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Bacillus sporothermodurans produces highly heat-resistant endospores, that can survive under ultra-high temper-
ature. High heat-resistant sporeforming bacteria are one of the main causes for spoilage and safety of low-acid
foods. They can be used as indicators or surrogates to establish the minimum requirements for heat processes,
but it is necessary to understand their thermal inactivation kinetics. The aim of the present work was to study
the inactivation kinetics under both static and dynamic conditions in a vegetable soup. Ordinary least squares
one-step regression and sequential procedures were applied for estimating these parameters. Results showed
thatmultiple dynamic heating profiles, when analyzed simultaneously, can be used to accurately estimate the ki-
netic parameters while significantly reducing estimation errors and data collection.
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1. Introduction

The safety of shelf-stable food products, such as vegetable soups, de-
pends on the processes applied to inactivate heat resistant spores. The
application of heat is both an important method of preserving foods
and a means of developing texture, flavour and colour of products.
However, thermal treatments are not always sufficient to inactivate all
bacterial spores, especially those that are highly heat resistant and
non-pathogenic (Hornstra, Ter Beek, Smelt, Kallemeijn, & Brul, 2009).
Thermal inactivation of bacterial spores has been the topic of many
studies due to their high heat resistance. Bacillus sporothermodurans
can produce highly heat-resistant spores (HRS) that may survive UHT
treatment (135 to 142 °C for a few seconds) (Hammer, Lembke,
Suhren, & Heeschen, 1995; Pettersson, Lembke, Hammer,
Stackebrandt, & Priest, 1996). B. sporothermodurans spores have been
found to resist temperatures above 130 °C with D140 ranging from
attani),
idis@um.edu.mt
3.4–7.9 s and z-values ranging from 13.1–14.2 °C (Huemer, Klijn,
Vogelsang, & Langeveld, 1998).

An essential issue for food manufacturers is the effective application
of thermal treatments without damaging the desirable sensory and nu-
tritional qualities in a food product (Richardson, 2004). Therefore, the
need for ensuring the microbiological quality and safety of food prod-
ucts has stimulated interest in usingmathematical models for quantify-
ing and predicting microbial survival during thermal processing. It is a
traditional approach to estimatemicrobial model parameters under iso-
thermal conditions and they are then validated under dynamic realistic
conditions. For thermal processing, graphical integration is used to esti-
mate the survival of bacteria under dynamic conditions (Conesa,
Andreu, Fernández, Esnoz, & Palop, 2009). Recent reports have
highlighted that (inactivation)model equations and their associated pa-
rameter values obtained under static conditions (e.g., acid, thermal, etc)
cannot be used directly for predicting dynamic conditions (Janssen et
al., 2008; Valdramidis, Geeraerd, Bernaerts, & Van Impe, 2006). This re-
sult can be attributed either to the model structure properties (Janssen
et al., 2008), the induced stress resistance phenomena (Valdramidis,
Geeraerd, & Van Impe, 2007; Velliou et al., 2011), or the effect on the ac-
curacy and precision of the parameter estimates (Jewell, 2012;
Valdramidis, Geeraerd, Bernaerts, & Van Impe, 2008). A way to tackle
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these phenomena is by implementing approaches in which parameter
estimates are obtained under realistic dynamic environments, closer
to real processing conditions and, therefore, to the inactivation treat-
ment that the spores are exposed to (Chen, 2013; Dogan,
Weidendorfer, Mueller-Merbach, Lembke, & Hinrichs, 2009; Dolan,
Valdramidis, & Mishra, 2013; Dolan, Yang, & Trampel, 2007; Huang,
2013; Peleg, Normand, & Campanella, 2003; Valdramidis et al., 2008).
These nonlinear parameter studies, also known as inverse problems,
have been based on dynamic (simulated) data of specific temperature
profiles.

It is also important to highlight that inverse problems in quantitative
food microbiology may have a number of potential pitfalls, such as lack
of convergence, convergence to local minima, over-parameterization,
high correlation, leading to large parameter confidence intervals, and
poor sequential estimation as data are successively added (Dolan &
Mishra, 2012). Therefore, the objective of this study was to characterize
the microbial resistance of B. sporothermodurans spores in vegetable
soup under static and dynamic temperature conditions and apply pa-
rameter estimation techniques.

2. Materials and methods

2.1. Microorganism and spore crop preparation

Bacillus sporothermodurans IC4 (Unilever Netherlands Sourcing Unit
Oss) was isolated from an Indian curry soup and was able to survive
high heat treatments. In order to sporulate the microorganism, a
freeze-dried sample was rehydrated in Nutrient Broth (NBScharlau,
Barcelona, Spain) and incubated at 37 °C for 12-14 h under continuous
agitation. Once turbidity was evident, the culture was streaked to
check purity on Nutrient Agar (NA Scharlau). Plates containing Fortified
Nutrient Agar (FNA) (Mazas, Gonzalez, Lopez, Gonzalez, & Sarmiento,
1995) were used as sporulation media. A bacterial suspension was pre-
pared by flooding the NA plates, after incubated at 37 °C for 24 h, with
buffered peptone water. This suspension was collected with sterile pi-
pettes and used as inoculum. Plates containing the sporulation medium
were inoculatedwith 0.2mL of the suspension and allowed to dry under
aseptic conditions in a laminar-flow cabinet. The plates containing spor-
ulation media were then incubated at 37 °C for at least 4 days, until a
sporulation rate reaching at least 90% was accomplished. Spores were
harvested and then centrifuged three times (5000 g for 10 min, at 4 °
C). Spores of B. sporothermodurans were suspended in distilled water
and stored at−20 °C until further use.

2.2. Vegetable soup

A vegetable soup treated by ultra high temperature (UHT) process-
ing was purchased from a local supermarket. Ingredients were water,
onions, carrots, leek, celery, olive oil and salt. Nutritional information
(100 mL): energy, 9 kCal/40 kJ; protein content 0.5 g; carbohydrates
1.4 g; fat 0.2 g; NaCl 0.4 g. The final pH was 6.2.

2.3. Isothermal and non-isothermal heat treatment

All heat treatmentswere carried out in a thermoresistometerMastia
that can be programmed to perform isothermal and non-isothermal ex-
periments. In brief, the instrument consists on a stainless steel vessel of
400 mL volume which can be pressurized through a manometer. Tem-
perature control is performed with a PLC, by means of a PID (Propor-
tional Integral Derivative) controller. The vessel was filled with
350mL of the substrate, pressurized and then set to the treatment tem-
perature. Preliminary tests were performed in distilled water to verify
that the heat resistance of the strainwas similar to previously published
studies (data not shown). For isothermal treatments, the vessel was
filled with the vegetable soup as heating medium. The instrument was
sterilized with distilled water, cooled, emptied, and immediately filled
with vegetable soup and heated to the temperature of treatment. This
temperature was kept constant through all the experiment and, once
the heating temperature was stabilized at the set point, the B.
sporothermodurans spore suspension was injected (0.2 mL). The sam-
pleswere collected into sterile test tubes at preset time intervals, appro-
priately diluted, immediately plated, and incubated. Before sampling,
the contents of the sampling tube of the thermoresistometer were
discarded. The temperatures for isothermal treatments were 118, 121,
124, and 127 °C. Experiments were performed in triplicate for each
temperature.

For non-isothermal treatments the thermoresistometer was pro-
grammed to change in temperature according to selected temperature
profiles. The non-isothermal treatments for the vegetable soup were
run in a temperature range from 80 to 121 °C at a rate of 1.5 °C/min
and from 75 to 121 °C at a rate of 2.6 °C/min. These temperature profiles
were selected to simulate typical processing conditions used in the food
industry to process low acid soups. The number of survivors in each
sample was established by decimal serial dilutions in sterile peptone
water, and plated on Nutrient Agar. Plates were incubated at 37 °C for
48 h to determine the number of bacterial spores expressed as CFU/
mL. All experiments were performed in triplicate for each profile tested.

2.4. Model structure selection

A preliminary assessment of the isothermal data was performed
using GInaFiT (Geeraerd, Valdramidis, & Van Impe, 2005). The most
suitable primary model structure appeared to be the classical log-linear
first order inactivation model (refer to the results section).

d log10N tð Þ
dt

¼ −
1

Dref
10

T−Tref
z

� �
ð1Þ

Herein, log10N(t) represents the microbial cell density [log (CFU/
mL)], Dref is the decimal reduction time (min) and z the thermal resis-
tance constant (°C). In the case of the dynamic temperature profiles,
temperature T, which was recorded every 5 s, was plugged into Eq.
(1). Linear interpolation was performed for estimating temperatures
between the recorded values.

2.5. Scaled sensitivity coefficients

The plot of the scaled sensitivity coefficients Xʹ versus the indepen-
dent variable of time can be used to assess the degree of linear depen-
dence and to compare the maximum absolute value of each Xʹ to the
total change of the dependent variable. Therefore, the scaled sensitivity
coefficient for each parameterwas computed as follows for the dynamic
temperature profiles:

X0βι
¼ βι

∂logN tð Þ
∂βι

ð2Þ

where βiwas the ith parameter. The units of X′ are the same as those
for logN, and can be compared directly. The parameters with the largest
and most uncorrelated X′ will be easiest to estimate, and will have the
smallest relative errors (Beck & Arnold, 2007; Dolan & Mishra, 2013).

2.6. Parameter estimation

2.6.1. Ordinary least squares and estimation of reference temperature
Two different types of parameter identification approacheswere ap-

plied during the regression analysis of Eq. (1): (i) all isothermal data
were analyzed simultaneously, (ii) dynamic profiles were analyzed in-
dividually and (ii) all data of the two dynamic profileswere analyzed si-
multaneously. For these approaches, the ordinary Least Squares (OLS)
minimization in MATLAB (Version 2011a), lsqnonlin or nlinfit (nonlin-
ear regression routine in the statistical toolbox), and ode45 (Runge-



Table 1
Parameter estimates, standard errors, 95% confidence intervals and statistical indices of
the performed parameter identification techniques.

All static data

Parameters Estimates SE Rel.
error

95%
CI

95%
CI

D122.6 °C (min) 3.63 0.147 4.05% 3.34 3.92
z (°C) 9.20 0.465 5.05% 8.28 10.13
log10N(0)1 (log10(cfu/mL)) 4.59 0.093 2.03% 4.41 4.77
log10N(0)2 (log10(cfu/mL)) 4.82 0.081 1.67% 4.66 4.98
log10N(0)3 (log10(cfu/mL)) 4.63 0.074 1.60% 4.48 4.78
log10N(0)4 (log10(cfu/mL)) 4.50 0.094 2.08% 4.32 4.69
D121 °C (min, converted from Dr) 5.42 4.98 5.86
SSE, MSE, RMSE = 12.62, 0.11,
0.333

Ramp 1
D120.2 °C (min) 6.03 0.2154 3.57% 5.55 6.41
z (°C) 16.1 2.9822 18.48% 10.13 22.16
log10N(0)1 (log10(cfu/mL)) 4.38 0.0547 1.25% 4.27 4.49
D121 °C (min, converted from Dr) 5.38 5.00 5.76
SSE, MSE, RMSE = 1.68, 0.04, 0.20
Ramp 2
D116 °C (min) 15.40 1.00 6.48% 13.38 17.43
z (°C) 21.6 6.77 31.34% 7.87 35.34
log10N(0)2 (log10(cfu/mL)) 4.46 0.09 1.94% 4.29 4.64
D121C (min, converted from Dr) 7.55 6.57 8.53
SSE, MSE, RMSE = 1.23, 0.034,
0.182

Ramp 1 and Ramp 2
D121 °C (min) 5.68 0.1604 2.82% 5.36 6.00
z (°C) 11.2 0.7552 6.77% 9.65 12.65
log10N(0)1 (log10(cfu/mL)) 4.29 0.0363 0.85% 4.21 4.36
log10N(0)2 (log10(cfu/mL)) 4.39 0.0545 1.24% 4.28 4.50
SSE, MSE, RMSE = 3.04, 0.038,
0.195

Fig. 1. Regression analysis of all the static data by the use of Eq. (1) at the following
temperatures: 118, 121, 124 and 127 °C.
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Kutta adaptive 4th- and 5th-order method) were used to estimate the
model parameters. Statistical analysis included the estimation of sum
of squared error (SSE), mean squared error (MSE), root mean squared
error (RMSE), estimation of the parameters standard error, relative
error (%), and the 95% confidence interval of the estimated parameters.

The best-fit parameter estimates (Dref , z, and all logN(0) parame-
ters) were those resulting fromminimizing the sum of squares of resid-
uals, where residual = logNobserved − logNpredicted, where logNobserved

are the data, and logNpredicted is computed from Eq. (1). Parameter as-
ymptotic errors were computed as the square root of the corresponding
diagonal of the var.-covariance matrix (cov(a), below) (Dolan, 2003;
van Boekel, 1996)

cov að Þ¼ XTX
� �−1

MSEð Þ ¼ σ2
Dr σDrz

σDrz σ2
z

� �
ð3Þ

where X is the sensitivitymatrix, an n x pmatrix (n is the number of
data; p is the number of parameters) of sensitivity coefficients, where
each column corresponds to one parameter, and the jth sensitivity coef-
ficient for the ith parameter = ∂Xj/∂βi, and j ranges from 1 to n, while i
ranges from 1 to p. MSE is the mean square error = (sum of squares)/
(n− p). The cov(a) matrix used in the present work hadmore columns
than the two shown in Eq. (3), because there were initial value param-
eters logN(0)1, logN(0)2, etc.

The structure of the Bigelow model requires the assignment of a fi-
nite reference temperature. Therefore, an optimum Trefwas determined
by analysing the correlation coefficient betweenDref and z versus Tref for
a number of arbitrary chosen values and interpolating where the corre-
lation coefficient ~0 (Dolan et al., 2013; Schwaab & Pinto, 2007). There
was a different optimum Tref for each data set because each set had dif-
ferent temperature profiles, i.e. one Tref for results for all static data com-
bined, another Tref for ramp 1 only, another Tref for ramp 2 only, and one
Tref for both ramp 1 and 2 combined. For comparison purposes, the Dref

values were converted to one common Tref, discussed in Results.

2.6.2. Sequential estimation
For non-isothermal data, a sequential estimation was applied in

which themodel for a given data set was assessed by howwell each pa-
rameter approaches a constant before the end of the experiment. Simi-
lar toDolan et al. (2013), this sequential procedurewasdevelopedusing
the matrix inversion lemma (Beck & Arnold, 1977) based on the Gauss
minimization method. To compare parameters to each other, the
value of the sequential parameter was normalized as follows: Normal-
ized sequential parameter = parameter value at time t/last value of pa-
rameter at end time.

3. Results and discussion

Heat resistance of B. sporothermodurans was characterized over a
wide range of temperatures (both for isothermal and non-isothermal
treatments) in the vegetable soup. The survival curves of B.
sporothermodurans IC4 were generated under isothermal and dynamic
conditions. The optimum reference temperature for the combined
ramp set was found to be 121 °C. The correlation coefficient between
Dref and z was−0.25. Although not equal to zero, this correlation coef-
ficient gave the lowest relative error (2.82%) forDref. This optimum tem-
perature = 121 °C was near the high end of the temperature range,
consistent with theory: “When D- and z-values are used and food tem-
perature is varying, the optimum value of reference temperature…is
close to the maximum temperature achieved by the food material.
Thus, the reference temperature selected should be very close to the
maximum process temperature” (Datta, 1993). The optimum Tref for
the other experiments is shown in Table 1, and is also near the high
end of their respective temperature ranges.

The isothermal results (Fig. 1) showed that due to the high resis-
tance of the spores, temperature as high as 127 °C was required with a
treatment time of 3min in order to achieve a 2.5-logmicrobial inactiva-
tion. At 121 °C, a treatment time of 15 min was required to reduce mi-
crobial populations by 3-log cycles. Table 1 and Fig. 1 show the results
of the regression analysis for the isothermal data. The application of a
one-step regression analysis of all the isothermal data prevents accu-
mulation of fitting errors (Valdramidis et al., 2005). The estimated pa-
rameter of the present work resulted in higher D121 values than those
obtained from distilled water in which B. sporothermodurans IC4 was
sporulated in mushroom soup agar at 121 °C (van Zuijlen et al., 2010).

Image of Fig. 1
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This is an expected result considering the protective effect of nutrients
that are present in the soup.

Based on the model structure selection of the isothermal data, re-
gression analysis was also performed for the non-isothermal data by
using the same model (Fig. 2, Fig. 3, Table 1). For comparison purposes,
the D values were converted to a common Tref =121 °C (Table 1). Only
D121°C for Ramp 2 (7.55 min) was significantly different (P b 0.05) from
D121 °C for the combined ramps (5.68min), as can be seen by inspection
of the 95% confidence intervals for theD121 °C. Specifically, the 95% CI for
Ramp 2 (6.56, 8.53) does not contain the D121 °C for the combined ramp
(5.68 min). The z-values obtained were slightly higher compared to
those published in the literature for this microorganism. They ranged
from 7 to 8.3 °C when suspended in distilled water (van Zuijlen et al.,
2010) and from 6.6 to 7.3 °C when suspended in McIlvaine buffer at
pH values of 7, 5 and 3 or courgette puree (Esteban, Huertas,
Fernández, & Palop, 2013).

Although the D121 °C value for the static data (5.42 min) was not sig-
nificantly different from that for the combined ramps (5.68min), the ac-
curacy of the latter was greater. The relative error for the D value was
30% smaller for the combined ramp (2.8 vs. 4%). The reverse was the
case for the z values: The z value for the isothermal test (9.2 °C) was
18% smaller than that for the combined ramp dynamic set (11.2 °C).
The relative errors for the z values were 25% smaller for the static test
(5.05%) than for the dynamic test (6.77%). Regarding the fit of the
model to the data, RMSE value for the dynamic data (0.195 logCFU/
mL) was 40% smaller than that for the static data (0.333 logCFU/mL)
In summary, the dynamic parameter results were more accurate for
the D value and RMSE; and not as accurate for the z value. Even though
the z value was less accurate for the dynamic results, the dynamic re-
sultswere obtained using fewer data (84 dynamic data versus 120 static
data), and running only 2 dynamic tests versus 4 static tests. Overall, the
dynamic data results were more accurate than those for the static data.

Initially, regression analysis of the dynamic data was performed for
each individual dynamic profile, i.e., ramp1, ramp2. Despite the high
fitting capacity of the model (ramp1 with RMSE = 0.20, ramp2 with
RMSE = 0.18), the parameter estimates had high relative errors and
the D121 and z values were significantly different between the two
ramps (5.38 vs. 7.55 min). The estimates of z for ramp1 and ramp2
were 16.1 and 21.6 °C, respectively. The estimate of z for the combined
ramps was 11.2 °C. The reason for this wide variation was that the error
for z for each ramp individually was too large (z1 and z2 errors were
18.5 and 31.3%, respectively). The errors were so large that the confi-
dence intervals contained the combined-ramp estimate of 11.2 °C
(Table 1).

The cause of the large errors in z is the difficulty in estimating the
temperature-sensitivity parameter (z) with only one dynamic experi-
ment A minimum of two dynamic experiments are required for
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Fig. 2. Regression analysis of data collected in ramp1 (A) for a temperature profile from80 to 12
cases. Temperature profile appears with an overlaid line.
accurate estimation of z. The reason for needing at least two dynamic
experiments is as follows: For only one dynamic experiment, the opti-
mum reference temperature Tref must be found to uncorrelate Dref and
z. However, after finding optimum Tref, the sensitivity coefficient (SSC)
for z is then typically too small for accurate estimation. Therefore, the
better solution is to combine two dynamic temperature experiments
and find the optimum Tref. For this combined case, at least one SSC for
z will be uncorrelated with the SSC for Dref (desirable) while the other
SSC for z will be large. The result will be a muchmore accurate estimate
for z.

In the present case, the SSC for z for ramp1 is small, but highly uncor-
related with SSC for Dref (Fig. 4). The SSC for z for ramp2 is also uncorre-
lated and is sufficiently large to allow z to be estimatedmore accurately.
Fig. 4 also shows that slower experiments allow more accurate estima-
tion of z, because the SSC for z is larger during the timesmost of the data
were being collected (time=20–50min). Referring to a previous study,
slower heating rates were also shown to give more accurate estimates
for inactivation of E. coli. K12 (Dolan et al., 2013). Regarding the accura-
cy of fit, the RMSE values for Ramp 1 only (0.20 log(cfu/mL)), Ramp 2
only (0.182), and combinedRamps (0.195) are nearly the same.Howev-
er, a low value of RMSE is valuable only when parameter estimates are
accurate. For Ramp 1 only and Ramp 2 only, the z values are highly
inaccurate.

Previous studies have also shown that the more the microbial sys-
tem is excited, i.e., application of stressed environments (in this case
by the application of temperature variations) the more the obtained in-
formation related to the microbiological responses (Valdramidis et al.,
2008). In addition, these types ofmicrobiological results can be generat-
ed more easily saving time and resources compared to the traditional
methodology of the isothermal data approach. For example isothermal
data points were collected from isothermal experiments, while only
22 non-isothermal data points were collected in dynamic studies. It
should also be highlighted that the estimated parameters (from the ex-
perimental sets of ramp1, ramp2) are derived from a set of dynamic ex-
periments that cover the complete temperature range of a realistic
industrial process environment (i.e., heating up, holding and cooling
profile, as it happens typically in retort processing).

In addition, when the scaled sensitivity coefficients were analyzed
(Fig. 4) it was evident that both Dref and z could be easily estimated be-
cause a) the absolute values of X′ for Dref were large and uncorrelated
(different shapes) for both ramps, and b) the absolute value of X′ for z
was large and uncorrelated for ramp2. The X′ for z for ramp1was highly
uncorrelated (different shape and crossed the zero line), but contribut-
ed less to the estimation of z because its absolute valuewas smaller than
X′ z for ramp2 (Fig. 4). These results are also evident in Table 1. The large
values of Xʹlog(N)1 at ramp 1 and Xʹlog(N)2 at ramp2 were not shown
in Fig. 4 to avoid clutter, but they indicate that these parameters can
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1 °C and ramp 2 (B) for a temperature profile from75 to 121 °C; by theuse of Eq. (1) in both

Image of Fig. 2


Fig. 5. Sequentially estimated Dref and z for Eq. (1).
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Fig. 3. Regression analysis of both data collected during ramps 1 (-) and 2 (–) by the use of
Eq. (1). Temperature profile appears with an overlaid line.
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be easily estimated with small variance of the parameter estimates. The
initial values in many models often are the most accurately estimated
parameters, as in this case.

Sequential estimation of parameters in amodel provides good infor-
mation into building the model and determining the uncertainty in pa-
rameters. If parameters come to a constant value after certain time then
the experiment can be stopped, as further data will not improve the pa-
rameter estimates. Fig. 5 illustrates the progressionwith each datum for
parameters Dref and z,which are the most important for characterizing
microbial inactivation kinetics. Parameters approached a constant after
22 and 40 min for Dref and z value, respectively. The data collection
could have been reduced by completing the dynamic experiments
when time reached 40 min (as evident from the experimental data).
4. Conclusions

The implementation of regression analysis in which parameter esti-
mates are obtained under dynamic environments is imperative in order
to assessmicrobial inactivation kinetics in realistic conditions. Although
this type of studies has been previously discussed on some dynamic
(simulated) data of specific temperature profiles, further characteriza-
tion of target microorganisms (spores for sterilization, or vegetative or-
ganisms for pasteurization)will be required in future research activities.
This conclusion is drawn considering that inactivation parameters esti-
mated under non-isothermal conditions give accurate and precise esti-
mates with fewer total data than that for isothermal conditions.
Fig. 4. Scaled sensitivity coefficients for Eq. (1) for both ramp1 and ramp2.
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