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Abstract

Beef jerky samples immersed in brine or water, bot* wi h and without ultrasound treatment
were dried at 60 °C for 30, 60, 90, 120, 150, 15y, 210 and 240 min. Drying behaviour was
evaluated using ten drying kinetic modelc anu hyperspectral imaging. All samples reached
water activity values (Aw) < 0.85 during the first 90 min of drying. Moisture content (MC) of
beef jerky was predicted using near :n-.ared hyperspectral imaging and chemometrics. Partial
least squares regression, band sx'ectiun and spectral pre-treatments were applied to develop
MC prediction models using uoet jerky spectra. Most of the MC prediction models developed
in this work had RPD v lues > 4, indicating their suitability for process control applications.
The best performing MC prediction models for the non-ultrasound and ultrasound treated
samples were developed using the ensemble Monte Carlo variable selection (EMCVS) on
second derivative of log(1/R) spectra and EMCVS-selectivity ratio on linear detrended log
(1/R) spectra, respectively. This study demonstrated the potential of NIR-HSI and

chemometrics as a PAT tool for drying of beef jerky.

Key words: PAT, Near Infrared Hyperspectral imaging, Chemometrics, Jerky, Drying,

Ultrasound, Beef, Brining.



1. Introduction

The process analytical technology (PAT) framework is defined as a mechanism to design,
analyse and control manufacturing processes through the measurement of critical process
parameters (CPPs) which affect critical quality attributes (CQAs) of raw and in-process
materials and processes (Cullen, O'Donnell, & Fagan, 2014; Food and Drug Administration,
2004). PAT tools provide real-time information, facilitating manufacture of products with
consistent quality and reduced waste, while lowering prceedsing costs. PAT is widely
employed in the pharmaceutical and chemical industries (Cullen, et al., 2014). However,
there is a need to validate PAT tools for food indvsiy cpplications to facilitate increased
adoption of PAT in food manufacture.

Drying is a common and longstanding mett.oa 7 food preservation. Prediction of drying
kinetics under different conditions may e employed to optimize the drying process which
influences the quality of the dried fou? (Andueza, Agabriel, Constant, Lucas, & Martin,
2013; Luckose, Pandey, & Harilw, 2¢17). Modelling of the drying process is important for
equipment design, process optn.rization and product quality improvement (Zhao, Downey, &
O’Donnell, 2014).

Jerky is a dried salted 1,.2at product with low water activity and a high protein to moisture
ratio. Salt addition contributes to the preservation, characteristic taste and texture of jerky
products. Various thin layer kinetic models have been investigated for drying of meat and
meat products (Luckose, et al., 2017). Moisture content is the main factor influencing
quality, safety and shelf life of the meat-based jerky products. Traditional methods for
moisture content determination are time consuming, and not suitable for online monitoring of
the drying process. Therefore, the development of a non-destructive rapid technology to

monitor the drying process would facilitate the adoption of a process analytical technology



approach in jerky manufacture. (Achata, Esquerre, O'Donnell, & Gowen, 2015; Andersen,

Frydenvang, Henckel, & Rinnan, 2016).

Ultrasound (US) technology has the potential to enhance drying processes by reducing the
drying time and energy consumption (Corréa, Rasia, Mulet, & Carcel, 2017; Nian, Zhao,
O'Donnell, Downey, Kerry, & Allen, 2017; Zhao, Downey, & O’Donnell, 2015). US has
been reported to improve drying of fruits and vegetables (Corréa, et al., 2017; Kowalski &
Rybicki, 2017; Kroehnke, Szadzinska, Stasiak, Radziejewska-"{nbzdela, Bieganska-Marecik,

& Musielak, 2018; Magalhdes, et al., 2017; Rojas & Augusto 20.8; Tao, et al., 2018).

However limited studies have been reported on the iry.ng of meat products in combination
with US treatment (K. S. Ojha, Granato, Rajuria, Barba, Kerry, & Tiwari, 2018; S. K. Ojha,
Kerry, & Tiwari, 2017). US can intensify mas: transport phenomena in solid — liquid systems
(Spellman, McEvoy, O’Cuinn, & FitzGer..'d, 2003). Application of US has been studied for
brining of pork meat at different "!~C, concentrations (Kuehler & Stine, 1974), and to
improve the diffusion of NaCl in p~rk meat using different brining treatments (Sir6, Ven,
Balla, Jonas, Zeke, & Friedrich, 2709).

Near infrared hyperspecaan imaging (NIR-HSI) is a rapid non-destructive technology that
does not require sample ) reparation, and is a suitable process analytical technology tool for
on/at-line control and monitoring of food processes (Huang, Yu, Xu, & Ying, 2008;
Karunathilaka, Yakes, He, Chung, & Mossoba, 2018; Lieske & Konrad, 1996). NIR
spectroscopy is well suited to moisture content determination because of strong water
absorption bands in the NIR spectrum. Hyperspectral imaging (HSI) provides both spatial
and spectral information of samples by combining imaging and spectroscopic tools.
Chemometric methods are employed for the extraction of chemical information from

hyperspectral images or hypercubes and to develop prediction maps for quality attributes.



Hyperspectral imaging has been investigated for the control of drying of banana slices
(Slattery & Fitzgerald, 1998), mango slices (Kumar & Barth, 2010) and potato slices (Cadet,
Pin, Rouch, Robert, & Baret, 1995). However the use of HSI to monitor the drying process of
beef jerky has not been reported.

Chemometric tools used for hyperspectral imaging data analysis include principal component
analysis (PCA), which is frequently employed as an exploratory tool and for dimensionality
reduction (Burger & Gowen, 2011). Calibration techniques such as partial least squares
regression (PLS-R) are routinely employed in hyperspectral i=ay.ng analysis for prediction
of unknown concentrations and generation of prediction riap. to estimate spatial distribution
of components in a sample (A. Gowen, Burger, Es"ie,ve, Downey, & O'Donnell, 2014).
Band selection methods have been demonstrated to irapi 2ve the performance of hyperspectral
imaging models and to reduce the proce.si o times required by selecting the most
informative spectral bands (Achata, Inguli?, Esquerre, Tiwari, & O'Donnell, 2019) and have
been studied for the early detection o, hruise damage in mushrooms (C. Esquerre, Gowen,
Downey, & O'Donnell, 2011), vizhil.® and vigour in muskmelon seeds (Karmali, Karmali,
Teixeira, & Curto, 2004) fat >nd moisture content in ground beef (Schindler, Le Thanh,
Lendl, & Kellner, 1998). imic*r.al damage in cucumbers and whole pickles (Resa & Buckin,
2011), evaluation of ~ixing quality of food powders (Achata, Esquerre, Gowen, &
O'Donnell, 2018) and the assessment of the brining process for pork meat (Achata, et al.,
2019). Spectral pre-treatments can be used to correct for the effects of natural variability in
the shape and size of samples, light scattering and differences in the effective path length in
NIR spectra, which can cause difficulties in the application of HSI for quality assessment (C.
Esquerre, Gowen, Burger, Downey, & O'Donnell, 2012). Prediction models with RPD values
> 3.5 are considered very good for process control applications of materials which have

complex physical characteristics (Williams, 2014) such as meat samples.



The aim of this study was to investigate the development of NIR-HSI and chemometrics as a

process analytical technology for drying of beef jerky.

2. Materials and methods

2.1. Sample preparation

Six fresh eye of round beef cuts (M. Semitendinosus) w.*e purchased from local
supermarkets. Beef cuts’ batch codes were checked to er..=¢ wnat each eye of round came
from a different batch code. Fat and external connective .'ssue was removed from each eye of
round cut and stored at -18 °C. Prior to analysis san.,(es were maintained at 4 °C for 16
hours, sliced into 3 mm thick slices and trimme ' te obtain uniform samples of ca. 75 mm x

65 mm x 3 mm. Two eye of round cuts v ere Jused per replicate.

2.2. Sample treatments

Four experimental treatments (v.~ter immersed (W1), brined (B), ultrasound treated and water
immersed (US-WI), ultrasetinu treated and brined (US-B)) were carried out for 1 h at room
temperature in 10 % Nac! (w/w) brine or distilled water. After immersion samples were blot
dried. Control samples were not immersed in either water or brine. 5 groups of 26 slices were
obtained (n = 130) from two eye of round cuts. Each group was assigned as control, WI, B,
US-WI or US-B samples. From each group of 26 slices, 24 slices were used for drying
studies and 2 slices were used for moisture content determination. The 24 slices for drying
studies were divided into 8 groups of 3 slices. Samples from each group were weighed and
hyperspectral images acquired before and after drying for selected periods. Three replicates

of each treatment were carried out giving a total of 360 samples (5 (4 treatments and control)



X 24 (8 drying times x 3 samples/drying time) x 3 replicates). Ultrasonic treatments at an
ultrasonic power of 100 W and frequency of 25 kHz were carried out using an ultrasonic bath
(Ultrasonic TI-H-5; Elma Schmidbauer GmbH, Germany) maintained at 25°C using a
temperature-controlled water jacket. A plastic container with 900 g of water or brine and 26
samples (24 for drying and 2 for moisture content determination) was positioned at the centre

of the ultrasonic bath for 1 h treatment times.

2.3. Drying of beef jerky

Control and treated samples were dried at 60 °C for 3C. 60, 90, 120, 150, 180, 210 and 240
min in a hot air-drying oven (3926TW, Excalibur, c~cramento, Ca. USA). At each drying
time, a group of 3 samples was removed from t e oven and cooled to room temperature prior

to hyperspectral imaging and water loss ' ztey mination.

2.4. Moisture content determinction

Initial moisture content of control and treated samples was determined in duplicate using the

standard AOAC refe.e. e .7iethod 950.46. (Altas, Kudryashov, & Buckin, 2016).

2.5. Modelling of drying Kinetics

Ten thin layer kinetic models were evaluated to find the most suitable one to describe the
drying kinetics of the beef jerky samples (Appendix 1). The moisture ratio (MR) was
calculated as (M-Me)/(Mo-Me), where M is the moisture content of the sample, Me is the
equilibrium moisture content (considered as 0) and Mo is the initial moisture content.

Moisture content was expressed on a dry basis (kg of water/kg of dry matter). The best fitting



model was selected by comparing the correlation coefficient (R?), reduced chi-square (%, Eq.
(1)), root mean square error (RMSE (Eg. 2)) and the Akaike information criterion (AlCc, Eq.

(3)) of the fitted models.

2
XZ = [Z?Ll(MRexp,i - MRpre,i) ] - [N - n] (1)
2
RMSE = \/% SN (MRyye; — MRyp) @)
AlCc = 2n — 2loge (L(6"|y))+2n(n+ 1N —n—1) 3)

where, N is the number of observations, n is the number of ~0i.2tunts in the model, MR, ; is
the ith predicted moisture ratio value and MR, ; is the *h experimental moisture ratio value

(Jones, Upson, Haugland, Panchuk-Voloshina, Zhou, & Haugland, 1997; Vega-Galvez,

Puente-Diaz, Lemus-Mondaca, Miranda, & Tcri ~s, 7.014).

2.6. Near infrared hyperspectral i'n-.¢cing (NIR-HSI)

Hyperspectral images of fresh a4 di.ed samples were acquired at room temperature using a
line scanning NIR-HSI systen: ‘D v Optics, Padova, Italy) in reflectance mode (spectral range
of 880 — 1720 nm, spect al re solution of 7 nm and spatial resolution 0.3 x 0.3 mm pixel size).
Image acquisition and ca'.bration procedure was performed as reported by Achata, Esquerre,
O'Donnell, & Gowen, 2015. HSI data were saved in ENVI formatted files and imported into

Matlab (The MathWorks Inc., Natick, MA, USA) for further chemometric analysis.

2.7. Hyperspectral imaging data analysis
Hyperspectral data pre-processing and analysis was performed using in-house developed
functions and scripts. The following spectral pre-processing was performed prior to

calculation of sample mean spectra:



— Spectra were trimmed to a spectral range of 957 - 1664 nm to remove noise effects at
both ends of the spectra.

— Dead pixels and spikes were replaced by the mean values of adjacent bands in the same
spectrum.

— The background was removed using a mask, which was created by the difference
between bands 1300 and 1510 nm > 0.1.

— Hypercubes were unfolded by rearranging the three-dimensional hypercubes (X, Y, 1)
into a two-dimensional matrix (X * Y, 1) to facilitate algrrnum development.

—  The mean reflectance spectrum from each jerky sl e v/as obtained by averaging the
spectral signals of all remaining pixels.

— Mean reflectance spectra was smoothed usin? wne Savitzky-Golay (SG) 5 points second
order polynomial method. Smoothed mecn retlectance spectra were used for subsequent
chemometric analysis.

PCA was carried out to investigate the .2lationships between experimental treatments and

spectral data, and to identify pot:nu2! outliers using the Hoteling T? statistic. A sample was

considered as an outlier if tho 17 value was > Tyt = AXF(0s.an - AX(N-1)/(n-A), where A is
the number of significan’. co mponents, n is the number of spectra in the dataset and F.osan -

a) is the F statistic (with = 0.05, A and n — A degrees of freedom). Regression models for

moisture content prediction of non-ultrasound (non-US) (control, WI and B) and ultrasound

(US-WI and US-B) treated samples were developed separately based on PCA exploratory

analysis (not shown). Spectral data from 2 replicates were assigned to calibration sets to

construct the regression models (144 non-US (48 control + 48 WI + 48 B) and 96 US (48 US-

WI + 48 US-B) treated samples). Data from the third replicate was used to build the

validation sets to test the models (72 non-US (24 control +24 W1 +24 B) and 48 US (24 US-

W1 +24 US- B) treated samples.



PLS-R models were evaluated using the full spectral range with and without pre-treatments,
and selected bands. A range of spectral pre-treatments and combinations of any two of them
(FD, first derivative; LD, linear detrend; SD, second derivative; TD, third derivative; SNV,
Standard normal variate; AsLs, asymmetric least squares; MS, median scaled) were
evaluated. The regression models were developed using both reflectance (R) and pseudo
absorbance (log(1/R)) spectra.

Band selection methods based on PLS were evaluated in pre-treated spectra. Variable
importance in projection (VIP) (Chong & Jun, 2005; Mur~ra, Amigo, Blasco, Cubero,
Talens, & Aleixos, 2017), selectivity ratio (SR) (Rajal«nu. Arneberg, Kroksveen, Berle,
Myhr, & Kvalheim, 2009), ensemble Monte Carlo v2riale selection (EMCVS) (Achata, et
al., 2018; C. A. Esquerre, Gowen, O'Gorman, Dowr.ey, & O'Donnell, 2017) were evaluated
and compared with the use of VIP and SR veiucs *astead of regression coefficient vector in
an ensemble of Monte Carlo procedure. (EVMCVS-VIP, EMCVS-SR respectively) to select

the most informative bands.

The number of latent variables (_Vv, were selected by analysis of the root mean square error
of ten-fold cross-validation (M"MZ%cy) and roughness of the regression vector (A. A. Gowen,
Downey, Esquerre, & CsLonnell, 2011). The performance of the regression models was
assessed using the root m 2an square error (RMSE), the coefficient of determination (R?) and
the ratio of standard error of prediction to standard deviation (RPD) for calibration, full cross-
validation, and prediction sets.

PLS method is described by Eq. (4) where ¥ is the estimated value using the model, X is the
mean centred matrix of predictors, where each row corresponds to a sample and each column
to a predictor, and g is the regression coefficient vector calculated for the number of latent

variables.



y=XB (4)

The VIP method is one of the most widely used variable selection methods based on PLS.
The VIP method asses the contribution of each variable according to the variance explained
by each PLS component (Hammami, et al., 2010).

The selectivity ratio compares the explained variance (SS;explained sr) With the residual
variance (SS;resiqualsr) Of each predictor variable, after the orthogonal variance to the
response has been removed by combining the PLS componer..s ntu a target-projected single

axis (direction of the maximum variability of response var ablc) (Rajalahti, et al., 2009).

Then the selectivity ratio is calculated as:

Xb

tyy = — 5
P bl ®)
X’ttp
= 6
Ppt tep/Tep (6)
2
SR. = SSiexplained SR/ (M—2) 4 ”ltpptp,i’” (n-3) (7)
i — T 2
¢ SSiresidualexplained SR/ (M—2) ”xi_ptp,ittp,i” (n—-2)

The EMCVS calcul-.~s (> mean of the standardised regression coefficients (EJ) for each
variable in an ensemble of K (K = 200 in this study) Monte Carlo procedures. For each
Monte Carlo procedure g were calculated N times using M randomly selected samples to

calculate the normalised regression coefficient (Cjk) as in Eq. (8).

.. Pjk

Cjk = S(Bjk) ®)
5 ijk
Bik = (Z,55) ©)

10



S Bjk) = (i, ZEE) (10)

Where Sjk and S(Sjk) are the mean and standard deviation of the regression coefficient of
the jth variable (j = 1,2,3,..,p) over N times (N = 200 for this study) of all PLS runs and
Bijk is the regression coefficient for the jth variable in the ith PLS model (i = 1...N) for the
kth Monte Carlo procedure (k = 1 ... K). EMCVS was applied iteratively until no more

variables were removed from the data set (C. A. Esquerre, et 2:., ?0.7).

The g was replaced by VIP and SR vectors in Eq. (¢f) 2 'zg. (10) for EMCVS-VIP and

EMCVS-SR methods.

A set of 100 evenly distributed thresholds betw 2rn ) and the maximum absolute VIP, SR or
C value was tested. Variables with valuer >11e uireshold were retained. In each case the PLS

model with the best performance was dentified.

3. Results and discussion

3.1. Drying of beef jerky

3.1.1. Moisture cor..>n. ~r.d drying Kinetics

The mean moisture conitent of the three replicates used for the kinetic models is listed in
Appendix 1. The moisture content (kg water/kg dry matter) during drying for all experimental
treatments is presented in Fig. 1a. A gradual reduction in moisture content is observed during
the first 90 min of drying, when free or loosely bound water is evaporated. Thereafter the
drying curves level off as more strongly bound water is removed. All samples exhibited
similar drying profiles. US-WI samples had the highest drying rate during the first 30 min of
drying. Fig. 1b shows the predicted moisture ratio (MR) profiles during drying time for all

experimental treatments. The goodness of fit of the 10 drying kinetic models evaluated are

11



presented in Appendix 2. The Newton model was the best fitting model for control, WI and
US-B samples, while the logarithmic and the Page model were the best fitting models for the
B and US-WI samples respectively. The MR of all samples decreased exponentially during
the first 90 min of drying indicating that the diffusion rate of beef jerky slices was high at the
start of the drying process for all samples. The remaining water after 90 min drying was
strongly bound to the jerky tissue matrix. The observed results are in accordance with results
reported in previous studies on the drying kinetics of cultured and uncultured beef jerky (S.
K. Ojha, et al., 2017) and on the drying of beef and chicken m2at csing ultrasound treatment

(Baslar, Kiligli, Toker, Sagdig, & Arici, 2014).

3.2. Spectral characteristics of the beef jerky

Fig. 2 presents mean log(1/R) smoothed spectra f Lamples at selected drying times for each
experimental treatment. For all experime 1tal treatments, characteristic water peaks at 978 and
1454 nm may be observed. These pruminent bands are due to a combination of symmetric
and antisymmetric O—H stretchine an ! Fending modes (Lin & Brown, 1992). The peak at 978
nm becomes less prominent du-ing Jrying and almost unnoticeable after 90 minutes of drying
for the control and non-US ‘W] and B) treated samples. For the US-WI samples, a similar
behaviour is observaoic arer 60 min of drying indicating that ultrasound treatment enhances
drying. Previous studies indicated that ultrasound pre-treatment can enhance drying rate in
cherry tomatoes (Fernandes, Rodrigues, Garcia-Pérez, & Carcel, 2016), carrots and lemon
peel (Garcia-Pérez, Carcel, Benedito, & Mulet, 2007). A large and broad absorbance peak at
1454 nm (Fig. 2) reduced during drying revealing an absorbance peak at around 1510 — 1517
nm which may be related to the N-H stretching first overtone linked to protein (Senesi, et al.,
2009). The 1510 — 1517 nm protein peak may be observed earlier in control, Wl and US-WI

samples during drying (drying time < 120 min) compared to B and US-B samples indicating

12



that brining reduces the drying rate by increasing the water holding capacity of the jerky
slices (Alarcon-Rojo, Carrillo-Lopez, Reyes-Villagrana, Huerta-Jiménez, & Garcia-Galicia,
2018). Absorbance peaks at 1888 - 1195 nm may be related to the C-H stretching second

overtone (Osborne, Fearn, & Hindle, 1993).

3.3. Regression models

Five samples identified as outliers using the T? statistic were removed from the data sets
before model development. EMCVS, SR, VIP, EMCVS-SR ar? Ei."CVS-VIP were evaluated
to develop MC prediction models for beef jerky samples (Control, WI, B, US-WI, US-B)).
The best performing models were selected from 50 Aev>loped models for each regression
method evaluated (section 2.6.2), using both reflertai.>e (R) and logarithmic transformed
spectra (log(1/R)). MC prediction models (Fi3. ) developed using spectral pre-treatments
for non-US (control, W1 and B) treated <ar.ples (Table 1) had RMSEp < 0.21 (kg water/kg
dry matter), RPDp values ranging from 4.1 to 6.6 and R% values between 0.94 and 0.98. The
best regression model was develerad '.ing 27 bands selected using the EMCVS on SD pre-
treated log(1/R) spectra (LV &, RMSEp 0.14 (kg water/kg dry matter), RPDp 6.6, R% 0.98).
The selected bands (in the sue*ial ranges of 985-999, 1041-1055, 1132 — 1181, 1216 — 1279,
1370 - 1398, 1405 - .61, 1510 - 1566, 1615 — 1643 nm) may relate to the 1% and 2"
overtone of O-H stretching, 1% and 2" overtone of C-H aromatic stretching, to the 2"
overtone of -CH2 and -CH3 groups of the protein water interaction, the 1%and 2" overtone of

C—H stretching and bending combination..

MC prediction models (Fig. 3b) developed using spectral pre-treatments for US (US-WI and
US-B) treated samples (Table 2) had RMSEp < 0.28 (kg water/kg dry matter), RPDp values
ranging from 3.3 to 4.8 and R?» values between 0.91 and 0.96. The best MC prediction model

for US treated samples was developed using 20 bands selected using the EMCVS-SR on the

13



LD pre-treated log (1/R) spectra (LV 6, RMSEp 0.21 (kg water/kg dry matter), RPDp 4.3, R%
0.95). The selected bands (in the spectral ranges of 1083, 1146 - 1195, 1202 — 1230, 1398,
1405 - 1440, 1559 — 1594 nm) and may be attributed to the 2" overtone of -CH2 and -CH3
groups of protein water interaction, to the 1% overtone of C—H stretching and bending
combination, the 1% overtone of -OH stretching and the 1% overtone of aromatic -CH
respectively. In general, all the developed models in Tables 1 and 2 performed well and
demonstrated the potential of NIR-HSI as a process analytical technology tool for process

control applications in the meat industry.

Table 1. Performance of the best PLS-R, EMCVS Sk, VIP, EMCVS-SR, EMCVS-VIP
moisture regression models developed for non-US (cutiol, WI, and B) treated samples. The

best performing model is highlighted in bold.

Pre-
. treatmen # Clibyation
Re,?,{fgi',m t # i(;lrelgtsed Cross validation Prediction
1t 20 ' RmM RP R® RMS RP R* RM RP R?
d V SEc _Dc ¢ Ecv Dcv _cv SEp Dp p
Reflectanc
e(R)
0. 0. 0.
PLS - - 102 9 019 47 9 0.21 44 95 021 43 95
0. 0. 0.
PLS MS FD 6 7 016 56 97 019 49 96 020 46 95
SN 0. 0. 0.
EMCVS V SD 10 5 018 50 96 019 48 96 021 44 95
0. 0. 0.
VIP MS FD 16 5 020 46 95 021 42 94 020 46 95
As 0. 0. 0.
SR MS Ls 46 6 016 55 97 018 50 96 019 4.7 96
EMCVS- As 0. 0. 0.
VIP MS Ls 65 8 015 6.1 97 017 53 96 0.17 52 96
EMCVS- 0. 0. 0.
SR MS FD 71 7 016 57 97 019 49 96 019 4.7 96
Log (1/R)
0. 0. 0.
PLS - - 102 8 018 50 96 020 45 95 022 41 9%
0. 0. 0.
PLS SD LD 96 8 013 6.7 98 016 56 97 0.16 56 97

14



0. 0. 0.
EMCVS SD - 27 8 012 73 98 014 66 98 014 65 98

SN 0. 0. 0.
VIP FD V 28 6 019 46 95 021 43 95 019 47 096

As 0. 0. 0.
SR MS Ls 20 6 017 53 97 018 49 96 018 50 096
EMCVS- 0. 0. 0.
VIP Sb - 93 8 013 68 98 015 59 97 016 59 97
EMCVS- As 0. 0. 0.
SR Ls SD 71 8 014 66 98 016 57 97 017 55 97

The calibration data set comprised samples from replicates 1 & 2 (n = 162 (18 (before drying) + 144
(during drying)).

The validation data set comprised samples from replicate 3 (n = 81 (9 (before drying) +72 (during
drying)).

PLS, partial least square; EMCVS, ensemble Monte Carlo voriau!s selection; VIP, variable
importance projection; SR, selectivity ratio; MS, median scaled FD first derivative; SD, second
derivative; SNV, standard normal variate; AsLs, asymmetri. .~asu squares; LD, linear detrend;
#Bands, wavelengths used for model development; #LVs, laten. var'ables. The best model for non-US
treated samples is highlighted in bold.

Table 2. Performance of the best PLS-R, EMCVS, <Rk, VIP, EMCVS-SR, EMCVS-VIP
moisture regression models developed for the 1,5 (1JS-WI, US-B) treated samples. The best

performing model is highlighted in bold.

Pre- Cross
treatme # Calibration o Prediction
. # validation
Regressio nt Selected
nModel g DA L AM RP R glz\ﬂ gz R RM RP R
t v SEc Dc “c v y o SEp Dp %
Reflectan
ce (R)
0. 0.
9 0. 9
PLS - - a2 5 025 37 3 028 33 91 028 33 1
0. 0.
S As 9 0. 9
PLS D Ls 96 5 020 46 5 022 42 94 021 46 5
0. 0.
As SN 9 0. 9
EMCVS Ls V 10 6 021 46 5 023 42 94 019 48 6
0. 0.
F SN 9 0. 9
VIP D V 5 4 022 44 5 023 41 94 021 43 5
0. 0.
T As 9 0. 9
SR D Ls 21 3 021 44 5 023 42 94 022 43 5
S 0. 0.
EMCVS- N 9 0. 9
VIP Vv - 80 7 020 47 5 023 41 94 021 45 5
EMCVS- M 0. 0. 0.
SR S LD 22 6 023 42 9 025 39 93 021 43 9

=
(2}



Log (1/R)
0. 0.
9 0. 9
PLS - - 102 6 021 46 5 024 39 93 024 40 4
0. 0.
L 9 0. 9
PLS D FD 96 6 0.18 53 6 020 48 96 021 45 5
0. 0.
As 9 0. 9
EMCVS Ls - 22 5 018 52 6 020 48 96 023 40 4
0. 0.
M 9 0. 9
VIP S TD 16 5 019 49 6 02. 44 95 023 41 4
0. 0.
M 9 0. 9
SR S TD 46 4 018 52 6 S 47 95 023 40 4
0. 0.
EMCVS- As 9 0. 9
VIP Ls - 52 7 0.17 55 ~ 020 4.7 95 021 43 5
0. 0.
EMCVS- L J 0. 9
SR D - 20 6 018 £2 5 020 47 95 021 43 5

The calibration data set comprised samples from rcphaies 1 & 2 (n = 104 (8 (before drying) + 96
(during drying)).

The validation data set comprised samples fron. veplicate 3 (n = 53 (5 (before drying) + 48 (during
drying)).

PLS, partial least square; EMCVS, eas..nble Monte Carlo variable selection; VIP, variable
importance projection; SR, selectiv.., ra..0; MS, median scaled; FD, first derivative; SD, second
derivative; TD, third derivative, SN /. standard normal variate; AsLs, asymmetric least squares; LD,
linear detrend; #Bands, waveleny*hs used for model development; #LVs, latent variables. The best
model for US treated samples is 1.."ighted in bold.

3.3.1. Moisture cor.. n. ~rediction maps

The best performing regression models for non-US (control, W1 and B) and US (US-WI and
US-B) treated samples were used to develop moisture content (kg water/kg dry matter)
prediction maps shown in Fig. 4. Prediction maps were obtained by multiplying the
regression coefficient vector of the selected MC prediction model by each pre-treated pixel
spectrum in the region of interest (ROI) of each hypercube. It can observe that US-WI
samples lost water faster than W1 samples during the first 30 min of drying. It can also be

observed that the drying profiles of both, B and US-B samples were similar.
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4. Conclusions

The potential of NIR-HSI as a process analytical technology tool for the prediction of
moisture content during the drying process of beef jerky with and without US treatment and
whether brined or not was demonstrated in this study. Ultrasound treatment accelerated the
drying of water immersed beef jerky but was not shown to enhance the drying of brined

samples due to salt-protein-water interaction.

The majority of the moisture content prediction models de *elcped in this work had RPD
values > 4, indicating their suitability for process con ro. cpplications. The application of
spectral pre-treatments and band selection methods ‘mp.oved the performance of moisture
content prediction models developed. The band se’ection methods selected key spectral bands
from smoothed log (1/R) spectra. Thr w25t moisture content prediction models were
developed using EMCVS band selection n.2thod on SD pre-treated log (1/R) spectra and
EMCVS-SR on LD pre-treated I "*/R) spectra, respectively. Additional studies are

recommended to validate the finungs of this research prior to industry adoption.
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Appendix 1. Moisture content (kg water/kg dry matter) oi heef jerky samples.

) Control Wi F, US-wi us-B
T|r-ne Avera SDe Avera SDe Avcra SDe Avera SDe Avera S.De
(min) ge V. ge V. Y2 V. ge V. ge V.

0 276 007 297 015 292 017 310 008 288 0.14

30 135 013 175 029 164 033 119 036 177 031

60 068 014 114 039 093 012 073 031 097 024

90 025 0.02 0bc 017 053 0214 024 004 057 0.10

120 014 008 3. 009 034 003 020 006 041 0.08
150 010 0.0 <¢19 009 026 001 012 007 032 005
180 008 wuv™% 015 010 019 006 010 006 024 0.02
210 0.10 L+ 011 002 016 0.07 010 006 012 0.05
240 011 0.03 009 003 009 007 011 004 0.08 0.04

B; brined samples

WI; water immersed samples

US-B; brined samples with ultrasound treatment

US-WI; water immersed samples with ultrasound treatment

Appendix 2. Thin layer drying models investigated.

Model Param CoRro i B Lo USB

Newton (Luckose, et al., 2017) RMSE 0.019 0.015 0.02 0.031 0.021
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4.09x1 253x1 4.29x1 1.10x1 4.92x1
MR = exp(-kt) XZ 04 04 04 03 03
AICC 411166 48486 43720 35204 42502

Dif 1274.6
AlCE 1 1 g1 20539 1
R? 0.996 0998 0.996 0.989 0.995
K 3.99x1 2.89x1 3.06x1 4.59x1 2.79x1
0* 0* 0* 0* 0*
Page (Luckose, et al., 2017) RMSE 0.019 0.015 0.013 0.019 0.019
4.66x1 2.79x1 2.23x1 4.89x1 4.61x1
MR = exp(-ktn) Xz 04 04 04 O4 O4
AlCe 41.756 463,02 839 41.338 41.852

Dif o ans 123.93
AlCc 3.336 875 c 1 1384
R? 0.99% (.998 0.998 0.996 0.996
K 9.91x. 1.02x1 8.87x1 7.52x1 9.34x1
0! ° 0t 0t 0t
n el 1.022 0.887 0752 0.934
2"'091”;;”50” and Pabis (Luckose, etal.,  pyi-c 9919 0015 0019 0031 0.021
4.67x1 2.89x1 4.75x1 1.23x1 5.60x1
MR=aexp(—kt) AZ 04 04 04 03 O4
QlCc 41.737 46.073 41.587 33.054 -40.11

Dif 3718.8
AICe 3.368  3.342 ~g 62953 3.306
R? 0.996 0998 0.996 0.989 0.995
K 3.99x1 2.89x1 3.03x1 453x1 2.78x1
o* o* o* 0* 0*
a 1 1.002 0.99 0987 0.996
Logarithmic (Luckose, e* l., 2017) RMSE 0.014 0015 0.006 0.021 0.016
3.03x1 3.32x1 5.85x1 6.43x1 3.64x1
MR:aexp(-kt)+c Xz 04 04 05 04 04
AlCe 43.219 42.405 58.029 36.448 41.576

Dif

AICe 1.605 20.909 1 11535 1.589
R? 0.998  0.998 1 0995 0.997
K 426x1 2.92x1 3.41x1 5.12x1 3.06x1
0 -4 0-4 0 -4 0-4 0 -4
a 0.984 0999 0.965 096 0.976
c 0.02 0.004 0.035 0.034 0.03
Two term (Luckose, et al., 2017) RMSE 0.01 0.015 0.006 0.02 0.015
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MR = a exp(-kot) + b exp(-k1t) % Lo, A0 oI T A
AICC o638 35073 52755 30.783 35.686
Dif 817.66 195.93
AlCE 2.146 , 13974 5 30.199
R? 0.999  0.998 1 0996 0.998
K 4.06x1 2.89x1 353x1 1.19x1 7.20x1
0* 0* 0* 0* 0°
K2 2 88><1 2. 89;%1 4, 488% 5. 833%1 3. 233%1
O -4
a 1.002 0501 0.937 0.126 0.084
b 0.001 (501 0.065 0871 0.923
%3’3‘)9 and Singh (Togrul & Pehlivan,  pyee 0077 cn6 0064 0097  0.06
MR = 1+ at + bt v 7.61:% 2. 0313 5. 268% 1. 21312 4. 693%
N L -
AlCe Z 19.149 13.142 5.625 14.183
Dif 2.86xy 2.35x1 559x1 5.69x1 1.41x1
AlCc o’ 0° 0° o’ 0°
R? 0938 0979 095 0.896 0.961
a 0.88 0.93 0903 0.836 0.918
b 1. 84><1 1. 71><1 1. 67><1 1. 77x1 1. 63><1
o* o* o* 0* 0*
Simplified Fick’s diffusion equati-n
(Luckose, et al., 2017) RMSE 0.019 0015 0.019 0.031 0.021
4.67x1 2.89x1 4.75x1 1.23x1 1
MR =a EXp(-C(ULZ)) Xz 6 34 893 4 53 4 3; 3 > 60; 4
AlCe 40.737 45.073 40.587 32.054 -30.11
Dif 6131.3 103.79
AlCc 5.552  5.509 9 , 5451
R? 0.996 0998 0.996 0.989 0.995
8.98x1 6.51x1 6.82x1 1.02x1 6.27x1
K 0—10 O—lO 0—10 0—10 0—10
a 1 1.002 0.99 0987 0.996
Modified Page (Luckose, et al., 2017) RMSE 0.187 0.248 0.231 0.156 0.252
MR = exp(-k(t/L2)n) 2 0.045 0.079 0.069 0.031 0.082
AlCc 1.378 6.439 5156 -1.923 6.732
Dif 7.76x1 8.45x1 5.25x1 3.62x1 4.91x1
AlCc 0° ot o 08 010
R? 0.634 0374 0422 0732 0.325
6.00x1 6.00x1 6.00x1 6.00x1 6.00x1
K 0° 0 0° 0° 0°
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Modified Henderson and Pabis (Togrul,
et al., 2003)

MR = a exp(-kt) + b exp(-gt) + c exp(-ht)

RMSE 0.01 0.015 0.006 0.019 0.015
3.25x% 6.74x1 1.06x 1.04x 7.03x

0-4 0-4 0-4 0-3 0-4
AlCc -7.638 0927 755' 2.807 -0.686
Dif 8.55x1 5.37x1 5.57x1 3.85x1 1.20x1
AlCc o’ 0 0® 0° 0°
R? 0.999  0.998 1 0996 0.998
K 4.06x1 2.89x1 4.48x1 1.46x1 3.23x
0-4 0-4 0-5 06 0-4
a 0501 (.°34 0.065 0.173 0.462
b 0501 £.23% 0.463 0.639 0.46
c 0 J 0 0.001 0
g 0.001 .334 0474 0187 0.084
H prg1 289X 353x 179 721x
T 10% 10* 10* 107
Verma (Togrul, et al., 2003) RMSE 0.186  0.132 0.14 0.2 0.124
MR= a exp(—kt) + (1— a)exp(—gt) ,{ 5 213% 2 60;% 2'933% > 98;% 2 32;%
A CC 4104 -2.147 -1.075 5.346 -3.197
Dif 3.03x1 1.15x1 2.33x1 1.37x1 3.43x1
AlCc o (i 0% 00 0t
R? 0.637 0.823 0.788 056 0.836
K 6.00x1 6.00x1 6.00x1 6.00x1 6.00x1
0° 0° 0° 0° 0°
X 1.43x1 1.37x1 151x1 1.61x1 1.47x1
0° 0° 0° 0° 0°
6.00x1 6.00x1 6.00x1 6.00x1 6.00x1
g 08 0° 05 05 05

WI, water immersed saiples; B, brined samples; US-WI, water immersed samples with
ultrasound treatment; Us-B, brined samples with ultrasound treatment;; RMSE, root mean
square error of prediction; % reduced chi-square; AlCc, Akaike information criterion; R?,
correlation coefficient squared; K,a,b,c,g,h,n, constants; MR, moisture ratio; t, time; L2,
sample thickness.
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Figure 1: Drying kinet..s of beef jerky for all experimental treatments (a) moisture content

(kg water/kg dry matter) (b) predicted moisture ratio (MR).
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Figure 2: SG smoothed mean log (1/R) spectre o' beef jerky at selected drying times for all
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Figure 3: Moisture content (kg water/kg dry matter) prediction models developed using the
best regression models a) EMCVS on the SD pre-treated log(1/R) spectra, for control, WI and
B samples and b) EMCVS-SR on the LD pre-treated log(1/R) spectra for US-WI and US-B
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samples. RMSEp, root mean square error of prediction; R%, coefficient of determination;
RPDp, residual prediction deviation.
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Figure 4: Moisture content (kg water;," 1 dry matter) prediction maps developed using the
best regression models (EMCVS or the SD pre-treated log(1/R) spectra) for control, WI and
B samples and EMCVS-SR on th2 ' L ure-treated log(1/R) spectra for US-WI and US-B. The
colour scale for moisture conte.t (kg water/kg dry matter) varies from 1 (blue) for low
moisture samples to 3 (burgunu A for high moisture samples.

Highlights

Application of NIR hyperspectral imaging to predict beef jerky moisture content.

Band selection and spectral pre-treatments improved moisture prediction models.

Effect of ultrasound on drying kinetics of beef jerky demonstrated.

Hyperspectral imaging is suitable for process control of beef jerky processing.
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