
the disturbances in the signal which may affect the final model quality
[12]. However, there are several pre processing options available in the
NIR spectroscopy domain and selecting the best combination is always a
challenge [13]. A common approach used by experts is to select a subset
of pre-processing techniques based on their popularity or user ability
and then explored them individually or in combination using the data
acquired for calibration purposes [14]. However, such a task is timeconsuming and often lead to unclear conclusions about the remaining

2.2. Proper sensor implementation and sampling procedure under
practical slaughterhouse conditions
Once, the experts are sure that the models and the conclusions in the
laboratory studies are ready to be deployed in practice, the next major
challenge arrives is the implementation of the sensors under slaughter
house conditions. The implementation of the sensor in the slaughter
house scenario can be completely different from the lab-based
experiments. A major difference can be related to the sampling pro
cedure, where the laboratory-based exploratory measurements are
mostly performed on discrete samples [16–18], while the commercial
slaughterhouse conditions require fast real-time contact-free measure
ments of meat in continuous moving lines. The preferred modes are

Fig. 1. A summary of challenges and existing solutions for dealing with in-line implementation of near-infrared spectroscopy for meat assessment in slaughter lines.
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usually diffuse reflectance, or transmission for thin samples such as meat
slices, as they allow non-contact analysis, which may also serve the
hygiene requirements and minimize sensor fouling. Measurements on
moving lines do not only affect the sampling procedure but also bring
motion artefacts leading to baseline drifts in NIR data. These motion
artefacts could lead to disastrous outcomes from predictive models [10].
The sampling procedure always needs to be perfected when translation
NIR from lab to in-line measurement conditions. Furthermore, based on
the state of the samples to be analysed i.e., carcass, meat or blood
samples, the sampling procedure, and the choice of the instrument need
adjustment. Working in an in-line environment, one could also expect
fouling of the sensors, especially of the sensor head, which is usually
near the samples. Sensor fouling may affect the NIR signal being ac
quired, and thereby the outcome of developed calibration models.
Without proper anti-fouling management in slaughterhouse conditions,
successful implementation of NIR is challenging.
Another challenge from the implementation of the instrument is
related to the implementation of the infrared light source. Often for NIR
spectroscopy, halogen light sources are used to illuminate the samples
[3]. Separate light sources are often not needed in the case of point
spectroscopy sensors, as recent advances in technology have allowed the
integration of light source and sensor in the same probes. However, in
the case of HSI, proper external illumination sources are needed.
Particular attention should be paid to the complex geometry of meat
carcasses as the complex interaction of light with the carcass geometry
may lead to several phenomena such as light scattering, shadowing,
partial shadowing, multiple reflections and in the worst scenario a
combination of all these effects [19]. Further, if the carcasses are
exposed for a too long time to the halogen light source, the carcass
temperature may rise and could lead to abnormalities in the physico
chemical and sensory properties of the final product. However, the effect
of prolonged exposure of halogen light sources on final meat quality is
still unexplored and a topic for meat quality research.

performance of the calibration transfer approach may be better if the
primary and the secondary instruments are similar as fewer differences
are to be compensated.
2.4. Correction for external influences
A major challenge with the NIR spectroscopy is that the model per
formance gets affected by external influences [23–24]. External in
fluences are the unmodeled variations which are met when models
developed in one condition are used in the new conditions having
external influences. Several factors such as temperature, instrument
change, change in the illumination sources, sample state, sampling
procedure can be considered as the external influences in the NIR
spectroscopy [24]. Often, the model under the presence of external in
fluences results in high error and bias [23]. In the case of meat pro
cessing plant conditions, the awareness of the presence of possible
external influences is important so that the deployed models can be
adjusted to keep their predictive performance. Apart from the external
influences the performance for NIR models may get affected due to the
presence of batch variability, for example, if two batches of animals are
from two different breeds or rearing conditions then the model trained
only for one breed of the animal may not perform well in a new breed.
This situation is often met in the domain of fresh fruit analysis where
NIR models often do not generalize while used on a new cultivar,
growing conditions, and variety of fruit [23,25].
2.5. Combining extra information with near-infrared spectroscopy
Once, the NIR sensor implementation is complete and the external
influences are considered, the next step is how to efficiently use the
information generated by NIR spectroscopy. It is common to use the NIR
spectroscopy to perform quantitative analysis related to moisture, fat
and protein [6–7], but what extra can be reaped from the rich NIR data is
still unclear for its slaughterhouse implementation. Also, apart from NIR
spectroscopy, there are several other sensors usually deployed in a meat
processing plant, in that case, combining the NIR information with other
sensors data in the slaughterhouse may lead to more accurate enhanced
predictive models. The NIR information may also be combined with the
background information related to animals such as rearing conditions,
genetic information if available, animal transport conditions, to find
explainable links between NIR data and background information which
may improve the overall understanding towards the final meat quality.

2.3. Calibration transfer from lab to in-line slaughterhouse scenario
Once the instrument integration and the sampling procedure is
defined for the slaughterhouse conditions, the next step is to start using
the newly integrated NIR sensor. However, the procedure is not simple
as the NIR sensors will require recalibration to adapt or to remove the
difference between the lab instrument in which the calibration was first
developed and the instrument deployed at the slaughterhouse lines. An
approach to deal with it can be understood as performing a new cali
bration by getting data in-line and performing the corresponding
reference analysis, however, this approach is usually not preferred in
NIR spectroscopy as it led to a depletion of the knowledge and resources
generated in the laboratory experiments [20]. In NIR spectroscopy, an
approach popularly used to translate the models based on one instru
ment to a new instrument is called calibration transfer. Several cali
bration transfer approaches are available in the domain of chemometrics
[21–22]. The traditional chemometrics approaches to calibration
transfer require standard samples to be measured in the primary and the
secondary instrument [22]. Thereafter, the chemometric calibration
transfer approaches estimate the difference function between the data
acquired from two instruments on the same samples [22]. Once the
difference function is modelled then in the future application the ac
quired data are pre-processed with the different function before the
application of predictive models [22]. The measurement of standard
samples is easy if both the sensors are available in proximity, however,
when the primary instrument on which the first calibration was devel
oped and the secondary instrument on which the calibration need to be
transferred are found far away then traditional calibration transfer ap
proaches may not be a practical solution [20]. Further, the performance
of calibration transfer approaches may get affected if the model is
transferred between different types of NIR instruments, such as spec
trometers working in different spectral ranges and resolutions. The

3. Some existing solutions
Several existing challenges were highlighted in the earlier sections,
however, there are also existing solutions for the challenges which may
ease the implementation of NIR in current slaughterhouse conditions.
The solutions discussed in this section are not complete but should be
adapted based on the challenges to meet the requested or needed
requirements.
3.1. Attaining best chemometric models with advanced chemometrics
Starting from reaching the best models under laboratory conditions
and to the choice of the best pre-processing techniques for NIR cali
bration modelling, there exist several new automatic approaches. One of
the approaches utilises the design of experiments (DoE) to select the best
pre-processing technique or combinations. In DoE approach, several preprocessing techniques are explored in a full factorial design framework
and the best pre-processing combination is selected based on the model
criteria such as smallest cross-validation error [26]. In the DoE approach
different pre-processing operations are considered as the factor and
cross-validation error is considered as the response. However, the DoE
based approach relies on the choice of techniques which may not be a
solution as recently in the domain of chemometrics it has been
3
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concluded that different pre-processing techniques carry complemen
tary information, and the focus should change from selecting the best
pre-processing techniques to the synergistic use of several preprocessing [27]. In such a way, the user is automatically out of the
loop of searching for the best pre-processing techniques, thus, saving
time and computational resources [12]. Further, it has also been proved
that fusion of information from several pre-processing techniques leads
to improved predictive performance compared to a single pre-selected
technique or combination of techniques [12,27–28]. Two recent ap
proaches to perform pre-processing fusion are sequential pre-processing
through orthogonalization (SPORT) [29] and parallel pre-processing
through orthogonalization (PORTO) [30]. Both methods can be easily
implemented with the freely available multi-block analysis (MBA)
graphical user interface [31]. Concerning obtaining robust regression
models, free chemometrics toolbox such as TOMCAT can be used which
supplies a freely available collection of robust PLS regression ap
proaches for improved modelling [32]. Non-linear relations between the
NIR data and complex meat properties such as meat texture may be
explored with non-linear data modelling approaches. One such example
is the least-squares support vector machine-based methods, of which,
freely available codes can be found at https://www.esat.kuleuven.be/sis
ta/lssvmlab/.

challenging. The first challenge is related to the overheating of the
samples sensitive to the temperature, for which a currently existing
solution is to use light collimators. Although the overheating totally
depends on the exposure of the samples to the illumination, which in the
case of a slow-moving line could be large while in a fast moving line
could be small. In light collimators, the light from the halogen source
travels through the optical fibres and the collimated light illuminates the
samples, thus, reducing to a major extent the amount of heat generated
with the direct use of a halogen light source [10]. Recently, lightemitting diodes (LEDs) light sources are also appearing for illumina
tion samples for HSI, however, they are still in an early stage of testing
[34]. The second challenge with the HSI (also with point spectroscopy)
is related to the illumination effect that occurs due to the interaction of
light with the complex geometry of animal carcasses. The effects are
more pronounced to HSI compared to point spectroscopy, as the effects
such as shadowing, multiple reflections and a complex combination of
shadowing and reflections are more dominant and spatially correlated.
A solution to deal with the illumination effects is the use of scatter
correction methods in chemometrics. Applications of standard normal
variate (SNV) [35] and variable sorting for normalization (VSN)[36] can
be found to correct the illumination effects in close range hyperspectral
imaging of complex agricultural plants [19,37].
Concerning the fouling of the fibre probes or sensor heads in the
slaughterhouse conditions when used near the samples, a focus should
be paid to finding the easy-to-clean or self-cleaning fibre probe assem
blies. A major development has taken place in the domain of pharma
ceutical process monitoring [38], thanks to that, several innovative
solutions to self-cleaning the probes are available. Some examples are
the Lighthouse probe (GEA, Düsseldorf, Germany) and the FDR-825
diffuse reflectance probe (Axiom Analytical Inc., USA), which per
forms self-cleaning of the optical window in the proximity of the sam
ples. The self-cleaning probe from Axiom Analytical Inc., USA has a set
of orifices around the circumference of the probe window to allow
efficient flushing of the window by a solvent or dry vapour stream. In
recent years, multispectral fiber probes have also appeared which allows
deployment of multiple spectral techniques such as NIR, mid-infrared
(MIR), Raman and fluorescence spectroscopy in parallel to gain a bet
ter understanding of the complex systems [31]. In the European region,
such fiber probe systems are made by art photonics GmbH, Berlin,
Germany (https://artphotonics.com/).
Sometimes, in the slaughterhouse conditions, the deployment of the
NIR spectroscopy can be in extreme temperature conditions such as in
the freezing chambers. In such a case, the standard NIR probe systems
will not be suitable but will require probes and fiber optics that can
withstand extreme temperature conditions. Thanks to the innovation
from Ocean Optics, Florida, USA, Flame resistant probes that can
withstand extreme temperature conditions such as − 269 to 700 ◦ C are
available [10]. The main point to understand is that deploying the NIR
spectroscopy in extreme conditions does not require the NIR spec
trometers to be placed in the extreme conditions, but the sensors can be

3.2. Recent innovation in sensing probe technology and illumination
Concerning challenges to sensor implementation, and, point spec
troscopy implementation, there has been significant innovation in the
domain of fibre optics and optical probes. Such innovation is the
availability of integrated illumination sensor probes such as Hi-Brite
probe from ASD (Analytical Spectral Devices), Malvern Panalytical,
Malvern, UK (United Kingdom) (Fig. 2A), the standoff probe such as PSSH-03 from Polytec GmbH, Waldbronn, Germany (Fig. 2B) and miniature
spectrometers from Spectral Engines, Finland (Fig. 2D). The main
benefit of an integrated light source with the sensor is that it eases the
measurements and sensor implementation as no extra investigation is
needed for illumination implementation. However, a key point to note is
that the point spectroscopy solution has an inherent drawback that they
only measure a sample at a single spot which may not represent the
complete samples, hence, several recent innovation deals with
combining either multiple point spectrometers or using imaging spec
troscopy. One such innovation is the fibre optic probe is the multipoint
NIR spectroscopy probe, allowing to simultaneously get spectra from
multiple locations on the samples [10]. The multipoint spectroscopy has
the benefit that the same sensor can also be used for independent con
current measurements [33]. Also, multipoint fibre probes allow explo
ration of spatial properties of samples which is not possible with a single
spot probe (Fig. 2C, SamSpec spatially resolved probe from IndaTech,
France). However, if hyperspectral imaging is used, the spatial proper
ties are acquired at far better spatial resolution, thus, limiting the need
for multi-point probes. Regarding illumination, implementation of HSI is

Fig. 2. Different spectral probes with integrated light source. (A) Hi-Brite probe from ASD, Malvern Panalytical, U.K., (B) contact head probe from Polytec GmbH,
Germany, (C) SamSpec spatial resolved probe from IndaTech, France, and (D) miniature near-infrared spectrometer from Spectral Engines, Finland.
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proven to correct the external influences in the NIR spectroscopy of fruit
[23]. The main benefit of DA techniques is that they do not need any
new reference measurements in the condition affected by external in
fluences. However, a major limitation of DA approaches is that it as
sumes that the distribution of measurements under the external
influences be like that of unaffected measurements [20,23]. The external
influence correction methods, as well as DA approaches, can also be
used for model maintenance and continuous improvement of the NIR
models, by routinely incorporating some reference measurements and
correcting for any drifts in instrument responses.

deployed out the extreme conditions and the signals can be brought to
the sensors with the help of fiber optics.
3.3. Recent advances in calibration transfer approaches for transferring
NIR calibrations
Concerning the sensor calibration after its deployment in the
slaughterhouse conditions, there are two existing solutions. The first
solution is to run a set of new experiments where several samples should
be measured to develop a new calibration model. The second solution is
to use the already available calibration models either from the labora
tory conditions or from a different slaughterhouse with the mean of
calibration transfer approaches [39]. The calibration transfer ap
proaches have the benefit that it saves time and resources with the use of
existing calibration model on an instrument deployed under new con
ditions. Famous calibration transfer approaches in the domain of che
mometrics are direct standardization and piecewise direct
standardization [40–41]. Both of which estimates a difference function
by measuring the same standard samples on different instruments.
However, the traditional calibration transfer approaches in chemo
metrics still require measurement of standard samples, which may
sometimes be not possible especially if the sensors are situated at far
distances. Thanks to the recent advances in the chemometrics domain,
standard free calibration transfer methods are appearing [42]. An
example of the standard free calibration transfer approach is the domain
invariant partial least-squares (di-PLS) regression which is a domain
learning tool and relies on the distribution matching of data from a
different instrument [20]. Successful application of di-PLS regression
can be found related to the transfer of calibration models for predicting
chemical parameters in corn seeds [20]. Another domain adaption
technique for standard free calibration transfer is the transfer compo
nent analysis (TCA), and recently, its application for transferring cali
bration model between two portable spectrometers for predicting olive
fruit quality was proved [23]. Recently, standard free calibration
transfer approaches based on variable selection techniques are also
appearing [43]. The main benefit of standard free calibration transfer
approaches is that they allow the calibration models developed on one
instrument to be directly deployed on a new instrument, however, a
major limitation of domain adaption based standard free calibration
transfer techniques (di-PLS and TCA) is that they require the data dis
tribution from two instruments to be similar [23]. The standard free
calibration transfer approaches are currently a recent topic in chemo
metrics, and new development is expected in the following years.

3.5. Techniques for multisource data integration
Concerning combining the NIR spectroscopy data with data from
other sensors present in the slaughterhouse and the background infor
mation such as animal rearing conditions, transport conditions etc.,
recent developments in the chemometrics domain are of particular in
terest. Especially, data fusion methods called multi-block data analysis
[45] allows exploration of data generated from several sources with the
help of advanced multivariate data analysis methods such as multiblock
partial least-squares regression and multiblock principal component
analysis. Also available are the methods which explore the common and
the distinct information between data from a different source, sup
porting a better understanding of multi-source data. The applications of
multiblock data analysis methods for combining data from multiple
sensors for food quality analysis are increasing at a fast pace [31,46–48].
Exploration of instrumental data with sensory panel data is also
emerging with the help of multiblock data analysis [49]. Recently,
multi-block methods are appearing for variable selection which allows
the selection of key variables related to response variables [50]. The
multi-block methods in chemometrics are new and there is currently no
commercial software that supplies these methods. However, thanks to
the development in the domain of chemometrics, recently an opensource graphical user interface called MBA-GUI was developed for
multiblock data analysis [31]. The MBA-GUI allows the user to perform
data visualization, regression, classification, and variable selection for
up to 4 different sensors or data sources.
4. Conclusions
This study highlighted several existing challenges to be considered
while translating the NIR technology from laboratory conditions to
commercial slaughterhouse conditions. The major challenges are related
to both the data analysis and proper sensor implementation in the
slaughterhouse lines. Although several challenges exist, the recent in
novations in data analysis techniques such as domain adaption,
orthogonal projections, standard free calibration transfer, automatic
pre-processing of NIR data, advancement in scatter correction tech
niques and multiblock analysis for data fusion, will allow handling the
major challenges related to efficient data modelling and keep the model
performance along the course of use. Concerning the sensor imple
mentation, several innovations in sensing probe technology such as light
source integrated probes, self-cleaning probes, extreme temperature
probes running between − 269 to 700 ◦ C, multipoint spectral probes and
multispectral probes that allow implementation of several spectral
techniques in a single system, would defiantly ease the implementation
of NIR technology in current slaughterhouse conditions. However, all
slaughterhouse lines are different and the implementation of NIR tech
nology (from the sensor implementation point of view) for a particular
slaughterhouse will be unique. Although learning from the imple
mentation of NIR technology between slaughterhouses should be
translatable such as the NIR calibration models for predicting key meat
parameters should be sharable between instruments in different
slaughter lines. To keep abreast of recent advances in sensing technology
and their implementation in industrial scenarios, it is highly recom
mended to keep an eye on the developments of the new process

3.4. Techniques for correcting external influences
Concerning the correction of external effects in NIR spectroscopy
data modelling, several approaches are available in the chemometrics
domain. The first and easiest solution is to measure some new samples
with the sensor integrated into the slaughterhouse conditions and add
then it to the calibration set to perform a recalibration of the model. In
such a way, the model will be able to compensate for the differences due
to external influences. The other approach in the chemometrics domain
is to model and remove the external influences and can be performed
with the orthogonal projection approaches such as external parameter
orthogonalization [44] and dynamic orthogonal projections [24]. The
orthogonal projection approaches also require a few samples to be
measured on the condition effects by external influences to model the
effect of NIR spectra. Once the effect is modelled, it can be removed with
orthogonal projection. Applications of orthogonal projection ap
proaches to remove external influences in the case of meat analysis are
lacking, however, several applications in the case of fresh fruit analysis
can be found related to the correction of temperature changes, seasonal
variability, and instrument differences [23]. Domain adaption (DA)
techniques are also gaining attention to correct the external influences,
such as the uses of transfer component analysis (TCA) was recently
5
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analytical technologies in the pharmaceutical process analysis domain.
Learnings from the successful implementation of spectroscopy tech
niques in the pharmaceutical domain can be translated to their imple
mentation in slaughterhouse conditions.
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