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Abstract 17 

Mathematical models that describe the transport phenomena and quality changes of foods 18 

during processing contain several uncertain model input parameters which result in uncertain 19 

model predictions. The objective of this study was to evaluate the impact of uncertain input 20 

parameters on the model predictions of the mechanistic 3D model of chicken meat roasting 21 

and to identify as well as rank the most important model parameters. We found that the 22 

uncertainty in the model output variables varies with roasting time, but also among the 23 

different output variables, by using the Monte Carlo method. To decompose the variance with 24 
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respect to the input parameters, the method of standardized regression coefficients (SRC), a 25 

global sensitivity analysis method, was used. Consequently, the uncertain input parameters 26 

were ranked according to their relative impact. The results of the SRC method were compared 27 

with the Morris screening, a one-step-at-a-time (OAT) global sensitivity analysis method. The 28 

comparison of the two applied sensitivity methods showed that the ranking of the input 29 

parameters is similar, while the Morris screening is more efficient computational wise. 30 

Finally, we illustrate how the  results of the analyses can be used for model refinement as well 31 

as to highlight parameters and areas where further research is necessary. 32 

1. Introduction 33 

The development of mathematic models to predict the heat and mass transfer during the 34 

baking or cooking of foods became an essential research field in food engineering. Models 35 

enable enhanced process control and make the scale-up easier. Additionally, the physics and 36 

mechanisms inside the foods during processing can be studied in a way that is not possible by 37 

experimentation alone (Datta, 2015). 38 

However, mechanistic models that predict the transport phenomena during roasting processes 39 

of food products are rather complex. This is due to the highly coupled mechanisms of heat 40 

and mass transfer and the resulting physical-chemical changes. These are for example the 41 

evaporation of water and the following internal pressure increase, the chemical reactions 42 

leading to a browning of the surface or the denaturation of proteins causing a change in the 43 

microstructure of the food product. Detailed explanations of different roasting models are 44 

given for example by Feyissa et al. (2013) (pork meat roasting); Goñi and Salvadori (2011) 45 

(beef meat roasting; Jha (2005) (grain roasting); Rabeler and Feyissa (2018a) (chicken meat 46 

roasting) or van der Sman (2007) (beef meat roasting). To model these complex mechanisms 47 

many model input parameters and variables are necessary.  48 
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In a recent study we presented a mechanistic 3D model for the roasting of chicken breast meat 49 

in a convective oven, where the texture profile inside the chicken meat was predicted from the 50 

local temperature development with time (Rabeler and Feyissa, 2018a). To describe the 51 

transport phenomena and quality changes, approximately 130 input parameters and variables 52 

are needed. For chicken breast meat, however, not all input parameters are available that are 53 

necessary to describe the heat and mass transfer during the roasting or the values come with a 54 

large inherit uncertainty. This is due to the natural variation of the chicken meat tissue, but 55 

also from the fact that many phenomena that happen during the roasting are not fully 56 

understood. The uncertainties in the input parameters, however, affect the accuracy of the 57 

developed model, leading to uncertainties in the model predictions 58 

Uncertainty analysis techniques allow the evaluation of the propagation of uncertainty in the 59 

developed model. The impact of the uncertain input parameters on the model predictions can 60 

be determined and, consequently, the reliability of the model studied. Sensitivity analysis 61 

allows then the decomposition of the obtained variance in the model output in respect to the 62 

input parameters. In details, the contribution of each studied input parameter to the output 63 

variance is obtained and the parameters can be ranked according to their relative influence on 64 

the model output. By running both methods in tandem, the robustness of the developed model 65 

can be determined and a fundamental understanding of the relationships between the input 66 

parameters and output variables can be achieved (Saltelli, 2006; Sin et al., 2009). 67 

Furthermore, the obtained information from the uncertainty and sensitivity analysis can be 68 

used in the following ways: prioritization of further research and experimental work by 69 

focusing efforts on parameters that mainly influence the model output; refinement and 70 

reduction of the model by describing the most influencing parameters as accurate as possible 71 

while fixing parameters with low impact; and for optimization of the studied process by 72 

concentrating on the most influencing process settings (Saltelli, 2006; Saltelli et al., 2007).  73 
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In food science mainly local sensitivity analysis techniques are applied to study the influence 74 

of one uncertain input parameter with small variations around their nominal value on the 75 

model predictions (Gulati et al., 2016; Ousegui et al., 2010; Purlis and Salvadori, 2009). Local 76 

sensitivity analyzing techniques vary only one input parameter at a time (one-factor-at-a-time, 77 

OAT), while the other parameters are kept constant at their nominal value. The corresponding 78 

changes of the output variables are then evaluated (Dimov and Georgieva, 2010). This 79 

requires relatively low computational effort and is most of the time easy to implement 80 

(Feyissa et al., 2012). However, as local sensitivity analysis varies only one parameter at a 81 

time, it is not possible to evaluate the effect of the whole uncertain input parameter space on 82 

the model predictions or to detect possible interactions between 2 or more uncertain input 83 

parameters (Czitrom, 1999).  84 

Global sensitivity techniques, on the contrary, vary all uncertain input parameters at a time. 85 

Thus, the impact of all uncertain input parameters, with their corresponding uncertainty range, 86 

on the model predictions can be studied (Dimov and Georgieva, 2010). This means, however, 87 

that the implementation often takes more time and the computational burden is higher. 88 

In food science only a few authors studied the global uncertainty and sensitivity of 89 

mathematical models (e.g. 2D modelling of contact baking process (Feyissa et al., 2012)), 90 

while it already became a common routine in other disciplines like for environmental models 91 

(Campolongo and Saltelli, 1997), ecological models (Cariboni et al., 2007), wastewater 92 

treatment (Sin et al., 2011) or risk assessment (Gargalo et al., 2016).  93 

The objective of this work is, therefore, to study the impact of the uncertain model input 94 

parameters on the predictions (temperature, moisture and texture) of the mechanistic 3D 95 

model of chicken meat roasting in a convective oven and to identify the parameters with the 96 

highest relative impact. Different global sensitivity analysis methods are compared and the 97 

impact of the sampling method and size on the sensitivity analysis is studied. The results of 98 
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the analyses are then discussed in terms of model refinement and reduction as well as 99 

possibilities for process optimization.  100 

2. Methodology 101 

2.1. Modelling the roasting of chicken breast meat 102 

The roasting of chicken breast meat in a convection oven involves coupled heat and mass 103 

transfer, with a convective heat flux from the surrounding hot air to the sample surface, 104 

internal transfer of the heat by convection and conduction, water migration within the product 105 

by diffusion and convection, and evaporation of liquid water from the surface to the 106 

surrounding hot air (Rabeler and Feyissa, 2018a).  107 

The governing equations for heat and mass transfer are given by Eq. (1) and Eq. (2), 108 

respectively (Bird et al., 2007): 109 

Heat transfer:  ��,��	��� 	�	�
 =	∇���	∇�� −	��	��,�	��	∇�  (1) 110 

Mass transfer:  
��
�
 =	∇−�	∇� + �	���     (2) 111 

where cp,i is the specific heat capacity (J/(kg K)), ρi the density (kg/m3), ki is the thermal 112 

conductivity (W/(m K)), T is the temperature (K), uw the fluid velocity (m/s), C the moisture 113 

content (kg of water/kg of product), D the water diffusion coefficient (m2/s) and t the time (s). 114 

The main moisture transport inside the chicken breast meat results from a pressure gradient 115 

due to protein denaturation and shrinkage of the protein network and is given by Darcy’s law 116 

in the following form (Eq. (3)) (Rabeler and Feyissa, 2018a):  117 

�� =	��	��
	∇P           (3) 118 

with the permeability κ (m2), the dynamic viscosity of water µw (Pa s) and the swelling 119 

pressure P (Pa). The boundary conditions for the heat and mass transfer at the boundaries 1, 2, 120 

3 and 6 (see Fig. 1) are described in Eq. (4) and (5): 121 

−���∇� = ℎ	��� − �!" #�        (4) 122 
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The heat transfer coefficient (h) at the boundaries 1, 2 and 3 is heff (combined convective and 124 

radiative heat transfer) and at boundary 6 it is hbot. The mass transfer coefficient βtot is 125 

described by Eq. (6): 126 

&
'()(

=	 &
'*+(

+ &
',-./

 with $!0�1 = $&	�2      (6) 127 

where βext is the eternal mass transfer coefficient (m/s), which is calculated with the Lewis 128 

relation (Rabeler and Feyissa, 2018a), βskin is another mass transfer coefficient that depends 129 

on the moisture content (C) and the two fitting parameters β1 and b. 130 

The boundaries 4 and 5 are symmetry boundary conditions. For a detailed description of the 131 

developed model, the reader is referred to Rabeler and Feyissa (2018a). 132 

The texture changes (hardness and chewiness) of chicken breast meat with temperature and 133 

roasting time were described with a modified rate law (Rabeler and Feyissa, 2018b) (Eq. (7)):  134 

�3
�
 = �	45 − 4�1         (7) 135 

with the quality attribute Q, the non-zero equilibrium value Q∞, the reaction order n and the 136 

reaction rate constant k (min-1 [Q]1-n). The temperature dependency of the reaction rate 137 

constant was described with the common Arrhenius equation (Rabeler and Feyissa, 2018b). A 138 

detailed description of the model can be found in Rabeler and Feyissa (2018b). 139 

2.2. Model output variables 140 

In total 8 output variables were taken into consideration for the uncertainty and sensitivity 141 

analyses as described in section 2.4 and 2.5. The temperature was evaluated at 3 different 142 

positions inside the chicken meat sample (see Fig. 1): position A(0,0,1 mm) the bottom 143 

temperature (TA), position B(0,0,10 mm) the core temperature (Tcore) and position C(0,0,19 144 

mm) the top surface temperature (TC). Besides the temperature, the volume average moisture 145 

content (Cav), the moisture content at point A (CA) and the moisture content at point B (CB) of 146 

chicken meat sample was evaluated as well as the volume average of the texture parameters 147 
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hardness (Ha) and chewiness (Cw) (Rabeler and Feyissa, 2018b). All the selected output 148 

variables are represented by the vector Y as: Y = [TA, Tcore, TC, Cav, CA, CC, Ha, Cw]. 149 

2.3. Model input variables 150 

In total 12 uncertain model input parameters were identified, where only a limited amount of 151 

data is available, or the values have a large uncertainty. The variation in those uncertain 152 

parameters was taken into consideration for the uncertainty and sensitivity analyses. The 153 

uncertain input parameters are associated with the following: (1) Initial conditions (T0 and 154 

C0), (2) boundary conditions (Tair, heff, hbot, Cair and b), (3) chicken meat properties (ρcm, cp,cm 155 

and kcm) and (4) transfer coefficients (D and κ). The vector θ represents all the uncertain input 156 

parameters, where θ = [T0, C0, Tair, heff, hbot, Cair, b, ρcm, cp,cm, kcm, D, κ].  157 

2.4. Uncertainty analysis 158 

The well-established Monte Carlo technique was used in this study to determine the 159 

uncertainty in the model outputs resulting from the uncertainty in the model input (Helton, 160 

1993; Metropolis and Source, 1949). The method was chosen as it is computationally 161 

effective and reliable (Helton and Davis, 2003; Sin et al., 2009). The Monte Carlo method 162 

consists of three steps: (1) identification of uncertain input parameters and specification of the 163 

input uncertainty, (2) generation of samples from the input space and (3) model evaluation 164 

with sampled input uncertainty with statistical analysis of the results (Feyissa et al., 2012). 165 

The individual steps are described in detail in the following sections.   166 

2.4.1. Step 1: Specifying uncertainty in input parameters 167 

The first step, the selection of the uncertainty range of the uncertain input parameters, is the 168 

most important step in the Monte Carlo procedure. The uncertainty range was selected after a 169 

subjective expert review process of the literature data, experimental data and expert 170 

assumptions (Table 1). For the experimental gained input parameters (marked with *) the 171 

range from the measurements was taken. For the remaining uncertain input parameters three 172 
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classes with low, medium and high uncertainties were defined with 5, 15 and 30 % variability 173 

around the mean value, respectively. For the permeability (κ) of meat products only limited 174 

knowledge is available in literature. Consequently, the broader range as reported by Datta 175 

(2006) and Feyissa et al. (2013) was chosen (see Table 1). For all input parameters a uniform 176 

probability distribution within the specified range was assumed.  177 

2.4.2. Step 2: Sampling 178 

Three different sampling methods, the Halton sequence, the Latin hypercube sampling as well 179 

as the Sobol sequence were used in this study to evaluate the influence of the sampling 180 

method on the standardized regression coefficients (see section 2.5.1). A detailed description 181 

of the Halton sequence and Sobol sequence is given by Kocis and Whiten (1997) and for the 182 

Latin hypercube sampling by Helton and Davis (2003).   183 

The sampling was performed from the corresponding input parameter intervals (Table 1) 184 

which results in a θNxM sample matrix (Feyissa et al., 2012):  185 
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         (8) 186 

where θi is the sample value of the corresponding uncertain input parameter, M is the total 187 

number of uncertain input parameters (M = 12 for this study) and N the total number of 188 

samples. The sample size in this study (N) was varied from 20 to 1000 samples until it had no 189 

further influence on the sensitivity analysis results.  190 

2.4.3. Step 3: Model evaluation and statistical analyses 191 

The obtained matrix, θNxM, with the sampled input parameters was propagated by performing 192 

dynamic simulations for N input samples of M input parameters (each row of θ generated one 193 

simulation). The coupled governing equations for heat and mass transfer (a system of partial 194 
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differential equations, PDEs) combined with constitutive equations, as well as the ordinary 195 

differential equations (ODE) that describe the texture changes of chicken breast meat were 196 

solved. The model output variables were stored in the three-dimensional matrix YGxKxN. The 197 

matrix contained for each time instant G (10 s time steps from t=0 to t=600 s) the predictions 198 

of the K output variables (8 outputs) for a total number of N samples (Feyissa et al., 2012). 199 

The results obtained from the model simulations were then analyzed and the mean as well as 200 

the 10th and 90th percentile of the output distributions were calculated for each output 201 

variables. 202 

2.5. Global sensitivity analysis 203 

The standardized regression coefficients method (SRC) and the Morris screening were used to 204 

evaluate the sensitivity of the uncertain input parameters on the model output variables. The 205 

simulation output variables (e.g., temperature, moisture content and texture changes) vary 206 

with time (dynamic profile). The sensitivity of the input parameters was, therefore, analyzed 207 

at two different time points, t=4 min (heating dominant period) and t=8 min (evaporation 208 

dominant period), corresponding to the middle and the end of the roasting process, 209 

respectively. 210 

2.5.1. Standardized regression coefficients 211 

The method of standardized regression coefficients (SRC) as described by Helton and Davis 212 

(2003) and Sin et al. (2009) was used to evaluate the sensitivity of the uncertain input 213 

parameters on the model output variables and to rank the parameters. Using the data from the 214 

Monte Carlo simulations (see section 2.4),  linear regression models were constructed for 215 

every model output variable in Y (see section 2.2) using Eq. (9): 216 

!D.E��,FE
G,FE

= ∑ $��C
IJ&

K.L��ML
GML

+ N��       (9) 217 

where θ is the vector with the input parameters (see section 2.3), m is the index of the output 218 

vector sY, i is the index of the Monte Carlo simulations (samples), j is the index of the input 219 
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parameter vector θ, ε is the error of the linear regression model, βim is the standardized 220 

regression coefficient (SRC) and M is the total number of uncertain input parameters. For a 221 

linear model the following condition holds for the standardized regression coefficient: 222 

∑ $���@ = 1� . In most cases, ∑ $���@ ≤ 1�  and it is equal to the coefficient of determination 223 

R2 (Saltelli et al., 2007; Sin et al., 2011). To apply the SRC method, ∑ $���@�  or R2 should be 224 

above the recommended value of 0.7 to ensure a necessarily linear model (Cariboni et al., 225 

2007). 226 

2.5.2. Morris screening 227 

The Morris screening is a one-step-at-a-time (OAT) sensitivity analysis method, which means 228 

that only one input parameter is changed at each simulation run. By repeating these local 229 

changes for a predefined number of times, a global sensitivity analysis is achieved (Morris, 230 

1991). The method is relatively simple to implement, and the obtained results can be 231 

interpreted easily. Furthermore, it is typically computationally efficient compared to other 232 

sensitivity analysis methods (i.e. fewer sample numbers needed) (Campolongo and Saltelli, 233 

1997; Saltelli, 2004).  234 

With the Morris method the distribution of the so-called Elementary Effects (EE) of the input 235 

parameters on the model output variables is estimated. The distribution of the effects of the jth 236 

model input parameter on the mth model output variable is denoted as Fjm (Sin et al., 2009). 237 

The elementary effects EEjm were estimated using Eq. (10) (Morris, 1991):  238 

QQI� = �!DE
KL

= !DERKS,KT,KLU∆,…,KWX�!DERKS,KT,KL,…,KWX
∆      (10) 239 

where sYm(θ1, θ2, θj,…, θM) is the model output at the input parameters θ1 to θM and sYm(θ1, θ2, 240 

θj+∆,…, θM) is the model output where θj is changed by the predetermined perturbation factor 241 

∆.  242 

The range of the input parameters θ is divided into p levels and each input can only take 243 

values from these predefined levels. In this study p was set to 8, corresponding to the 12.5th 244 
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percentile of the uniform input distributions (Ruano et al., 2011). Thus, the perturbation 245 

factor, ∆, had the value of ∆=p/(2(p-1)) = 4/7. The elementary effects, EEjm, were 246 

calculated at randomly sampled points in the input space and the procedure repeated for a 247 

number of predefined repetitions, r (Sin et al., 2009). By following this one-factor-at-a-time 248 

design (OAT), which was proposed by Morris, a total of r*(M+1) model simulations are 249 

necessary. In this study, the number of repetitions, r, was increased until it had no further 250 

influence on the analysis results. A detailed description of the Morris sampling was given by 251 

Sin et al. (2009).  252 

Finally, the means (µ) of the distributions of the calculated elementary effects as well as the 253 

standard deviations (σ) were estimated. Both sensitivity parameters were then used to rank the 254 

input parameters according to their influence on the model output. The model input 255 

parameters with low µ and low σ values can be considered as non-influential on the model 256 

outputs (Morris, 1991). Furthermore, the graphical approach as proposed by Morris was used 257 

to evaluate the input parameters influence. The mean, µ, and the standard deviation, σi, are 258 

plotted together with two lines which correspond to µi = ± 2semi. The standard error of means 259 

(sem) is calculated as semi = σi/√r (Morris, 1991). 260 

2.6. Model implementation and solution 261 

COMSOL Multiphysics® 5.3 with MATLAB® was used to solve the coupled PDEs of heat 262 

and mass transfer (see section 2.1) as well as the ODEs of the texture kinetics (see section 263 

2.1), and to perform the uncertainty and sensitivity analysis.  264 

3. Results and discussion 265 

3.1. Uncertainty in the model outputs 266 

The results of the uncertainty analysis are presented for the Halton sequence sampling method 267 

with a sample size of N = 500 samples (see section 3.2). From the raw data obtained by the 268 

Monte Carlo simulations, the mean 10th and 90th percentile was calculated for every model 269 
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output variable at each time point. Fig. 2, 3 and 4 present the results for the temperature, 270 

moisture and texture output variables, respectively. A higher band or spread in the distribution 271 

can be related directly to a higher uncertainty in the model prediction. 272 

The temperature profiles at the position A (close to the bottom), TA, and at position C (close to 273 

the surface), TC, show a similar trend (Fig. 2a and 2c, respectively). At the start of the cooking 274 

process, the uncertainties in the temperature predictions are increasing with time (heating 275 

dominant region), while they are decreasing again when the temperature is leveling off around 276 

the boiling temperature of water (evaporation dominant region). The heat transfer at the 277 

bottom of the chicken meat (in contact with roasting plate) is higher compared to the surface 278 

and, consequently, TA is increasing faster than TC. Accordingly, the lowest uncertainty for TA 279 

was found after 6 min of roasting, while for TC the evaporation dominant region is just 280 

reached at the end of the process (after 10 min of roasting) (Fig. 2a and 2c, respectively). The 281 

uncertainty of the core temperature predictions (Tcore), on the contrary, is increasing over the 282 

whole roasting time, with the highest uncertainty at the end of the process (Fig. 2b).   283 

For the average moisture content of the chicken meat sample (Cav) the band for the 284 

uncertainty stays constant during the whole roasting process (Fig. 3a). A similar trend was 285 

found for the moisture content profile close to the surface (CC) (Fig. 3c). For the moisture 286 

content close to the bottom (CA) the spread and, consequently, the uncertainty is increasing 287 

towards the end of the roasting process (Fig. 3b).  288 

The texture parameters hardness (Ha) and chewiness (Cw) are a function of the temperature 289 

development in the center part of the chicken meat sample (see striped part in Fig.1). In the 290 

beginning of the roasting process the temperature is below the denaturation temperature of the 291 

proteins and, therefore, no change of Cw and Ha can be observed (Fig. 4a and 4b). With 292 

increasing roasting time, the temperature is rising inside the sample and, consequently, the 293 

texture parameters are increasing with time. In the beginning of the roasting process, 294 

chewiness (Cw) is more sensitive to the temperature changes (higher activation energy 295 
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(Rabeler and Feyissa, 2018b)) and, therefore, it starts to rise earlier compared to the hardness 296 

(Ha) (lower activation energy). The uncertainty for chewiness is first increasing with time 297 

where after it is decreasing and levelling off again when the equilibrium value of this texture 298 

parameter is reached (Fig. 4b). After the texture parameter hardness starts to rise 299 

(approximately after 3.5 min), a constant uncertainty (band) was found along the roasting 300 

process (Fig, 4a).  301 

3.2. Standardized regression coefficient (SRC) for global sensitivity analysis 302 

A linear regression model was constructed for each model output variable (sYi), by using the 303 

linear least square method, and the corresponding SRC coefficients were obtained at different 304 

time points ( t=4 min and t = 8 min, see section 2.5). As a first step, the influence of the 305 

sampling method (Latin hypercube sampling, Sobol sequence and Halton sequence (see 306 

section 2.4.2)) as well as the sample number (N) on the standardized regression coefficients 307 

was studied. For clarity only the influence of the oven temperature (Toven) on the SRC value of 308 

the core temperature (Tcore) at the roasting time of 8 min is reported. 309 

The impact of the sampling method and the sampling size and on the SRC value is shown in 310 

Fig. 5. For low sample numbers (20 to 100) a high discrepancy between the sampling 311 

methods can be seen, especially between the Halton and Sobol sequence. However, with 312 

increasing sample size the SRC value is reaching a constant value (dashed line in Fig. 5) 313 

faster for the Halton and Sobol sequence (N = 500) compared to the Latin hypercube 314 

sampling method (N = 1000). This shows that the Halton and Sobol sequence are 315 

computationally more efficient and should, therefore, be used instead of the Lating hypercube 316 

sampling. Accordingly, the further analyses are presented for the Halton sequence with a 317 

sample size of 500. 318 

Table 2, 3 and 4 present the results of the SRC method for the temperature, moisture and 319 

texture output variables, respectively. Only the first 6 top input parameters that had the 320 

highest impact on the model outputs are reported here for clarity. 321 
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For all output variables the coefficient of determination, R2, was found to be higher than 0.92, 322 

showing that a necessary degree of linearization was obtained. Therefore, the obtained SRC 323 

values can be used to evaluate the impact of the uncertainty in the input parameters (θ) on the 324 

output variables (sY) (see section 2.5.1).  325 

The absolute SRC value shows directly the relative impact of the corresponding input 326 

parameter on the output variable, while a positive SRC value indicates a positive correlation 327 

and a negative SRC value indicates a negative correlation between model input and output.  328 

3.2.1. Chicken meat temperature  329 

After 4 minutes of roasting the temperatures close to the bottom, TA, and close to the surface, 330 

TC, are most sensitive to the oven temperature, Toven, and the heat transfer coefficients (fan 331 

speeds), hbot and heff (see Table 2). The positive SRC values indicate that higher oven 332 

temperatures and fan speeds lead to an increase of both the surface and the bottom 333 

temperature. This is reasonable as with a higher oven temperature and heat transfer 334 

coefficient, the heat flux from the surrounding hot air to the chicken meat surface is 335 

increasing, leading to the rise of the surface and bottom temperature (see Eq. (4)). Towards 336 

the end of the roasting process (t = 8 min) the parameters that are correlated to the moisture 337 

transport (κ) and evaporation (b) become more important. At this time point both 338 

temperatures reached the boiling temperature of water (around 100 °C, see Fig. 2a and 2c), 339 

and, therefore, the temperature is mainly controlled by the evaporation of the water from the 340 

surface of the chicken sample.  341 

The core temperature, Tcore, of the chicken meat sample is also most sensitive to the oven 342 

temperature, Toven, with positive SRC values (positive correlation). The thermo-physical 343 

properties kcm and cp,cm are ranked on the 2nd and 3rd rank, respectively. The SRC values for 344 

the thermal conductivity kcm are positive, indicating the positive correlation between kcm and 345 

Tcore. This is reasonable as the thermal conductivity gives the rate of the heat transfer inside 346 

the chicken meat. This means that higher values of kcm lead to a faster heat transfer and, 347 
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consequently, a faster increase of the core temperature. The specific heat capacity, on the 348 

contrary, has a negative impact on the core temperature (negative SRC values). This means, 349 

that for lower values of cp,cm , less heat is needed to increase the temperature of the chicken 350 

sample and, consequently, also the core temperature is rising faster. 351 

3.2.2. Chicken meat moisture content 352 

The ranking of the input parameters according their relative impact on the average moisture 353 

content (Cav), as well as the moisture contents at the positions A and C (CA and CC, 354 

respectively) is presented in Table 3 for the two time points of 4 and 8 min.  355 

The average moisture content, Cav, is most sensitive to the initial moisture content (C0) of the 356 

sample at both roasting time points. Higher values of C0 directly result in higher values of Cav. 357 

The oven temperature (Toven) and fan speed (heff) are at the second and third position in the 358 

ranking, respectively, both having a negative impact on Cav. This is reasonable, since 359 

increasing values of Toven and heff lead to an increase in the evaporation of water from the 360 

sample surface, which results in the decrease of Cav.  361 

After 4 min of roasting, the moisture content close to the top and bottom surface, CC and CA, 362 

respectively, are most sensitive to the initial moisture content C0, followed by the 363 

permeability κ of the chicken meat, the oven temperature Toven and the heat transfer 364 

coefficient (heff for CC and hbot for CA) (Table 3). At 8 min, the moisture content close to the 365 

bottom, CA, is most sensitive to the process parameters Toven and hbot., while the top surface 366 

moisture content, CC, is mainly influenced by the permeability (κ) and the initial moisture 367 

content (C0).  368 

Overall, it becomes clear that the moisture content development is highly influenced by the 369 

initial moisture content of the raw chicken breast meat. It is, therefore, necessary to accurately 370 

measure the moisture content of the chicken meat sample before the roasting to get an 371 

accurate model prediction of the moisture profile during the roasting process. Furthermore, 372 

the results show that the permeability of the chicken meat is an important parameter that 373 
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should be described as accurate as possible. However, for meat products there are no studies 374 

available that show the change of the permeability of meat products during the heating 375 

process. Therefore, in future works an experimental study is needed that develops the 376 

relationship between the permeability changes as function of the process conditions. A 377 

possibility could be to describe this relationship with a variable in Eq. (3) (Darcy’s law) that 378 

is dependent on the local temperature or moisture content. Thus, the denaturation of proteins 379 

and the resulting shrinkage of the protein network during the roasting process would be taken 380 

into account and a more accurate model prediction could be obtained.  381 

3.2.3. Chicken meat texture 382 

The texture changes inside the chicken meat sample are a result of protein denaturation and, 383 

therefore, they are highly dependent on the temperature development with time. This is 384 

highlighted in Table 4, where the 3 top ranked input parameters Toven, cp,cm and kcm are the 385 

same as for the core temperature, Tcore (see Table 3). The thermo-physical properties have 386 

again a high impact on the output variables of hardness and chewiness. This underlines the 387 

fact that both parameters should be defined as accurate as possible to reduce the uncertainty in 388 

the model predictions (model refinement, see section 3.3.2).   389 

The results in Table 4 also show, that from the possible oven settings, the oven temperature 390 

(Toven) and fan speed (heff) have the highest impact on the texture of the chicken meat sample. 391 

Therefore, these two parameters can be used to optimize the roasting process with the aim of 392 

the optimum texture of the final product for the consumer. 393 

3.3. Morris screening for global sensitivity analysis 394 

The number of repetitions, r, was increased from 10 to 50 in order to study its influence on 395 

the Elementary Effects, EE (see section 2.5.2). We found that 30 repetitions are enough to 396 

ensure that it has no further impact on the analysis results. Thus, a total number of 390 397 

simulation runs (r*(M+1), see section 2.5.2) were necessary. Consequently, the Morris 398 
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screening needs 110 simulation runs less than the SRC method (500 samples needed, see 399 

section 3.2). One simulation run took around 12 minutes (at the central DTU HPC cluster, 400 

with 1 node and 20 cores), which means that the Morris method needed around 1320 minutes 401 

less compared to the SRC method.  402 

The visual results of the Morris method at the roasting time of 8 min are presented in Fig. 6. 403 

The two lines in the graphs correspond to µi = ± 2semi (see section 2.5.2). Parameters with a 404 

low mean and standard deviation value have a low influence on the corresponding output 405 

variable, while high means and standard deviations show a high impact. All parameters have a 406 

non-linear effect on the model outputs as none of the input parameters have a zero standard 407 

deviation together with a non-zero mean.  408 

The ranking of the first six model input parameters (for clarity) according to their impact on 409 

the model outputs after 8 min of roasting (t = 8 min) is presented in Table 5. A higher mean 410 

value shows a more significant influence of the input parameter on the model output. 411 

Furthermore, a positive sign of the mean indicates a positive effect of the input parameter on 412 

the output and a negative sign a negative effect. 413 

The ranking of the input parameters according to their impact on the model outputs are mostly 414 

in agreement with the results/ ranking of the SRC method. However, there are small 415 

differences in the exact order of the parameters for nearly all output variables. Only the 416 

ranking for the moisture content at position A, CA, is the same (compare Table 2 to 4 and 417 

Table 5). For the chicken meat temperatures, for example, the order of the thermal 418 

conductivity, kcm, and the specific heat capacity, cp,cm, are changed in comparison to the SRC 419 

ranking. However, there is only a small difference between their mean and SRC values, 420 

indicating/showing that the impact of these two thermo-physical properties on the model 421 

outputs is not significantly different. Accordingly, the exact order of the two parameters is not 422 

influencing the conclusions of their effect on the model predictions.  423 
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All in all, the Morris method showed a mostly similar ranking of the input parameters, 424 

confirming the results of the SRC method. In this study less samples were needed for the 425 

Morris screening which resulted in lower computational cost compared to the SRC method. 426 

However, it should be noticed that with an increasing number of input parameters also the 427 

needed number of samples is increasing (see section 2.5.2), while the SRC method is 428 

independent of the amount of model inputs (Sin et al., 2009). 429 

3.4. Model refinement and perspective 430 

The results from the sensitivity analysis can be used to refine and strengthen the developed 431 

model in order to improve the accuracy of the model predictions.   432 

As shown in Table 2, the temperatures at all presented positions (TA, Tcore and TC) as well as 433 

the texture parameters (hardness and chewiness) are highly sensitive to the thermo-physical 434 

properties of chicken breast meat (cp,cm and kcm) at both time steps (4 and 8 min). Therefore, 435 

both parameters should be refined to decrease the uncertainty on the output parameters.  436 

From literature it is known that both parameters change with temperature, sample composition 437 

and fiber direction (Choi and Okos, 1986). Therefore, one way to refine the model could be to 438 

include both parameter as function of temperature and composition instead of fixed values. As 439 

it can be seen in Fig. 7, it was possible to reduce the uncertainty of the core temperature 440 

development by replacing the fixed values of cp,cm and kcm (red dashed lines in Fig. 7) with 441 

expressions as function of temperature and composition (blue dashed lines in Fig. 7).  442 

This shows the strength of the uncertainty and sensitivity analysis, where two parameters 443 

were identified as highly sensitive to the model output and consequently the model was 444 

refined to decrease the uncertainty in the model predictions.  445 

Furthermore, the moisture content of the sample is highly influenced by the permeability κ of 446 

the chicken breast meat (Table 3). Higher values of the permeability describe lower resistance 447 

to the water flux through the porous medium and, consequently, also an increased water flux 448 

towards the surfaces of the chicken meat sample. On the contrary, the uncertainty in the 449 
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diffusion coefficient, D, has no significant influence (not shown in Table 3) on the moisture 450 

content. This is reasonable as the main moisture transport inside the chicken sample is 451 

pressure driven as a result of protein denaturation and the decrease of the water holding 452 

capacity (Rabeler and Feyissa, 2018a). The results show that further research is necessary to 453 

gain a quantitative knowledge about the change of the permeability with roasting time (i.e. 454 

κ(T)) as already highlighted by different researchers (Feyissa et al., 2013; van der Sman, 455 

2013). On the contrary, for the diffusion coefficient D it is enough to use a constant parameter 456 

value (not changing with time) without losing information about the total moisture flux or 457 

increasing the uncertainty of the model.  458 

Conclusion 459 

In this study, the impact of uncertain input parameters on the model predictions of the 460 

mechanistic 3D model of chicken breast roasting was studied and the most important model 461 

parameters were identified, using global uncertainty and sensitivity analysis methods.   462 

The Monte Carlo procedure was effectively applied to evaluate the impact of the uncertainty 463 

in the input parameters on the model predictions for the temperature, texture and moisture 464 

development. It was found that the uncertainty in the model output variables varies with time, 465 

but also among the different output variables. By applying the method of standardized 466 

regression coefficients (SRC), a global sensitivity analysis technique, the input parameters 467 

with relatively high and low impact on the model predictions were identified and ranked, 468 

accordingly. We found that the sampling method and the total number of samples had an 469 

influence on the SRC method. The ranking of the input parameters then showed that the 470 

roasting is mainly influenced by the oven parameters, the thermo-physical properties and the 471 

initial properties of the chicken meat.  472 

The SRC method was afterwards compared with the Morris screening, which confirmed the 473 

obtained results (mostly similar ranking of the input parameters). However, for the Morris 474 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT
method fewer samples were needed showing that in this study it is computationally more 475 

efficient.  476 

Overall, the presented uncertainty and sensitivity analysis methods are strong tools to evaluate 477 

mechanistic models. They not only ensure the reliability and accuracy of the developed model 478 

but inform the operator/ manufacturer about the influence of the process parameters on the 479 

safety and quality of the final product.  480 

 481 

  482 
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Nomenclature 483 

aw water activity 

b evaporation parameter 

C mass concentration (kg/kg) 

cp specific heat capacity (J/(kg K)) 

Cw chewiness (N) 

D diffusion coefficient (m2/s) 

EE Elementary Effect 

F distribution of Elementary Effects 

G’ storage modulus (Pa) 

h heat transfer coefficient (W/(m2 K)) 

Ha hardness (N) 

k thermal conductivity (W/(m K)) 

T temperature (K) 

t time (min) 

u velocity (m/s) 

sY output variable (vector) 

  

Greek symbols  

β mass transfer coefficient (m/s) 

εim the error of the regression model 

κ permeability (m2) 

ρ Density (kg/m3) 

θ uncertain input parameters (vector) 

µ Mean of observed Elementary Effects 

σ Standard deviation of Elementary Effects 

∆ perturbation factor 

  

Subscripts  

0 initial condition (at t = 0 min) 

bot bottom 

cm chicken meat 

eq equilibrium 

ext external 

i index of Monte Carlo simulations (vector) 

j index of the parameter vector 

m index of output vector 

surf surface 

w 

eff 

water 

effective 
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Parameter Unit Nominal value Source Range 

    Minimum Maximum 

      

T0
* K 277 (a) 275 283 

C0
* kg/kg 0.77 (a) 0.73 0.81 

Toven
**  K 503 (a) 478 528 

heff
***  W/(m2 K) 40 (a) 34 46 

hbot
***

 W/(m2 K) 55 (a) 49.5 60.5 

Cair
*  kg/kg 0.05 (a) 0.01 0.1 

b***  - 4 (e) 3.4 4.6 

ρcm
**  kg/m3 1050 (b) 997.5 1102.5 

cp,cm
**  J/(kg K) 3591 (b) 3411 3771 

kcm
**

 W/(m K) 0.54 (b) 0.51 0.57 

κ
 m2 1x10-17 (c) 1x10-18 1x10-16 

D****  m2/s 3x10-10 (d) 2x10-10 4x10-10 

      

Source: (a) measured; (b) calculated from Choi and Okos (1986); (c) obtained from Datta (2006) and Feyissa et 561 
al. (2013); (d) obtained from Ngadi et al. (2006); (e) obtained from van der Sman (2013).  562 
* Obtained from measurement; ** ± 5 % of the nominal value; *** ± 15 % of the nominal value; **** ± 30 % of 563 
the nominal value. 564 
 565 
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on the sample temperatures TA, Tcore and TC for the two time points of 4 and 8 minutes (only the 6 highest ranked 578 
input parameters are presented for clarity) 579 

Rank TA   TCore   TC  
         

 Time 4 min  Time 4 min  Time 4 min 
 Parameter SRC  Parameter SRC  Parameter SRC 
         

1 Toven 0.756  Toven  0.541  Toven 0.679 

2 hbot  0.461  kcm  0.420  heff 0.628 

3 kcm  -0.196  cp,cm -0.417  kcm  -0.174 

4 cp,cm  -0.179  T0 0.331  cp,cm -0.153 

5 T0 0.118  heff 0.274  b 0.130 

6 ρcm -0.058  ρcm -0.269  T0 0.119 

 R2 0.958  R2 0.997  R2 0.996 
         

 Time 8 min  Time 8 min  Time 8 min 
 Parameter SRC  Parameter SRC  Parameter SRC 
         

1 Toven 0.648  Toven 0.604  Toven 0.664 

2 κ  -0.352  kcm 0.405  heff 0.511 

3 hbot 0.339  cp,cm  -0.387  κ -0.314 

4 b 0.239  heff 0.362  kcm 0.193 

5 kcm 0.196  ρcm -0.252  b 0.173 

6 cp,cm -0.154  hbot 0.140  cp,cm -0.151 

 R2 0.949  R2 0.995  R2 0.978 

 580 

 581 

 582 
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on the sample moisture contents Cav, CA and CC for the two time points of 4 and 8 minutes (only the 6 highest ranked 592 
input parameters are presented for clarity) 593 

Rank Cav   CA   CC  
         

 Time 4 min  Time 4 min  Time 4 min 
 Parameter SRC  Parameter SRC  Parameter SRC 
         

1 C0 0.945  C0 0.757  C0 0.583 

2 Toven -0.244  κ -0.456  κ  -0.465 

3 heff -0.145  Toven -0.322  Toven  -0.438 

4 b 0.072  hbot -0.174  heff -0.363 

5 kcm 0.067  kcm 0.054  kcm 0.108 

6 κ -0.066  cp,cm 0.048  cp,cm  0.092 

 R2 0.998  R2 0.958  R2 0.968 
         

 Time 8 min  Time 8 min  Time 8 min 
 Parameter SRC  Parameter SRC  Parameter SRC 
         

1 C0 0.680  Toven -0.713  κ  -0.461 

2 Toven -0.541  hbot  -0.338  C0 0.417 

3 heff -0.286  C0 0.328  Toven -0.404 

4 κ -0.2510  κ  -0.258  b 0.242 

5 kcm 0.146  kcm 0.142  kcm 0.133 

6 b 0.133  cp,cm  -0.122  cp,cm 0.116 

 R2 0.988  R2 0.974  R2 0.937 

 594 

 595 
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on the sample texture variables Ha and Chew for the two time points of 4 and 8 minutes (only the 6 highest ranking 607 
input parameters are presented for clarity) 608 

Rank Hardness   Chewiness   
       

 Time 4 min  Time 4 min  
 Parameter SRC  Parameter SRC  
       

1 Toven 0.565  Toven 0.585  

2 cp,cm -0.389  cp,cm -0.401  

3 kcm 0.381  kcm 0.399  

4 T0 0.281  heff 0.285  

5 heff 0.244  T0 0.279  

6 hbot 0.225  ρcm -0.233  

 R2 0.924  R2 0.984  
       

 Time 8 min  Time 8 min  
 Parameter SRC  Parameter SRC  
       

1 Toven 0.614  Toven 0.614  

2 kcm 0.396  cp,cm  -0.380  

3 cp,cm -0.378  heff  0.366  

4 heff 0.329  kcm 0.357  

5 ρcm 0.242  ρcm -0.220  

6 T0 0.206  T0 0.115  

 R2 0.997  R2 0.955  

 609 

 610 

  611 
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Effects distribution. 613 

Rank TA   Tcore   TC   C  
            

 Time 8 min  Time 8 min  Time 8 min  Time 8 min 
 Parameter µi  Parameter µi  Parameter µi  Parameter µi 
            

1 Toven 0.768  Toven 0.583  Toven 0.641  C0 0.623 

2 hbot 0.384  cp,cm -0.366  heff 0.535  Toven  -0.486 

3 κ  -0.377  heff  0.353  κ -0.318  κ -0.269 

4 b 0.206  kcm 0.329  cp,cm -0.162  heff -0.264 

5 kcm 0.184  ρcm 0.222  kcm 0.162  kcm 0.115 

6 cp,cm -0.183  hbot 0.127  b 0.154  b 0.114 

            
Rank CA   CC   hardness   chewiness  

 Time 8 min  Time 8 min  Time 8 min  Time 8 min 
 Parameter µi  Parameter µi  Parameter µi  Parameter µi 
            

1 Toven  -0.596  κ  -0.422  Toven 0.590  Toven 0.585 

2 C0 0.309  C0 0.340  cp,cm -0.360  heff  0.370 

3 hbot -0.263  Toven -0.309  heff  0.323  cp,cm -0.343 

4 κ -0.246  b 0.151  kcm 0.318  kcm 0.320 

5 kcm 0.099  kcm 0.082  ρcm -0.210  ρcm -0.208 

6 cp,cm 0.072  cp,cm  0.048  T0 0.197  T0 0.125 

 614 
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Figure captions: 

 

Figure 1: Schematic illustration of the geometry that was used in the model. 

 

Figure 2: Uncertainty of the predicted temperature development using mean, 10th and 90th percentile: a) 
bottom temperature (position A), b) core temperature (position B) and c) surface temperature (position 
C). The 500 Monte Carlo simulations are shown in grey. 

 

Figure 3: Uncertainty of the predicted moisture content development using mean, 10th and 90th 
percentile: a) average moisture content, b) moisture content close to the bottom (position A) and c) 
moisture content close to the surface (position C). The 500 Monte Carlo simulations are shown in grey. 

 

Figure 4: Uncertainty of the predicted development of the texture parameters a) hardness (Ha) and b) 
chewiness (Cw) using mean, 10th and 90th percentile. The 500 Monte Carlo simulations are shown in 
grey. 

 

Figure 3: Influence of the different sampling methods (Latin hypercube sampling, Halton sequence and 
Sobol sequence) and the sampling size on the resulting SRC value (input parameter: oven temperature 
Toven; output variable: core temperature Tcore) at the roasting time of 8 min. The dashed line shows the 
mean SRC value after 1000 simulations using the Halton sequence. 

 

Figure 6: Mean (µi) and standard deviation (σ) of the Elementary Effects distribution of the model input 
parameters (in total 12 parameters symbolized as crosses with names) on the model outputs. The two 
lines in each of the plots correspond to µi = ± 2semi. 

 

Figure 7: Uncertainty of the predicted temperature development at the core with fixed values of cp,cm 

and kcm (red dashed lines) and with cp,cm and kcm as function of temperature and composition (blue 
dashed lines). 

 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

 

 

Figure 1: Schematic illustration of the geometry that was used in the model. 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

 

 

Figure 2: Uncertainty of the predicted temperature development using mean, 10
th

 and 90
th

 percentile: 

a) bottom temperature (position A), b) core temperature (position B) and c) surface temperature 

(position C). The 500 Monte Carlo simulations are shown in grey. 
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a) bottom temperature (position A), b) core temperature (position B) and c) surface temperature 

(position C). The 500 Monte Carlo simulations are shown in grey. 
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Figure 2: Uncertainty of the predicted temperature development using mean, 10
th

 and 90
th

 percentile: 

a) bottom temperature (position A), b) core temperature (position B) and c) surface temperature 

(position C). The 500 Monte Carlo simulations are shown in grey. 
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Figure 3: Uncertainty of the predicted moisture content development using mean, 10
th

 and 90
th

 

percentile: a) average moisture content, b) moisture content close to the bottom (position A) and c) 

moisture content close to the surface (position C). The 500 Monte Carlo simulations are shown in grey. 
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moisture content close to the surface (position C). The 500 Monte Carlo simulations are shown in grey. 
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Figure 3: Uncertainty of the predicted moisture content development using mean, 10
th

 and 90
th

 

percentile: a) average moisture content, b) moisture content close to the bottom (position A) and c) 

moisture content close to the surface (position C). The 500 Monte Carlo simulations are shown in grey. 
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Figure 4: Uncertainty of the predicted development of the texture parameters a) hardness (Ha) and b) 

chewiness (Cw) using mean, 10
th

 and 90
th

 percentile. The 500 Monte Carlo simulations are shown in 

grey. 
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Figure 4: Uncertainty of the predicted development of the texture parameters a) hardness (Ha) and b) 

chewiness (Cw) using mean, 10
th

 and 90
th

 percentile. The 500 Monte Carlo simulations are shown in 

grey. 
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Figure 5: Influence of the different sampling methods (Latin hypercube sampling, Halton sequence 

and Sobol sequence) and the sampling size on the resulting SRC value (input parameter: oven 

temperature Toven; output variable: core temperature Tcore) at the roasting time of 8 min. The dashed line 

shows the mean SRC value after 1000 simulations using the Halton sequence. 
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Figure 6: Mean (μi) and standard deviation (σi) of the Elementary Effects distribution of the model 

input parameters (in total 12 parameters symbolized as crosses with names) on the model outputs. The 

two lines in each of the plots correspond to µi = ± 2semi. 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

 

 

Figure 7: Uncertainty of the predicted temperature development at the core with fixed values of cp,cm 

and kcm (red dashed lines) and with cp,cm and kcm as function of temperature and composition (blue 

dashed lines). 
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Highlights:   

 

- Global uncertainty and sensitivity analysis is a strong tool in complex food processes 

- The mechanistic 3D model of chicken meat roasting was evaluated 

- The uncertainty in the model predictions were obtained with the Monte Carlo method 

- The most influencing model input parameters were identified and ranked accordingly 

- The benefit of the analysis was illustrated by using the result for model refinement 

 


