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quality of beef Longissimus dorsi m. under ssmulated normal and abuse storage

conditions
Achata EM, Oliveira M?, Esquerre CA Tiwari BK? O’Donnell CP
School of Biosystems and Food Engineering, Unite@bllege Dublin, Ireland

’Department of Food Chemistry & Technology, Teadasud Research Centre, Ashtown,

Dublin 15, Ireland
Abstract

There is a need to develop a rapid technique taigeaeal time information on the microbial
load of meat along the supply chain. Hyperspeatnabing (HSI) is a rapid, non-destructive
technique well suited to food analysis applicatidnghis study, HSI in both the visible and
near infrared spectral ranges, and chemometrice steidied for prediction of the bacterial
growth on beet.ongissimus dorsi m. (LD) under simulated normal (4 °C) and abuse (10 °C)
storage conditions. Total viable count (TVC) prédic models were developed using partial
least squares regression (PLS-R), spectral praviezds, band selection and data fusion
methods. The best TVC prediction models developedsforage at 4 (RMSE.58 log
CFU/g, RPD 4.13, R, 0.96), 10 °C (RMS[0.97 log CFU/g, RPP3.28, R, 0.94) or at
either 4 or 10 °C (RMSD.89 log CFU/g, RPP2.27, Fip 0.86) were developed using high-
level data fusion of both spectral regions. The afsappropriate spectral pre-treatments and
band selection methods was key for robust modetldpment. This study demonstrated the
potential of HSI and chemometrics for real time tamng to predict microbial growth on
LD along the meat supply chain.

Key words: Hyperspectral imaging, chemometrics, Tpf€diction, data fusion, meat.
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1. Introduction

The Longissimus dorsi m. (LD) of beef is highly valued by consumers and is ralyraged

to increase tenderness, juiciness and flavour. [dextessors generally agP for 28 days or
longer to improve tenderness and flavour. Howewaowr and microbial load are also
affected which potentially impacts product safetyl ahelf life (Borch, Kant-Muermans, &
Blixt, 1996; Vitale, Pérez-Juan, Lloret, Arnau, &&tini, 2014). The design and application
of quality and safety assurance systems are basedooough risk analysis and control of
critical parameters through the entire life cyclenoeat products including raw material
selection and control during processing and distidm. The temperature profiles during
transportation and at retail level are not withie tlirect control of meat processors and may
exceed recommended temperatures. Lack of temperatntrol from retail to the time of
preparation and consumption may also be an issusouthern European countries 30% of
refrigerated foods were reported to be stored ad®AC in retail cabinets and household
refrigerators (Nychas, Skandamis, Tassou, & Koutgmis, 2008).

Current microbiological methods are not suitable feal time monitoring of microbial
contamination of meat. The traditional plate cotethnique is the most commonly used
method to monitor microbial load. However, it regsi time consuming sample preparation
and analysis. The total viable count (TVC) meth®dn important microbiology indicator for
quality and safety evaluation of meat (Lytou, Pamag& Nychas, 2016). The initial
microbial load of meat after processing, storagepterature, pH and relative humidity are the
main factors influencing microbial load throughdioe supply chain. Enzyme-linked immune
absorbent assay (ELISA), gene analysis-based methach as polymerase chain reaction
(PCR) and DNA sequencing are also employed forahiat contamination detection (Si et
al., 2016) but are not suited to online analysis.

Visible (VIS) and near-infrared (NIR) spectroscogse rapid non-destructive techniques

widely used in environmental, pharmaceutical, faredl food analysis applications. The VIS
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and NIR spectral regions range from 380 - 740 nmd &00- 2500nm respectively.
Spectroscopic sensors usually acquire spectra &dimited field of view which limits their
applicability for rapid safety analysis of largelmme batches or analysis of heterogeneous
samples such as meat products (Millar, Moss, & &tsgn, 1996).

Hyperspectral imaging (HSI) is a rapid analyticabltfor non-destructive measurement of
food quality and safety. HSI integrates traditiomahging and spectroscopy to acquire both
spatial and spectral information from samples. Haigkl in a hyperspectral image contains
the spectrum of that specific position, i.e. thightiabsorbing and/or scattering properties of
the spatial region represented, which can be usetharacterise the composition of that
particular pixel (Gowen, O'Donnell, Cullen, Downé&yFrias, 2007; Kamruzzaman, Makino,
& Oshita, 2016). HSI techniques can be employedifégrent points along meat distribution
chains. HSI has been studied to predict microbialwth on fresh beef meat using the VIS
range (Peng et al., 2011; Tao, Peng, Gomes, Ch&in&2015). However, no studies have
been reported to date on the use of HSI in the $ictral range to predict microbial growth
on fresh beef.

Chemometric methods are employed to develop prediechodels from HSI data. Partial
least squares regression (PLS-R) may be used ticpreanknown concentrations and
generate prediction maps to estimate spatial digtans of components in samples (Gowen,
Burger, Esquerre, Downey, & O'Donnell, 2014). Sp@qbre-treatments are used to correct
for the effects of natural variability in the shaged size of samples, light scattering and
differences in the effective path length in spdatieta, which can present difficulties in the
application of HSI for quality assessment (EsqueB@wen, Burger, Downey, & O'Donnell,
2012). Band selection methods have been demortsttatemprove the performance of
regression models and to reduce the processings tieguired to evaluate HSI data by
selecting the most informative bands. The variatlgortance projection method (VIP), the

selectivity ratio method (SR) and the ensemble MoGarlo variable selection method
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(EMCVS) have been demonstrated to be reliable bsaldction methods for HSI data
(Achata, Inguglia, Esquerre, Tiwari, & O'Donnel1®; Farrés, Platikanov, Tsakovski, &
Tauler, 2015).

Data fusion combines information from different sms to produce a more reliable and
accurate model or information. Three levels of dation may be employed i) low level
(data-level) fusion, where data from all sources @moperly transformed and concatenated
for model development, ii) mid-level (feature-levéusion, where variable selection or
feature extraction is applied to each data soueferb the extracted features are combined;
i) and high-level (decision-level) fusion whereradel is constructed for each data source
separately and their predictions combined thereglie & Brown, 2004). Data fusion has
been studied to detect volatile basic nitrogen (INVBcontent in chicken meat using a
colorimetric sensor and a VIS system (Khulal, ZHd0, & Chen, 2017).

The objective of this study was to investigate plogential of HSI and chemometrics for the
prediction of the microbial quality of beef undémalated normal (4 °C ) and abuse (10 °C)

storage conditions.

2. Materials and methods

2.1. Sample preparation

LD samples (n = 104) from 9 cattle (denoted S1 tood@p. 25 mm thickness were obtained
from local supermarkets and a meat processingitiaclihe samples were placed in sealed
food containers and randomly assigned for storagétlaer 4°C (n = 53) for 360 hours or at

10°C (n = 51) for 168 hours. Three randomly selectedes (from 3 cattle) were removed
from storage and scanned using a visible short waee infrared (VIS-SWNIR) and an NIR

HSI systems. The TVC of samples was measured sfteaming using the ISO 48833-1:2013
methodology (ISO, 2013). Briefly 25 g of each saenwhs suspended in 225 ml of buffered

peptone water (BPW, Oxoid, Hampshire, England) aseéptically homogenized in a

4
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stomacher (Star-Blender LB 400, VWR) for 2 min. ther decimal dilutions were made with
maximum recovery diluent (MRD, HyServe, Germanyhrée replicates were assessed per

sample at each sampling time. Reported populatepresent the mean of three values.

2.2. Hyper spectral images

Hyperspectral images of tHeD samples were obtained using a VIS-SWNIR HSI system
(400 — 1000m) and an NIR HSI system (880 — 17#2Q) (DV Optics, Padova, ltaly).
Calibration of both HSI systems was performed adrmad by Achata, Esquerre, O'Donnell,
and Gowen (2015). The acquired hypercubes weredsaveENVI formatted files and
imported into MATLAB (The MathWorks Inc., Natick, M USA) for further spatial and
spectral data pre-processing and chemometric asalysing in-house developed functions

and scripts.

2.2.1. VISSWNIR HSI gpatial and spectral pre-processing

The noise present at both ends of the spectraemsved by trimming the spectral range to
445 - 970 nm. The background was removed using sk roigated using the ratio between
bands 80 (840 nm) and 20 (540 nm) and removing$ixih a ratio value > 1.5. To improve
the signal-to-noise ratio (SNR) and reduce proogssmes and data storage required, 2x2
binning was performed on the obtained hypercube$000 x 580 pixel image with 106
spectral bands, resulting in hypercubes of 500 @#%el image with 106 spectral bands. The
binned 3-dimensional hypercubes were unfolded nmitrices of pixel spectra (14500 pixel x
106 spectral bands) to facilitate algorithm deveiept. The mean reflectance (R) spectra of
each masked sample was calculated and smoothegl theirSavitzky - Golay (SG) 5 points

second order polynomial method prior to chemomeinalysis (Savitzky & Golay, 1964).
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2.2.2. NIR-HSI spatial and spectral pre-processing

The noise present at both ends of the spectraemsved by trimming the spectral range to
957 - 1664 nm. Dead pixels and spikes were rembyeakplacing the affected values with
the mean values of adjacent bands in the samergpecthe background was removed using
a mask which was created with the ratio betweerd®®&® (1580 nm) and 20 (1090 nm),
removing pixels with a ratio value > 0.65. Imagesrevsegmented using the pixel ratio
between bands 37 (1209 nm) and 43 (1251 nm) toverfet and connective tissue (ratio
value > 0.7). The 3-dimensional hypercubes (502& ixel image with 102 bands) were
unfolded into matrices of pixel spectr&6Q000 pixel x 102 bands). The mean reflectance
spectra of each segmented sample was calculatednaoothed using the Savitzky - Golay

(SG) 5 points second order polynomial method goarhemometric analysis.

2.3. Chemometric analysis

231. PCA

PCA (not reported) was carried out to investigate trelationships between storage
temperature over time and spectral data, and ttifggotential outliers using the Hoteling
T? statistic. A sample was considered as an oufligrei T value was > Terit = AxFo.05an -
a*(n-1)/(n-A), where A is the number of significasdmponents, n is the number of spectra
in the dataset andosan - a)is the F statistic (withh = 0.05, A and n — A degrees of

freedom).

232. PLSR

PLS regression (Wold, Sjostrom, & Eriksson, 200bdeis were developed to predict TVC

of samples using HSI data, spectral pre-treatméatsg selection and data fusion methods.
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Spectral data sets were split into calibration aalilation sets to develop and validate the
prediction models. Smoothed mean spectral data #oandomly selected samples (S1, S2,
S4 and S6 (n=69)) was used for calibration and &z87($3 and S5) were used to validate the

models (n=35). Predictions models were evaluatedjuke:

i)  Smoothed mean spectral data of samples store®Ga{i= 53)

i) Smoothed mean spectral data of samples stored°& 0= 51)

iii) Smoothed mean spectral data of samples storethat dior 10C (n = 104).

The number of latent variables (LV) were selectgdbalysis of the root mean square error
of ten-fold cross-validation (RMS&J) presented in Eq. (1) and roughness of the reigress

vector.

N 2
RMSE = /w (1)

yi andy; are the measured and predicted values of the narotunts respectively.

2.3.3. Spectral pre-treatments

Standard normal variate (SNV), median scaled (MRA)itzky-Golay 7 points second order
polynomial first derivative (FD), Savitzky-Golay pobints second order polynomial second
derivative (SD), Savitzky-Golay 11 points fourthder polynomial third derivative (TD),

linear detrending second-order polynomial (LD), rasyetric least squares (AsLs) (Barnes,
Dhanoa, & Lister, 1989; Boelens, Eilers, & Hankeeng?2005; Engel et al., 2013; Savitzky &
Golay, 1964) and all combinations of any two spcpre-treatments were applied. The
Savitzky-Golay derivative (FD, SD or TD) window tgh and polynomial order were

selected by preliminary tests on 10 randomly setéspectra.

2.3.4. Band salection
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The VIP (Eriksson, Hermens, Johansson, Verhaar, @&dwWw1995; Wold et al., 2001), SR
(Rajalahti et al., 2009) and the EMCVS (Esquerrggwén, O'Gorman, Downey, &
O'Donnell, 2017) band selection methods were et@duand compared with and without
spectral pre-treatments.

The performance of the regression models was asbessng the root mean square error
(RMSE), the ratio of standard deviation of the refice data of the calibration set and the
RMSE (RPD) and the coefficient of determinatiorf)(Rr calibration (C), cross-validation
(CV) and prediction (P) sets (Eqg. 2-4). The bestlehavas selected based on the number of
latent variables, selected wavebands and the geonmaetan of the RPD values from
calibration, cross-validation, and prediction sdsediction models developddr complex

matrices can be classified as excellent (RPD > ety good (RPD 3.5 — 4.0), good (RPD 3.0 — 3.4),

fair (RPD 2.5 — 2.9) and poor (RPD 2.0 — 2.4) (&litis, 2014).

RPD = (2)
SEP
n . —bias)2
SEP — \/Zl=1(YIHi'11 blaS) (3)
2
RZ — Y iy)-ny y (4)

\/Zl lyl J ?1912_713'

Where thedias is the average difference between reference \aidepredicted value (Eg. 5).

blaS — Zi=1(zi_}7\l) (5)

2.3.5. Datafusion

Prediction models for TVC of samples were develofmdlow level (LL), medium level
(ML) and high-level (HL) data fusion of VIS-SWNIRd NIR HSI data. For the LL data
fusion, the spectral data of both systems was t¢enated before model development. For
the ML data fusion, the selected spectral band&ioéd by the band selection method that

achieved the best performance for each system) wmrdined. When the variance of the

8
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pre-treated VIS-SWNIR and NIR HSI data was différeach data block was scaled to unit
variance. The calibration, validation and predictgets were scaled using the inverse of the
standard deviation of the calibration set (ForshHedprg, & Jacobsson, 2007). For the HL
data fusion, prediction models were developed bgragying the predictions of the best

performing models identified for each system.

3. Resultsand discussion

3.1.TVC of samples

The TVC of LD samples during storage at’@ and 10°C are presented in Table 1. TVC
values increased from 3.4 to 14.1 log CFU/g ovér B&torage at 4C and increased from
3.4 to 13.1 log CFU/g over 168 h storage at°@) Initial TVC values (day 0) varied
according to the origin of theD samplesLD S1 to S6 samples were purchased from local
supermarkets and had initial TVC values > 6 log GfWowever,LD samples purchased
directly from the meat processing facility (S7 t8)$iad lower initial TVC valued.D S9
(non aged) samples had the lowest TVC values 84CIFU/g), while samples from thé®

S7 and S8 which were both aged for 28 days had Val@es of ca. 5.3 log CFU/qg.

Previous studies reported tHad samples with TVC values < 7 log CFU/g are accdptab
and samples with values > 7 log CFU/g are spoile (et al., 2015). Moreover, the presence
of slime and discolouration has been reported featmsamples with TVC values > 7 log

CFU/g (Bell & Garout, 1994).

3.2. Spectral characteristics of LD samples

PCA analysis revealed the presence of one outlighe VIS-SWNIR spectra of theD
samples stored at%C, which was removed from the dataset. No outheese identified in
the NIR spectra. Figs. 1 and 2 show the spectrati@ns between samples during storage at

4 and 10°C respectively. The SD + AsLs pre-treated log (INRR spectra were used for
9
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TVC prediction at 4°C, whereas the SD+MS pre-treated reflectance VISNSRAspectra
were selected for TVC prediction at 20. Spectral shifts are more apparent during storage
due to changes in physical characteristics, chdnugomposition and microbial activity.

Spoiled samples exhibited broader absorption beongpared to unspoiled samples.

Absorbance peaks observed at 1076 and 1342 nmginlFmay be related to the C-H
stretching of the first and second overtone regrespectively, and the peak at 1580 nm may
be related to the®lovertone of O-H stretching (glucose) (Osborne, fFe&rHindle, 1993).
The selected bands highlighted in Fig.1 provide glementary information on the samples
and are related to th&%vertone of O-H stretching (978 nm) of water amel £ overtone of
N-H stretching (1496 nm) of protein. Similar spattbands were observed by Barbin,
EIMasry, Sun, Allen, and Morsy (2013) for pork sdesp The observed differences between
spoiled and fresh meat may relate to the presehgeotein, free amino acids, amines or
nitrogen bearing substances and their interactisits water. Such observations are
consistent with the proteolytic changes which oabwring microbial spoilage (Atanassova,

Veleva, & Stoyanchev, 2018).

Fig. 2 shows the characteristic peaks of the ofygglobin (MbFE0,) at 545 and 580 nm
(Achata et al., 2019; Alamprese, Casale, Sinebinteri, & Casiraghi, 2013; Millar et al.,
1996). These bands are prominent at the startoodgt and increase in intensity after 24 h
storage at 10 °C (TVC < 7.3 log CFU/g). The intgnsf these bands decreases after 48 h
corresponding to TVC values > 7.5 log CFU/g. Thelsgnges may correspond to a decrease
in the concentration of red pigments due to miabgrowth during storage. The prominent
peak at 765 nm may be related to tH @ertone C-H stretching. The selected bands
highlighted in Fig. 2 provide complementary infotioa on the samples and may be related

to the & overtone of C-H stretching (750 - 780 nm) (Osbaenal., 1993).

10
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3.3. TVC prediction models

SD, SNV and the combination of SD+LD, and SNV+SDrevedentified as the best
performing spectral pre-treatments after evaluali@g-ombinations for each band selection
method (Appendix 1). Models developed using theiabde selection approach were
compared with the best models developed using ulespectral range for both the VIS-

SWNIR and NIR HSI spectral regions.

The best performing PLS-R model developed to ptetC during storage at 4 °C (Table
2) was developed using the NIR-HSI data and EMCWVB® SD+AsLs pre-treated log(1/R)
spectra (17 selected bands, LV 7, RMSEB1 log CFU/g, RPP3.09, Rp 0.95). Lower
coefficients of determination for the predictionpuirk meat TVC were obtained by Barbin
et al. (2013). Fig. 3a shows the predicted verseasmred TVC values fdtD samples
stored at 4°C obtained with the SD+AsLs pre-treated log(1/R¢ct@. HL data fusion
improved the performance of the prediction mod&®MEE- 0.58 log CFU/g, RPP4.13,
R% 0.96) compared to those obtained with LL datadiusiML data fusion and the best

models selected for the VIS-SWNIR and NIR HSI sp@atata (Table 5).

The best performing PLS-R model developed to ptéldC during storage at 10 °C (Table
3) was developed using the VIS-SWNIR - HSI data BMCVS of the SD+MS pre-treated
reflectance spectra (46 selected bands, LV 6, RMBE5 log CFU/g, RPP3.32, Rp 0.94).
Fig.3b. shows the predicted versus measured TVGesalorLD samples stored at BT
obtained with the SD+MS pre-treated reflectancectspe The use of derivative pre-
treatments of VIS-SWNIR spectra has been reportechdcentuate the differences in
myoglobin spectra (Millar et al., 1996) by removit@seline offsets and decreasing
scattering effects (Esquerre et al., 2012) as gbdem Fig. 2. LL and HL data fusion
yielded good prediction models, comparable to thais@ined with the VIS-SWNIR data

and better than the models developed using ML fuatan (Table 5).
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The best performing PLS-R models developed to ptddvC for samples stored at either 4
or 10 °C (Table 4) were developed using the VIS-3R/tlata and EMCVS of the SNV+SD
pre-treated reflectance spectra (8 selected bawld, RMSEP 0.95 log CFU/g, RR2.10,
R’ 0.85). Improved data fusion PLS-R models were ldpesl using the LL and HL data
fusion showed in Table 5 (RM$B.87 log CFU/g, RPP2.27, R 0.88, and RMSEO0.89
log CFU/g, RPR 2.27, Rp 0.86 respectively). Fig. 3c shows the predictedus measured
TVC values ofLD stored at either 4 or 13T obtained using HL data fusion of both spectral

regions.

Selected TVC prediction maps built using the bestligtion model developed for storage at

10°C (SD+MS on the reflectance VIS-SWNIR spectra)sm@wn in Fig. 4.

Good and excellent TVC prediction models were olgdifor beel.D samples stored at 4
°C for both the NIR spectral range and HL datadii®f the VIS-SWNIR and NIR spectral
regions respectively based on the RPD predictiodehperformance classifications reported
by Williams (2014) for complex matrices. Good TVe&giction models were also obtained
for samples stored at 10 °C using the VIS-SWNIRBpErange and HL data fusion of both
spectral regions. However poor TVC prediction medeére obtained for samples stored at
either 4 °C or 10 °C using the VIS-SWNIR spectaige and HL data fusion of both
spectral regions. In all cases EMCVS outperformee other band selection methods
evaluated. Combinations of SD, SNV and LD specped-treatments also improved
regression model development. Data fusion appreadngproved prediction model
performance in all cases. This is in agreement wi¢ghstudy reported by (Li, Chen, Zhao,
and Wu (2015)) who reported that superior regressi@dels can be obtained using data

fusion and appropriate band selection methods.
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4. Conclusions

Excellent (RMSE0.58 log CFU/g, RPP4.13, R, 0.96) and good (RMS.97 log CFU/g,

RPD, 3.28, R, 0.94) TVC prediction models were developed forf tié samples stored at 4
°C and 10 °C respectively, using the HL data fusibthe two spectral regions. Prediction
models were successfully developed using spectetrpatments, the full spectral range,
selected bands and data fusion of both VIS-SWNIR IR spectral regions to predict the

TVC of LD samples with low prediction errors.

The application of SD and SNV spectral pre-treatsemproved the performance of the
developed models using both spectral ranges amsklected bands. EMCVS improved the
performance of the TVC prediction models developechpared with the full spectral range
and outperformed VIP and SR methods. Data fusigmogghes improved prediction model
performance in all cases, HL data fusion yieldegl lest TVC prediction models (RMSE
0.89 log CFU/g, RPP2.27, ng 0.86) for beef samples stored at both 4 °C and@ClLO
Appropriate band selection was key for robust magsielopment. This study demonstrated
the potential of HSI and chemometrics as a rapidlyéical tool for monitoring meat

microbial quality along the supply chain.
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Appendix 1. Performance of the TVC PLS-R modelsettgped using VIS-SWNIR (445 - 970 nm ) data froreflidd samples stored at 4 °C.
PLS full spectral range on reflectance (R) and fivigaic transformed (log(1/R)) spectral data is pamed with spectral pre-treatments (SNV,
SD, SD+LD, SNV+SD) and band selection methods (\@R,and EMCVS).

Spectral # # Calibration Crossvalidation Prediction
Chemometric
method Pré  Bands LV RMSEc RPDc R% RMSEcv RPDov RZv RMSEp RPDp R%
treatment
None 106 7 0.91 2.73 0.87 1.48 1.69 0.68 1.72 1.20 0.72
SNV 106 7 0.84 2.97 0.89 1.20 2.08 0.78 1.62 1.37 0.78
R SD 100 8 0.61 4.09 0.94 1.08 2.30 0.82 2.16 1.21 0.71
SD+LD 100 8 0.61 4.10 0.94 1.09 2.30 0.82 2.05 1.23 0.71
PLS SNV+SD 100 6 0.79 3.15 0.90 1.34 1.86 0.74 1.35 1.61 0.81
None 106 3 1.27 1.96 0.74 1.59 1.56 0.60 1.79 1.20 0.58
SNV 106 5 0.89 2.79 0.87 1.16 2.16 0.78 1.45 1.45 0.75
Log(1/R) SD 100 6 0.63 3.94 0.94 1.06 2.37 0.82 1.93 1.22 0.67
SD+LD 100 6 0.64 3.87 0.93 1.05 2.39 0.82 1.83 1.25 0.67
SNV+SD 100 4 0.82 3.06 0.89 1.24 2.04 0.76 1.45 1.44 0.75
None 7 2 1.27 1.97 0.74 1.41 1.77 0.68 1.79 1.33 0.66
SNV 27 6 0.97 2.58 0.85 1.20 2.07 0.77 1.80 1.25 0.75
R SD 28 7 0.94 2.65 0.86 1.38 1.81 0.70 1.78 1.25 0.70
SD+LD 33 10 0.51 4.89 0.96 0.90 2.79 0.87 2.50 1.40 0.74
SNV+SD 18 11 0.46 5.47 0.97 0.79 3.18 0.90 1.31 1.92 0.81
vip None 4 3 1.21 2.06 0.76 1.39 1.79 0.70 1.77 1.25 0.60
SNV 17 11 0.84 2.98 0.89 1.21 2.07 0.77 1.65 1.33 0.71
Log(1/R) SD 18 6 0.79 3.16 0.90 1.13 2.21 0.80 1.72 1.30 0.68
SD+LD 15 3 1.10 2.27 0.81 1.28 1.95 0.74 1.34 1.66 0.76

SNV+SD 13 8 0.55 4.51 0.95 0.70 3.56 0.92 1.38 1.86 0.80




None 14 8 0.96 2.59 0.85 1.39 1.79 0.71 1.66 1.35 0.76

SNV 1 1.78 1.40 0.49 1.86 1.34 0.44 2.21 131 0.60

R SD 4 1.01 2.47 0.84 1.27 1.96 0.74 1.64 1.35 0.67

SD+LD 3 1.08 2.30 0.81 1.27 1.97 0.74 1.55 1.42 0.73

SNV+SD 1 1.34 1.87 0.71 1.43 1.74 0.67 1.84 1.28 0.66

R None 11 8 0.95 2.64 0.86 1.29 1.94 0.74 1.44 1.59 0.75
SNV 15 6 1.15 2.16 0.79 1.50 1.67 0.64 1.36 1.63 0.74

Log(1/R) SD 1 1 1.26 1.97 0.74 1.34 1.87 0.71 2.00 1.10 0.48

SD+LD 5 3 1.09 2.28 0.81 1.26 1.98 0.75 1.96 1.23 0.56

SNV+SD 7 5 1.00 2.48 0.84 1.30 1.92 0.73 1.95 1.64 0.76

None 6 3 1.05 1.94 0.73 1.18 1.72 0.67 2.07 1.10 0.57

SNV 8 6 0.93 2.69 0.86 1.16 2.16 0.79 1.72 1.30 0.79

R SD 5 3 0.82 3.06 0.89 0.94 2.66 0.86 1.84 133 0.70

SD+LD 10 5 0.74 3.38 0.91 0.89 2.81 0.87 211 1.25 0.68

SNV+SD 7 3 0.90 2.77 0.87 1.02 2.44 0.83 1.52 1.47 0.72

EMCVS None 43 8 0.85 2.93 0.88 1.18 2.12 0.79 1.54 143 0.71
SNV 9 3 1.02 2.45 0.83 1.13 2.20 0.79 1.64 1.44 0.71

Log(1/R) SD 10 7 0.69 3.63 0.92 0.89 2.82 0.87 1.42 1.58 0.73

SD+LD 8 5 0.70 3.54 0.92 0.83 3.01 0.89 1.56 1.48 0.72

SNV+SD 6 5 0.88 2.83 0.88 1.03 2.42 0.83 1.17 1.88 0.83

SR, selectivity ratio: VIP, variable importance jeaion: EMCVS, ensemble Monte Carlo variable dgde¢ SD, second derivative; SNV,
standard normal variate; LD, linear detrend; #Bamds/elengths used for model development; #LVeniavariables. The overall best model
for 4°C is highlighted in bold.



Appendix 2. Performance of the TVC PLS-R modelsettgped using VIS-SWNIR (445 - 970 nm ) data froreftidd samples stored at 10 °C.
PLS full spectral range on reflectance (R) and fivigaic transformed (log(1/R)) spectral data is pamed with spectral pre-treatments (SNV,
SD, SD+LD, SNV+SD) and band selection methods (\@R,and EMCVS).

Spectral # # Calibration Crossvalidation Prediction
Chemometric
method Pr&  Bands LV RMSEc RPDc R% RMSEcv RPDcv  RPcv RMSEp RPDp R
treatment
None 106 8 0.37 5.84 0.97 0.64 3.38 0.92 1.38 1.66 0.75
SNV 106 7 0.39 5.59 0.97 0.63 3.45 0.92 1.39 1.56 0.74
R SD 100 6 0.66 3.27 0.91 1.00 2.17 0.79 1.18 1.67 0.75
SD+LD 100 5 0.69 3.13 0.90 1.02 2.12 0.78 1.15 1.72 0.76
PLS SNV+SD 100 4 0.60 3.59 0.92 0.81 2.68 0.86 0.80 2.63 0.89
None 106 8 0.42 5.14 0.96 0.71 3.05 0.89 1.14 2.48 0.88
SNV 106 7 0.42 5.13 0.96 0.69 3.15 0.90 1.02 2.32 0.86
Log(1/R) SD 100 4 0.64 3.41 0.91 0.84 2.58 0.85 1.21 1.84 0.80
SD+LD 100 5 0.53 411 0.94 0.74 2.92 0.88 1.16 2.02 0.82
SNV+SD 100 5 0.54 4.05 0.94 0.73 2.98 0.89 1.01 2.31 0.87
None 20 8 0.48 4.49 0.95 0.73 2.97 0.89 1.06 1.99 0.84
SNV 37 8 0.41 5.29 0.96 0.63 3.42 0.91 1.58 1.27 0.72
R SD 33 5 0.76 2.86 0.88 1.03 2.10 0.78 1.09 1.77 0.81
SD+LD 27 6 0.72 3.03 0.89 1.05 2.06 0.76 0.91 1.97 0.82
VIP SNV+SD 9 4 0.65 3.34 0.91 0.80 2.72 0.87 0.92 2.27 0.87
None 15 6 0.52 4.13 0.94 0.72 3.03 0.89 1.10 2.42 0.88
SNV 33 7 0.53 411 0.94 0.79 2.75 0.87 0.83 3.10 0.93
Log(1/R) SD 10 5 0.63 3.44 0.92 0.80 2.70 0.86 1.12 1.94 0.83
SD+LD 13 4 0.66 3.29 0.91 0.80 2.71 0.86 1.34 1.59 0.78
SNV+SD 10 5 0.60 3.59 0.92 0.78 2.78 0.87 1.04 2.16 0.87
SR R None 8 5 1.07 2.02 0.75 1.30 1.66 0.65 0.82 2.67 0.93



SNV 21 9 0.55 3.97 0.94 0.87 2.50 0.84 0.95 2.20 0.86

SD 13 6 0.67 3.25 0.91 0.92 2.35 0.82 1.00 2.07 0.87

SD+LD 17 6 0.74 2.94 0.88 1.04 2.08 0.77 0.88 2.37 0.89

SNV+SD 20 7 0.60 3.59 0.92 0.88 2.46 0.84 0.91 2.09 0.86

None 8 5 0.90 2.39 0.83 1.12 1.93 0.73 1.07 2.12 0.86

SNV 16 7 0.52 4.16 0.94 0.82 2.64 0.86 0.81 3.16 0.93

Log(1/R) SD 9 7 0.54 4.05 0.94 0.73 2.96 0.89 1.38 1.81 0.79
SD+LD 17 4 0.67 3.25 0.91 0.85 2.55 0.85 1.34 1.64 0.79

SNV+SD 17 4 0.65 3.32 0.91 0.86 2.51 0.84 1.15 1.98 0.85

None 24 5 0.44 4.94 0.96 0.55 3.91 0.93 1.51 1.47 0.77

SNV 18 4 0.45 4.85 0.96 0.56 3.85 0.93 1.73 1.19 0.73

R SD 13 3 0.75 2.90 0.88 0.87 2.49 0.84 1.00 1.78 0.80
SD+LD 5 0.63 3.43 0.91 0.77 2.80 0.87 1.15 1.60 0.75

SNV+SD 3 0.63 3.44 0.92 0.72 3.01 0.89 1.02 1.84 0.79

EMCVS None 5 0.44 4.93 0.96 0.55 3.93 0.94 1.03 2.30 0.87
SNV 6 0.48 4.51 0.95 0.65 3.34 0.91 1.00 2.40 0.88

Log(1/R) SD 10 3 0.66 3.29 0.91 0.75 2.89 0.88 1.04 1.96 0.83
SD+LD 11 3 0.67 3.23 0.90 0.77 2.83 0.88 1.12 1.87 0.82

SNV+SD 9 4 0.53 4.08 0.94 0.65 3.36 0.91 0.84 2.50 0.89

SR, selectivity ratio: VIP, variable importance jeaion: EMCVS, ensemble Monte Carlo variable s&e¢ SD, second derivative; SNV,
standard normal variate; LD, linear detrend; #Bam@s/elengths used for model development; #LVeniavariables. The overall best model
for 10°C is highlighted in bold.



Appendix 3. Performance of the TVC PLS-R modelsettgped using VIS-SWNIR (445 - 970 nm ) data froreftidd samples stored at 4 °C or
10 °C. PLS full spectral range on reflectancedi) logarithmic transformed (log(1/R)) spectrakdatcompared with spectral pre-treatments
(SNV, SD, SD+LD, SNV+SD) and band selection meth®P, SR and EMCVS).

Spectral # # Calibration Crossvalidation Prediction
Chemometric
method P& Bands LV RMSEc RPDc R’  RMSEcv RPDov Rv  RMSEp RPDp R%p
treatment
None 106 6 0.95 2.46 0.83 1.11 2.11 0.78 1.40 1.52 0.75
SNV 106 6 0.85 2.76 0.87 1.01 2.32 0.81 1.33 1.47 0.78
R SD 100 5 0.96 2.43 0.83 1.19 1.96 0.74 1.11 1.76 0.79
SNV+SD 100 7 0.86 2.72 0.87 1.09 2.15 0.78 0.98 1.99 0.84
PLS SD+LD 100 6 0.92 2.53 0.84 1.15 2.04 0.76 1.22 1.61 0.76
None 106 6 0.92 2.54 0.85 1.17 2.00 0.76 1.23 1.71 0.77
SNV 106 6 0.83 2.83 0.87 0.98 2.39 0.83 1.36 1.44 0.73
Log(1/R) SD 100 5 0.90 2.59 0.85 1.11 2.11 0.78 1.11 1.80 0.79
SNV+SD 100 4 0.94 2.50 0.84 1.09 2.14 0.78 1.11 1.76 0.79
SD+LD 100 4 0.94 2.49 0.84 1.13 2.07 0.77 1.16 1.71 0.77
None 8 5 1.03 2.28 0.81 1.13 2.06 0.77 1.51 1.42 0.69
SNV 22 7 0.86 2.73 0.87 0.96 2.43 0.83 1.55 1.28 0.74
R SD 7 4 1.19 1.96 0.74 1.29 1.82 0.70 1.08 1.85 0.80
SNV+SD 8 3 1.21 1.93 0.73 1.32 1.77 0.68 1.31 1.63 0.74
VIP SD+LD 19 6 1.12 2.09 0.77 1.26 1.85 0.71 1.32 1.51 0.72
None 8 3 1.04 2.26 0.80 1.09 2.14 0.78 1.51 1.37 0.65
SNV 10 6 0.92 2.55 0.85 1.03 2.28 0.81 1.24 1.68 0.77
Log(1/R) SD 30 4 0.99 2.37 0.82 1.12 2.08 0.77 1.15 1.76 0.78
SNV+SD 24 5 0.95 2.46 0.83 1.10 2.12 0.78 1.06 1.88 0.80
SD+LD 15 5 1.03 2.27 0.81 1.15 2.03 0.76 1.28 1.57 0.72
SR R None 7 5 1.41 1.66 0.64 1.59 1.47 0.54 1.44 1.60 0.74
SNV 14 8 1.11 2.11 0.78 1.24 1.89 0.72 1.27 1.74 0.81



SD 16 6 1.08 2.16 0.79 1.24 1.89 0.72 1.17 1.70 0.78

SNV+SD 11 6 1.10 2.13 0.78 1.25 1.87 0.72 1.25 1.58 0.74

SD+LD 17 6 1.02 2.29 0.81 1.20 1.96 0.74 1.24 1.60 0.75

None 14 7 1.02 2.30 0.81 1.23 1.90 0.73 1.27 1.63 0.74

SNV 17 5 1.02 2.29 0.81 1.22 1.92 0.73 1.24 1.61 0.75

Log(1/R) SD 13 7 0.97 2.40 0.83 1.15 2.03 0.76 1.23 1.70 0.76
SNV+SD 17 5 1.07 2.18 0.79 1.24 1.89 0.72 141 1.43 0.68

SD+LD 14 6 0.99 2.37 0.82 1.16 2.02 0.76 1.11 1.81 0.79

None 3 2 1.02 1.65 0.63 1.07 1.57 0.59 1.66 1.29 0.60

SNV 9 6 0.81 2.90 0.88 0.90 2.61 0.85 1.56 1.27 0.74

R SD 3 3 1.10 2.13 0.78 1.17 2.01 0.75 1.01 1.97 0.83
SNV+SD 8 4 0.94 2.48 0.84 1.05 2.22 0.80 0.95 210 0.85

SD+LD 4 3 0.92 2.55 0.85 0.96 2.43 0.83 1.24 1.61 0.76

EMCVS None 23 13 0.61 3.82 0.93 0.77 3.04 0.89 0.88 2.25 0.86
SNV 15 6 0.91 2.57 0.85 1.01 2.32 0.81 1.20 1.71 0.78

Log(1/R) SD 8 6 0.93 2.50 0.84 1.05 2.22 0.80 1.21 1.69 0.76
SNV+SD 8 3 0.95 2.45 0.83 1.01 2.31 0.81 0.96 2.10 0.84

SD+LD 9 3 0.95 2.45 0.83 1.03 2.27 0.81 1.04 1.92 0.81

SR, selectivity ratio: VIP, variable importance jeaion: EMCVS, ensemble Monte Carlo variable s&e¢ SD, second derivative; SNV,
standard normal variate; LD, linear detrend; #Bam@s/elengths used for model development; #LVegnlavariables. The overall best model
for 10°C is highlighted in bold.



Appendix 4. Performance of the TVC PLS-R modelsettgyed using NIR (957 - 1664 nm ) data from dd@fsamples stored at 4 °C, PLS full
spectral range on reflectance (R) and logarithnaiecsformed (log(1/R)) spectral data is comparet gfectral pre-treatments (SNV, SD,
SD+LD, SNV+SD) and band selection methods (VIP,a&8& EMCVS).

_ Spectral # # Calibration Crossvalidation Prediction
Chemometric
method Pre  Bands LV RMSEc RPDc R% RMSEcv RPDov Riov RMSEp RPDp R

treatment

None 102 8 0.66 3.58 0.92 1.14 2.07 0.78 2.75 0.94 0.45

R SD 96 5 0.84 2.79 0.87 1.17 2.00 0.75 1.97 1.68 0.84

SD+LD 96 5 0.84 2.79 0.87 1.15 2.04 0.76 1.91 1.72 0.84

SNV+SD 96 5 0.87 2.70 0.86 1.19 1.97 0.74 1.66 1.69 0.83

PLS None 102 6 0.82 2.87 0.88 1.21 1.94 0.75 3.50 0.69 0.08

SD 96 5 0.92 2.55 0.85 1.45 1.62 0.63 0.87 2.23 0.91

Log(1/R) SD+LD 96 5 0.93 2.52 0.84 1.43 1.64 0.64 0.83 2.33 0.91

SNV+SD 96 4 0.72 3.28 0.91 0.97 2.42 0.83 1.19 1.63 0.82

None 12 7 0.66 3.55 0.92 1.03 2.28 0.82 2.89 1.33 0.61

R SD 17 5 0.85 2.76 0.87 1.14 2.06 0.77 2.74 1.23 0.57

SD+LD 17 5 0.93 2.52 0.84 1.20 1.95 0.74 1.91 1.59 0.72

SNV+SD 12 7 0.83 2.82 0.87 1.08 2.17 0.79 1.94 1.45 0.68

vIP None 14 7 0.60 3.93 0.94 0.86 2.72 0.87 2.88 0.96 0.27

SD 11 6 0.86 2.72 0.86 1.11 2.11 0.78 1.58 2.25 0.86

Log(1/R) SD+LD 6 0.88 2.68 0.86 1.08 2.17 0.79 1.22 2.07 0.86

SNV+SD 4 0.76 3.07 0.89 0.94 2.50 0.84 1.24 1.87 0.80

None 42 6 1.02 2.29 0.81 1.32 1.78 0.69 1.57 1.78 0.86

R SD 4 3 1.21 1.94 0.73 1.38 1.70 0.66 1.22 1.91 0.82

SR SD+LD 1 1.57 1.49 0.55 1.64 1.43 0.51 1.73 1.37 0.64

SNV+SD 1 1 1.51 1.55 0.58 1.59 1.48 0.54 2.28 1.01 0.32

Log(1/R) None 29 6 1.04 2.26 0.80 1.40 1.68 0.66 1.12 2.26 0.87

SD 6 2 1.44 1.63 0.62 1.58 1.49 0.55 1.23 2.00 0.90



SD+LD 4 4 1.35 1.74 0.67 1.60 1.47 0.54 1.13 2.12 0.91

SNV+SD 1 1.67 1.40 0.49 1.75 1.34 0.44 2.56 0.90 0.15

None 8 5 0.72 3.24 0.90 1.00 2.34 0.82 3.91 0.82 0.07

R SD 16 4 0.94 2.50 0.84 1.14 2.06 0.76 2.83 1.30 0.63

SD+LD 6 4 0.93 2.52 0.84 1.10 2.14 0.78 1.98 1.59 0.73

SNV+SD 6 0.65 3.63 0.92 0.79 2.95 0.89 1.15 2.18 0.85

EMCVS None 19 5 0.86 2.69 0.86 1.06 2.20 0.79 3.85 0.75 0.01
SD 10 4 0.80 2.93 0.88 1.01 2.32 0.82 0.93 2.48 0.89

Log(1/R) SD+LD 13 4 0.78 3.03 0.89 1.01 231 0.81 0.92 3.00 0.92

SNV+SD 5 4 0.73 3.22 0.90 0.88 2.68 0.86 151 1.54 0.70

SR, selectivity ratio: VIP, variable importance jection: EMCVS, ensemble Monte Carlo variable s#be¢ SD, second derivative; SNV,
standard normal variate; LD, linear detrend; #Bam@s/elengths used for model development; #LVenlavariables. The overall best model
for 4°C is highlighted in bold.



Appendix 5. Performance of the TVC PLS-R modelsettgyed using NIR (957 - 1664 nm ) data from ddefsamples stored at 10 °C, PLS
full spectral range on reflectance (R) and logarnithtransformed (log(1/R)) spectral data is com@avéh spectral pre-treatments (SNV, SD,
SD+LD, SNV+SD) and band selection methods (VIP,a&8& EMCVS).

# # Calibration Crossvalidation Prediction
Chemometric Pre-
method treatment Bands LV RMSEc RPDc R%  RMSEcv RPDcv R%v  RMSEp RPDp R?p
None 102 11 0.59 3.68 0.93 1.06 2.04 0.77 1.90 1.16 0.62
SNV 102 5 1.03 2.10 0.77 1.39 1.55 0.60 2.19 1.23 0.54
R SD 96 7 0.71 3.07 0.89 1.21 1.79 0.70 2.05 0.98 0.47
SD+LD 96 4 1.27 1.71 0.66 1.52 1.43 0.51 1.67 1.28 0.55
SNV+SD 96 6 0.73 2.97 0.89 1.07 2.02 0.76 1.59 1.31 0.63
PLS None 102 11 0.55 3.91 0.93 1.07 2.02 0.76 2.38 0.80 0.35
SNV 102 12 0.41 5.29 0.96 0.90 2.41 0.83 1.67 1.53 0.73
Log(1/R) SD 96 7 0.68 3.18 0.90 1.11 1.95 0.74 1.38 1.33 0.64
SD+LD 96 6 0.79 2.75 0.87 1.29 1.68 0.65 1.37 1.31 0.63
SNV+SD 96 7 0.61 3.56 0.92 1.03 2.12 0.78 1.19 1.57 0.72
None 19 9 0.68 3.19 0.90 1.00 2.17 0.79 1.79 1.02 0.51
SNV 4 4 1.00 2.10 0.77 1.17 1.79 0.69 1.93 1.05 0.41
R SD 8 4 0.90 2.40 0.83 1.04 2.08 0.77 1.59 1.34 0.64
SD+LD 7 4 0.81 2.67 0.86 0.96 2.26 0.81 1.37 1.31 0.65
SNV+SD 14 3 0.80 2.72 0.86 0.90 2.39 0.83 1.64 1.43 0.69
EMCVS None 12 8 0.63 3.46 0.92 0.88 2.45 0.84 2.57 0.70 0.31
SNV 19 9 0.44 493 0.96 0.67 3.22 0.90 1.15 2.23 0.87
Log(1/R) SD 12 5 0.78 2.78 0.87 0.96 2.25 0.80 1.71 1.35 0.67
SD+LD 9 4 1.03 2.11 0.78 1.14 1.91 0.73 1.49 1.15 0.51
SNV+SD 15 5 0.71 3.05 0.89 0.92 2.36 0.82 1.45 1.30 0.60
SR R None 1 1 2.14 1.01 0.03 2.32 0.93 0.12 1.93 0.90 0.29
SNV 5 1.28 1.69 0.65 1.58 1.37 0.49 2.22 0.84 0.26



SD 2 1 1.45 1.49 0.55 1.55 140 0.49 180 096 0.30

SD+LD 1 1 1.72 1.26 0.37 1.84 1.18 0.29 226 0.77 0.12

SNV+SD 1 1 1.91 1.14 0.23 2.03 1.07 0.14 190 104 0.36

None 1 1 2.14 1.01 0.02 2.32 093 0.15 195 089 0.26

SNV 1 1 1.92 1.13 0.21 2.04 1.06 0.13 150 123 0.72

Log(1/R) SD 1 1 191 1.13 0.22 2.00 1.08 0.15 1.74 099 0.29
SD+LD 1 1 191 1.14 0.23 2.00 1.09 0.16 1.73 100 0.30

SNV+SD 4 3 1.49 146 0.53 1.78 122 0.36 182 1.07 0.39

None 6 4 1.32 1.64 0.63 1.55 140 0.49 217 0.89 0.28

SNV 21 8 0.74 2.92 0.88 1.14 190 0.74 195 130 0.60

R SD 6 4 1.07 2.02 0.76 1.22 1.78 0.69 147 164 0.76
SD+LD 5 3 1.40 1.55 0.58 1.59 136 047 191 114 054

SNV+SD 9 4 0.87 248 0.84 1.03 210 0.77 182 171 0.77

vIP None 13 9 0.82 2.65 0.86 1.18 1.84 0.71 1.78 179 0.86
SNV 20 10 0.54 4.00 0.94 1.04 2.07 0.78 182 112 0.53

Log(1/R) SD 24 8 0.67 3.23 0.90 0.98 2.22  0.80 140 135 0.66
SD+LD 22 6 0.90 242 0.83 1.18 1.84 0.70 161 115 0.54

SNV+SD 31 8 0.67 3.23 0.90 0.98 2.21  0.80 114 165 0.75

SR, selectivity ratio: VIP, variable importance jeaion: EMCVS, ensemble Monte Carlo variable s&e¢ SD, second derivative; SNV,
standard normal variate; LD, linear detrend; #Bam@s/elengths used for model development; #LVeniavariables. The overall best model
for 10 °C is highlighted in bold.



Appendix 6. Performance of the TVC PLS-R modelsettgyed using NIR (957 - 1664 nm ) data from ddefsamples stored either 4 °C or 10
°C. PLS full spectral range on reflectance (R) lagarithmic transformed (log(1/R)) spectral da@ompared with spectral pre-treatments
(SNV, SD, SD+LD, SNV+SD) and band selection meth®B, SR and EMCVS).

Spectral # # Calibration Crossvalidation Prediction
Chemometric
method Pre  Bands LV RMSEc RPDc R’  RMSEcv RPDov Rv  RMSEp RPDp R
treatment
None 102 6 1.36 1.72 0.66 1.57 1.49 0.55 2.19 0.89 0.29
SNV 102 13 0.86 2.72 0.86 1.27 1.85 0.71 2.58 1.00 0.44
R SD 96 6 1.19 1.97 0.74 1.40 1.67 0.64 1.27 1.53 0.71
SNV+SD 96 7 1.06 2.20 0.79 1.36 1.72 0.67 1.58 1.25 0.61
PLS SD+LD 96 6 1.20 1.94 0.73 1.42 1.65 0.64 1.29 1.52 0.71
None 102 5 1.51 1.55 0.58 1.74 1.34 0.45 2.78 0.72 0.14
SNV 102 13 0.84 2.79 0.87 1.38 1.70 0.67 1.44 1.35 0.64
Log(1/R) SD 96 6 1.18 1.98 0.74 1.47 1.59 0.61 1.21 1.62 0.74
SNV+SD 96 6 1.15 2.03 0.76 1.48 1.58 0.61 1.29 1.51 0.70
SD+LD 96 6 1.17 2.01 0.75 1.47 1.59 0.61 1.18 1.66 0.76
VIP R None 9 5 1.41 1.65 0.63 1.56 1.50 0.56 2.52 0.79 0.22
SNV 20 13 0.92 2.53 0.84 1.19 1.97 0.75 1.45 1.42 0.68
SD 27 6 1.18 1.99 0.75 1.37 1.70 0.66 1.41 1.40 0.65
SNV+SD 17 6 1.17 2.01 0.75 1.35 1.73 0.67 1.41 1.41 0.65
SD+LD 6 4 1.36 1.72 0.66 1.47 1.59 0.60 1.34 1.46 0.67
Log(1/R) None 32 10 1.24 1.89 0.72 1.52 1.54 0.59 2.33 0.84 0.27
SNV 10 5 1.35 1.73 0.67 1.52 1.53 0.58 1.93 1.09 0.44
SD 17 6 1.23 1.90 0.72 1.41 1.66 0.64 1.29 1.58 0.72
SNV+SD 12 6 1.21 1.93 0.73 1.40 1.67 0.65 1.17 1.66 0.75
SD+LD 17 6 1.27 1.83 0.70 1.43 1.63 0.63 1.30 1.51 0.70
SR R None 28 7 1.40 1.67 0.64 1.93 1.21 0.41 1.31 1.49 0.70
SNV 1 1 1.92 1.22 0.33 1.98 1.18 0.28 2.19 0.89 0.13



SD 1 1 1.77 132 043 1.81 129  0.40 1.88 1.05 039

SNV+SD 5 4 1.49 157  0.59 1.62 1.44  0.52 1.58 124 055

SD+LD 1 1 1.72 136  0.46 1.77 132 043 1.93 1.02 037

None 27 7 1.44 1.63  0.62 1.84 127  0.42 1.48 133 063

SNV 11 3 1.91 123 0.34 2.07 1.13  0.23 2.32 086 0.11

Log(1/R) SD 1 1.94 120 031 1.98 1.18  0.28 1.84 113 045
SNV+SD 1 2.10 112 0.20 2.16 1.08  0.15 2.14 092 0.18

SD+LD 1 1.93 121 032 1.97 1.19  0.29 1.83 114  0.46

None 4 1.42 1.65  0.63 1.55 152 057 2.12 1.00 037

SNV 19 11 085 2.76  0.87 1.09 2.15  0.79 1.77 123 056

R SD 10 4 1.31 1.78  0.69 1.42 1.65  0.63 1.48 145  0.67
SNV+SD 12 5 1.04 224 080 1.18 198 074 1.15 175 077

SD+LD 11 4 1.32 177  0.68 1.43 1.63  0.63 1.55 128  0.59

EMCVS None 12 6 1.36 1.70  0.65 1.55 149  0.55 2.08 095 0.32
SNV 19 11  0.90 260 0.85 1.14 2.05  0.77 1.03 1.92 0.81

Log(1/R) SD 5 4 1.29 1.81  0.70 1.41 1.66  0.64 1.46 135  0.63
SNV+SD 5 3 1.17 1.96  0.74 1.28 1.80  0.69 1.63 120 053

SD+LD 6 4 1.25 1.87  0.72 1.37 171  0.66 1.48 135  0.64




Appendix 7. Performance of the best TVC PLS-R n®deleloped using the LL data fusion of VIS-SWNREF - 970 nm ) and NIR (957 -
1664 nm) HSI data from beef LD samples stored &€C.4°LS full spectral range on reflectance (R) lagdrithmic transformed (log(1/R))
spectral data is compared with spectral pre-treatsn&NV, SD, SD+LD, SNV+SD) and band selectionhuods (VIP, SR and EMCVS).

Spectral # # Calibration Crossvalidation Prediction
Chemometric
method P& Bands LV RMSEew RPDc R RMSEcv RPDov R?%v RMSEp RPDp R
treatment
None 208 7 0.87 2.85 0.88 1.53 1.63 0.66 1.73 1.23 0.68
SNV 208 7 0.81 3.06 0.89 1.34 1.86 0.73 1.69 1.30 0.67
R SD 202 6 0.84 2.97 0.89 1.35 1.86 0.71 1.18 1.75 0.86
SD+LD 202 6 0.85 2.94 0.88 1.38 1.81 0.70 1.17 1.76 0.86
SNV+SD 202 6 0.82 3.05 0.89 1.15 2.17 0.79 1.35 1.52 0.77
PLS None 198 6 0.75 3.30 0.91 1.45 1.74 0.67 1.42 1.51 0.78
SNV 208 6 0.75 3.32 0.91 1.06 2.35 0.82 1.36 1.57 0.75
Log(1/R) SD 208 7 0.71 3.49 0.92 1.11 2.25 0.80 1.32 1.66 0.78
SD+LD 208 9 0.71 3.51 0.92 1.28 1.95 0.75 1.38 1.86 0.85
SNV+SD 202 6 0.72 3.44 0.92 1.17 2.13 0.78 1.25 1.66 0.83
VIP None 4 3 1.11 2.25 0.80 1.23 2.03 0.76 1.62 1.45 0.71
SNV 24 5 0.97 2.56 0.85 1.26 1.97 0.74 1.74 1.27 0.63
R SD 22 11 0.56 4.42 0.95 1.11 2.27 0.81 1.74 1.65 0.83
SD+LD 22 8 0.76 3.28 0.91 1.09 2.30 0.81 1.16 1.90 0.88
SNV+SD 32 6 0.90 2.78 0.87 1.23 2.03 0.76 1.22 1.87 0.82
None 10 7 0.88 2.82 0.87 1.31 1.91 0.75 1.48 1.52 0.72
SNV 18 12 0.52 4.82 0.96 0.97 2.56 0.87 1.51 1.45 0.75
Log(1/R) SD 35 9 0.57 4.35 0.95 1.00 2.50 0.84 1.45 1.56 0.75
SD+LD 29 12 0.50 4.99 0.96 0.95 2.64 0.86 1.58 1.61 0.74
SNV+SD 10 7 0.86 2.90 0.88 1.32 1.90 0.72 1.34 1.71 0.77

SR R None 15 7 1.07 2.34 0.82 1.56 1.60 0.66 1.53 162 0.79



SNV 17 9 0.92 2.72 0.87 1.36 1.83 0.71 1.00 222 0.87

SD 4 1.00 2.49 0.84 1.27 1.96 0.74 1.60 137 0.68

SD+LD 3 1.11 2.25 0.80 1.29 1.94 0.73 1.72 128 0.66

SNV+SD 1 1.35 1.85 0.71 1.45 1.72 0.66 1.77 129 0.66

None 15 8 0.91 2.73 0.87 1.39 1.80 0.73 1.52 148 0.74

SNV 21 6 1.14 2.19 0.79 1.58 1.59 0.62 141 1.58 0.77

Log(1/R) SD 7 6 0.85 2.94 0.88 1.09 2.29 0.81 264 135 0.64
SD+LD 1 1 1.24 2.01 0.75 1.31 1.90 0.72 208 1.05 044

SNV+SD 8 5 0.91 2.72 0.87 1.13 2.21 0.80 197 178 0.83

None 9 7 0.97 2.58 0.85 1.28 1.95 0.75 1.33 166 0.76

SNV 5 4 1.02 2.32 0.81 1.15 2.06 0.76 1.74 129 0.58

R SD 9 6 0.71 3.51 0.92 0.91 2.74 0.87 1.71 129 081
SD+LD 10 6 0.74 3.36 0.91 0.94 2.64 0.86 1.69 136 0.76

SNV+SD 28 4 0.92 2.72 0.86 1.08 2.30 0.81 1.28 1.81 0.82

EMCVS None 25 11 0.53 4.73 0.96 0.93 2.68 0.87 3.12 130 0.60
SNV 11 4 0.70 3.54 0.92 0.94 2.66 0.86 194 134 061

Log(1/R) SD 6 4 0.77 3.22 0.90 0.92 2.72 0.87 154 143 0.68
SD+LD 5 4 0.85 2.93 0.88 0.98 2.54 0.85 1.33 166 0.80

SNV+SD 8 5 0.75 3.32 0.91 0.92 2.72 0.87 1.30 171 0.77

SR, selectivity ratio: VIP, variable importance jeaion: EMCVS, ensemble Monte Carlo variable s&e¢ SD, second derivative; SNV,
standard normal variate; LD, linear detrend; #Bam@s/elengths used for model development; #LVeniavariables. The overall best model
for the LL data fusion of 4 °C data is highlightadbold.



Appendix 8. Performance of the best TVC PLS-R n®deleloped using the LL data fusion of VIS-SWNREF - 970 nm ) and NIR (957 -
1664 nm) HSI data from beef LD samples stored@®CL PLS full spectral range on reflectance (R) lagarithmic transformed (log(1/R))
spectral data is compared with spectral pre-treatsn&NV, SD, SD+LD, SNV+SD) and band selectionhuods (VIP, SR and EMCVS).

Spectral # # Calibration Crossvalidation Prediction
Chemometric
method Pre&  Bands LV RMSEev RPDc R  RMSEcv RPDov R:v  RMSEp RPDp R
treatment
None 208 8 0.43 5.04 0.96 0.76 2.87 0.88 1.39 1.61 0.73
SNV 208 7 0.42 5.20 0.96 0.67 3.25 0.91 1.41 1.87 0.79
R SD 202 7 0.58 3.72 0.93 0.95 2.28 0.81 1.11 1.86 0.79
SD+LD 202 7 0.58 3.73 0.93 0.95 2.29 0.81 1.10 1.87 0.79
PLS SNV+SD 202 4 0.70 3.08 0.89 0.93 2.32 0.82 0.88 2.46 0.89
None 208 8 0.44 4.90 0.96 0.77 2.82 0.88 1.64 1.59 0.76
SNV 208 6 0.55 3.95 0.94 0.83 2.61 0.85 1.33 1.97 0.81
Log(1/R) SD 202 6 0.54 4.02 0.94 0.84 2.59 0.85 1.41 1.75 0.79
SD+LD 202 6 0.54 4.05 0.94 0.83 2.61 0.85 1.39 1.78 0.80
SNV+SD 202 6 0.48 4.49 0.95 0.76 2.85 0.88 1.23 1.97 0.83
None 20 6 0.43 5.09 0.96 0.59 3.68 0.93 1.26 1.89 0.81
SNV 128 6 0.42 5.11 0.96 0.61 3.54 0.92 1.30 1.92 0.82
R SD 9 6 0.52 4.16 0.94 0.65 3.36 0.91 0.86 2.09 0.84
SD+LD 10 7 0.49 4.45 0.95 0.64 3.40 0.91 0.97 1.98 0.84
EMCVS SNV+SD 12 5 0.49 4.39 0.95 0.68 3.17 0.90 1.20 1.76 0.77
None 1 6 0.46  4.66 0.95 058 371  0.93 0.94 303 094
SNV 7 5 0.59 3.69 0.93 0.75 2.90 0.88 1.13 2.22 0.86
Log(1/R) SD 7 3 0.62 3.49 0.92 0.71 3.04 0.89 0.98 2.05 0.84
SD+LD 20 3 0.63 3.41 0.91 0.73 2.96 0.89 1.11 1.87 0.82
SNV+SD 9 4 0.55 3.94 0.94 0.66 3.30 0.91 1.03 2.12 0.85
SR R None 8 5 1.07 2.02 0.75 1.30 1.66 0.65 0.82 2.67 0.93
SNV 20 8 0.65 3.32 0.91 0.98 2.21 0.80 0.89 2.56 0.91



SD 13 6 0.67 3.25 091 0.92 2.35 0.82 1.00 2.07 0.87

SD+LD 23 7 0.74 293 0.88 1.08 2.01 0.75 0.74 2.51 0.90

SNV+SD 11 6 0.73 296 0.89 0.97 2.24 0.80 1.20 1.81 0.84

None 8 5 0.90 239 0.83 1.12 1.93 0.73 1.07 2.12 0.86

SNV 25 8 0.70 3.08 0.89 1.14 191 0.73 1.50 1.40 0.84

Log(1/R) SD 25 5 0.54 4.04 094 0.80 2.70 0.86 1.13 2.02 0.83
SD+LD 10 8 0.53 411 094 0.80 2.71 0.86 1.20 1.86 0.80

SNV+SD 24 5 0.55 395 0.94 0.77 2.82 0.87 1.02 2.20 0.86

None 21 10 0.40 5.48 0.97 0.59 3.68 0.93 1.21 1.77 0.78

SNV 27 5 0.48 4.48 0.95 0.68 3.20 0.90 1.04 2.15 0.86

R SD 20 8 0.60 3.62 0.92 0.88 2.47 0.84 1.21 1.72 0.77
SD+LD 16 8 0.61 3.56 0.92 0.89 2.43 0.83 1.24 1.66 0.75

SNV+SD 14 5 0.73 297 0.89 0.94 231 0.81 0.84 2.50 0.89

viP None 14 7 0.48 452 0.95 0.68 3.17 0.90 1.11 2.35 0.87
SNV 7 5 0.61 3.57 0.92 0.75 2.88 0.88 1.10 2.42 0.88

Log(1/R) SD 10 5 0.63 3.44 0.92 0.80 2.70 0.86 1.12 1.94 0.83
SD+LD 14 4 0.63 3.43 0.92 0.80 2.70 0.86 1.16 1.85 0.82

SNV+SD 10 5 0.58 3.72 0.93 0.74 2.92 0.88 1.01 2.12 0.85

SR, selectivity ratio: VIP, variable importance jeaiion: EMCVS, ensemble Monte Carlo variable s&e¢ SD, second derivative; SNV,
standard normal variate; LD, linear detrend; #Bam@s/elengths used for model development; #LVeniavariables. The overall best model
for the LLDF of 10 °C data is highlighted in bold.



Appendix 9. Performance of the best TVC PLS-R n®deleloped using the LL data fusion of VIS-SWNREF - 970 nm ) and NIR (957 -
1664 nm) HSI data from bekD samples stored at either 4 °C or 10 °C. PLSspédktral range on reflectance (R) and logarithmaicsformed
(log(1/R)) spectral data is compared with spegirattreatments (SNV, SD, SD+LD, SNV+SD) and bandd®n methods (VIP, SR and
EMCVS).

Regression Pre- # # Calibration Crossvalidation Prediction
M odel treatment Bands LV ~ RMSEc RPDc R% RMSEcv RPDcv Rcv. RMSEp RPDp R%p
None 208 8 0.86 2.72 0.86 1.06 2.21 0.8 1.38 1.43 0.72
SNV 208 7 0.79 295 0.89 1.01 2.32 0.82 1.42 1.38 0.70
R SD 202 6 0.96 245 0.83 1.20 1.95 0.74 0.95 2.08 0.85
SD+LD 202 7 0.89 2.64 0.86 1.16 2.02 0.75 1.00 2.04 0.85
SNV+SD 202 7 0.83 2.82 0.87 1.07 2.19 0.79 1.12 1.86 0.81
PLS None 208 8 0.83 2.81 0.87 1.12 2.09 0.78 1.44 1.36 0.66
SNV 208 5 0.94 2.50 0.84 1.09 2.14 0.78 1.33 1.49 0.71
Log(1/R) SD 202 6 0.88 2.66 0.86 1.10 2.13 0.78 1.17 1.71 0.77
SD+LD 202 6 0.89 2.63 0.86 1.11 2.11 0.78 1.15 1.76 0.78
SNV+SD 202 5 0.93 2.52 0.84 1.14 2.06 0.76 1.18 1.75 0.78
None 30 8 0.96 244 0.83 1.09 2.15 0.78 1.48 1.43 0.69
SNV 13 7 0.96 245 0.83 1.09 2.15 0.78 1.40 1.44 0.73
R SD 15 7 1.03 2.27 081 1.22 1.91 0.73 1.07 1.86 0.80
SD+LD 11 6 1.02 2.30 0.81 1.18 1.98 0.75 1.15 1.73 0.79
SNV+SD 29 10 0.82 2.84 0.88 1.10 2.13 0.78 1.09 1.83 0.81
vip None 10 4 1.06 2.21 0.8 1.14 2.06 0.76 1.49 1.35 0.66
SNV 22 6 0.92 2.55 0.85 1.04 2.24 0.8 1.31 1.53 0.73
Log(1/R) SD 4 1.10 2.12 0.78 1.19 1.97 0.74 1.18 1.74 0.77
SD+LD 6 3 1.08 2.17 0.79 1.12 2.10 0.77 1.21 1.67 0.75
SNV+SD 10 4 1.04 2.25 0.8 1.17 2.00 0.75 1.27 1.66 0.75
SR R None 7 5 1.41 1.66 0.64 1.59 1.47 0.54 1.44 1.60 0.74



SNV 20 9 0.97 242 0.83 1.33 1.75 0.68 1.24 1.75 0.78

SD 12 8 1.05 2.23  0.80 1.23 191 0.73 1.06 1.87 0.82

SD+LD 24 6 1.07 219 0.79 1.23 1.90 0.72 1.24 1.61 0.75

SNV+SD 11 6 1.13 2.06 0.76 1.32 1.78 0.69 1.33 1.50 0.71

None 14 7 1.02 2.3 0.81 1.23 1.90 0.73 1.27 1.63 0.74

SNV 18 8 1.09 2.15 0.78 1.31 1.79 0.69 1.19 1.96 0.82

Log(1/R) SD 13 7 0.97 2.4 0.83 1.15 2.03 0.76 1.23 1.70 0.76
SD+LD 19 5 0.98 2.38 0.82 11 2.12 0.78 1.25 1.61 0.74

SNV+SD 15 7 0.95 246 0.84 1.15 2.04 0.76 1.36 1.59 0.72

None 15 5 0.93 251 084 1.07 2.18 0.79 1.32 1.63 0.77

SNV 52 6 0.86 273 0.87 0.98 2.4 0.83 1.37 1.48 0.73

R SD 6 3 1.06 221  0.80 1.13 2.06 0.76 1.15 1.73 0.79
SD+LD 35 4 0.96 245 0.83 1.12 2.08 0.77 0.87 2.27 0.88

SNV+SD 15 4 0.90 261 0.85 0.99 2.36 0.82 1.03 2.10 0.85

EMCVS None 7 5 0.97 240 0.83 1.06 2.21 0.8 1.58 1.37 0.65
SNV 17 8 0.87 2.68 0.86 1.03 2.26 0.81 1.32 1.70 0.76

Log(1/R) SD 6 3 0.99 236 0.82 1.07 2.18 0.79 1.04 1.91 0.81
SD+LD 5 5 0.93 251 084 1.01 231 0.81 0.98 2.09 0.84

SNV+SD 3 2 1.04 2.18 0.79 1.08 2.10 0.77 1.24 1.60 0.73

SR, selectivity ratio: VIP, variable importance jeaion: EMCVS, ensemble Monte Carlo variable s&e¢ SD, second derivative; SNV,
standard normal variate; LD, linear detrend; #Bam@s/elengths used for model development; #LVeniavariables. The overall best model
for the LLDF of 4 and 10 °C combine data is hightey in bold.



1 Table 1. TVC of beet.D samples (log CFU/g) stored at 4 and°@ Average value + standard deviation (n = 3). $&grets show the

2 statistical significance between samples obtainid Twkey-Kramer test at = 0.05.

Time Sample id. /TVC
Temperature  (hours) S1 S2 S3 S7 S8 S9
0 7.1+0.4" 6.9+0.2 7.0+0.58* 5.3+0.F 5.3+0.4 3.4+0.5
24 7.1+0.3 6.9+0.4 7.2+0.6" 5.3+0.% 5.1+0.4 3.320.0
96 8.9+0.Pcd 8.6+0. 20 8.3+0.3P" 6.610.4 7.1+0.7 4.1+0.3
120  8.1+0.G">¢ 7.70.pPCd 8.1+0.6P 8.7+0.6 8.3+0.2 5.620.¢
400 192 8.8x0.8°%  9.1x0.2°%%M 84403 9.4+0.f 9.440.2 7.740.5¢
264  10.1+0.79®'  10.5+0.F® 9.0+0. P 10.9+0.8 12.2+0.£¢  8.9+0.F%¢
288  9.5+0.3%¢®  97+0.8%efe  10.2+0.89 12.2+0.3" 12.1+0.83%"  9.2+0.79¢
312  9.7+1.2¢%¢®  9go+1.¢°%9!  10.6:0.7¢ ; - -
336 - - \ 13.2+0.2"¢  13.5+0.7" 10.5+1.3¢
360  10.6+0.8° 11.1+0.3" 11.4+1.6¢ 14.40.3¢ 14.1+0.1"9 .
Time Sample id. /TVC
Temperature  (hours) S4 S5 S6 S7 S8 S9
0 6.1+0.7 6.7+0.T 6.7+0.3P 5.3+0.F 5.3+0.4 3.4+0.5
12 6.7+0.3¢ 7.7+0.2 6.9+0.12P - - -
24 6.8+0.2¢ 7.310.F 7.1+0.13P¢ 6.0+0.3 6.1+0.8 3.4+0.8
36 6.9+4.¢°¢¢ 7.720.7 7.1+0.22P¢ - - -
48 7.410.1¢ 7.620.7 7.50.P°¢ - - -
10°C 84 9.2+0.£" 9.4+0.L:89 9.3+0.2'° - - -
96 9.4+0. 2N 9.1+0.2°¢ 9.3+0.1¢ 8.8+0.2¢ 9.00.7 7.610.P
108 9.9+0. 2N 9.8+0.2¢¢f9 9.6x0.1+8f - - -
120 9.6+0.2 "N 9.8+0.1%°9 9.8+0.F' 10.5+0.8%%  10.2+0.f 9.3+0.5
132 10.1+0.3" 10.0+0.£"9 9.9+0.1%" - - -
144 9.8+0.f9N 9.9+0.1%%"9 10.0+0.22 11.6+1.4¢ 12.2+0.2 11.1+0.2
168 - - - 12.3+0.6¢ 13.1+0.f 12.3+0.3

3 Values followed by different letters in the saméuamn are significantly different using ANOVA and Hey test (p < 0.05).
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Table 2. Performance of the best TVC PLS-R modelelbped for beef D samples stored at®€ using the full spectral range and optimum
band selection method evaluated for VIS-SWNIR (4830 nm ) and NIR (957 - 1664 nm) HSI data.

Pre-
Regression model treatment
1 2 Bands LV RMSEc RPDc Rt  RMSEcv RPDcv Rcv  RMSEp RPDp R

# # Calibration Cross validation Prediction

445 - 970 nm

PLS R SNV SD 100 6 0.79 3.15 0.9 1.34 1.86 0.74 1.35 161 0.81
EMCVS log(1/R) SNV SD 6 5 0.88 2.83 0.88 1.03 242 0.83 1.17 1.88 0.83
957 - 1664 nm

PLS log(1/R) SD AslLs 96 9 0.42 5.63 0.97 1.03 229 081 0.99 226 094
EMCVS log(1/R) SD AsLs 17 7 0.5 471 0.95 0.7 3.37 0.91 0.81 3.09 0.95

EMCVS, ensemble Monte Carlo variable selection; S&ond derivative; SNV, standard normal variatet. A asymmetric least squares;
#Bands, wavelengths used for model developments#latent variables. The best overall model f&€4s highlighted in bold.
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Table 3. Performance of the best TVC PLS-R modellkbped for beef D samples stored at 10 °C using the full spectrageaand optimum

band selection method evaluated for VIS-SWNIR (4830 nm ) and NIR (957 - 1664 nm) HSI data.

Pre-

i # # Calibration Cross validation
Regression model  treatment

Prediction

1 2% Bands LV RMSEc RPDc R?%c RMSEcv RPDcv RZcv

RMSEp RPDp R%

445 - 970 nm
PLS R SD MS 100 6 0.48 452 0.95 0.7 3.08 0.89
EMCVS R SD MS 46 6 0.47 4.60 0.95 0.69 3.16 0.90
957 - 1664 nm

PLS log(1/R) SD SNV 96 7 0.62 349 0.92 1.03 211 0.78
EMCVS log(1/R) SNV 19 9 0.44 493 0.96 0.67 3.22 0.90

1.09 284 0.92
0.96 3.32 0.94

1.2 159 0.72
1.15 2.23 0.87

EMCVS, ensemble Monte Carlo variable selection; M&dian scaled; SD, second derivative; SNV, stahdwrmal variate; #Bands,
wavelengths used for model development; #LVs, tatariables. The best overall model for?Dis highlighted in bold.
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Table 4. Performance of the best TVC PLS-R model®lbped for beefD samples stored at eitheP@ or 10°C using the full spectral range
and optimum band selection method evaluated forSIENIR (445 - 970 nm ) and NIR (957 - 1664 nm) Hd&ta.

Pre-
Regression model ~ treatment
1 2@ Bands LV RMSEc RPDc Rc RMSEcv RPDcv  Récv RMSEp RPDp R%

# # Calibration Cross validation Prediction

445 - 970 nm
PLS R SNV SD 100 7 0.86 272 0.87 1.09 2.15 0.78 0.98 199 0.84
EMCVS R SNV SD 8 4 0.94 248 0.84 1.05 2.22 0.80 0.95 2.10 0.85
957 - 1664 nm
PLS log(1/R) SD LD 202 4 1.17 2.01 0.75 1.47 1.59 0.61 1.18 1.66 0.76
EMCVS R SNV SD 96 6 1.04 2.24 0.80 1.18 1.98 0.74 1.15 1.75 0.77

EMCVS, ensemble Monte Carlo variable selection; SNYandard normal variate; LD, linear detrend; SBc¢ond derivative; #Bands,
wavelengths used for model development; #LVs, tatemiables. The overall best model for the comthimiata of both temperatures is
highlighted in bold.
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Table 5. Performance of the best TVC PLS-R modellbped using VIS-SWNIR (445 - 970 nm) and NIR7(93.664 nm) HSI data from
beefLD samples stored at (i)°€, (i) 10°C and (iii) either £C or 10°C using the optimum band selection method andMlL and HL data

fusion

Pre-treatment

. # # Calibration Cross validation Prediction
Regression model
1t 2 Bands LV RMSEc RPDc R°c RMSEcv RPDcv Rcv RMSEp RPDp R
4°C
VIS-SWNIR EMCVS log(1/R) SNV SD 6 5 0.88 283 0.88 1.03 2.42 0.83 1.17 1.88 0.83
NIR EMCVS log(1/R) SD AslLs 17 7 0.50 471 0.95 0.70 3.37 0.91 0.81 3.09 0.95
LL VIP R SD LD 22 8 0.76 3.28 0.91 1.09 2.30 0.81 1.16 190 0.88
ML 11 0.50 466 0.95 0.92 2.55 0.85 0.80 241 0.93
HL 0.83 2.82 0.87 0.91 2.58 0.85 0.58 4.13 0.96
10°C
VIS-SWNIR EMCVS R SD MS 46 6 0.47 4.60 0.95 0.69 3.16 0.90 0.96 3.32 0.94
NIR EMCVS log(1/R) SNV 19 9 0.44 493 0.96 0.67 3.22 0.90 1.15 2.23 0.87
LL EMCVS log(1/R) None 11 6 0.46 466 0.95 0.58 3.71 0.93 0.94 3.03 094
ML 6 0.47 464 095 0.75 289 088 1.17 217 084
HL 0.36 6.07 0.97 0.51 4.30 0.95 0.97 3.28 0.94
4°Cand 10°C
VIS-SWNIR EMCVS R SNV SD 8 4 0.94 248 0.84 1.05 2.22 0.80 0.95 2.10 0.85
NIR EMCVS R SNV SD 96 6 1.04 2.24 0.80 1.18 1.98 0.74 1.15 1.75 0.77
LL EMCVS R SD LD 35 4 0.96 245 0.83 1.12 2.08 0.77 0.87 2.27 0.88
ML 5 0.79 296 0.89 0.93 2.51 0.84 1.32 1.49 0.74
HL 0.84 2.79 0.88 0.94 2.47 0.84 0.89 2.27 0.86

EMCVS, ensemble Monte Carlo variable selection;,Wi&iable importance projection ; SD, second denwe; SNV, standard normal variate;
AsLs, asymmetric least squares; LD, linear detrevi®, medium scaled: #Bands, wavelengths used fateindevelopment; #LVs, latent
variables. The best model for each storage temperat highlighted in bold.
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Fig. 1. Log (1/R) NIR pre-treated (SD+AsLs) speaifdbeefLD samples stored at 4 °C for
selected storage times. Bands selected by the EM@&8od to predict TVC of samples are
highlighted in blue.
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Fig. 2. Reflectance VIS-SWNIR pre-treated (SD+Mpgctra of beef.D samples stored at
10 °C for selected storage times. Bands selectetidofxMCVS method to predict TVC of
samples are highlighted in blue.
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Microbia quality of beef stored under normal or abuse conditions can be predicted
Spectral pre-treatments, band selection and data fusion methods are key for robust
model development

Hyperspectral imaging and chemometrics have potential for real-time monitoring of
microbial quality
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