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Résumé — Ce travail présente la vérification d'une solution a un probleme inverse lié a la détection
thermique de champignons. L'objectif de ce probleme inverse est 1'estimation des propriétés thermiques
d'une couche uniforme de champignon lors d'expériences de laboratoire contrdlées. Des mesures de
température transitoires de la surface du champignon sont disponibles pour la résolution du probléme
inverse obtenue par l'algorithme de Metropolis-Hastings avec un échantillonnage par deux blocs
deparametres. Des mesures simulées sont utilisées pour la vérification de la solution.

Abstract — This works presents the verification of an inverse problem solution related to the thermal
detection of fungi. The objective of the inverse problem is the estimation of the thermal properties of a
uniform layer of a fungus in controlled laboratory experiments. Transient temperature measurements of
the surface of the fungus are available for the inverse problem solution, which is obtained by using the
Metropolis-Hastings algorithm with sampling by two blocks of parameters. Simulated measurements
are used for the inverse problem solution verification.

Nomenclature

Latine letters

C  volumetric heat capacity, J-m=-K'! Greek letters

c Specific heat, J-kg!-K"! U mean of prior distributions
h  heat transfer coefficient, W-m™2-K'! p density, kg-m™

k thermal conductivity, W-m-K"! o standard deviation of measurement
L length, m errors, °C

P vector of model parameters Indices and exponents

k unit vector a agar gel

T temperature, K f fungus

t time, S ini  1initial condition

A" covariance matrix P plastic

X spatial coordinate, m o) ambient/surroundings

Y vector of measured temperatures, °C
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1. Introduction

Several toxigenic fungi can result in significant risks to humans, animals and industrialized
products [1, 2]. Grains, leaves, fruits, and other dairy products can be affected by mycotoxins
produced by such fungi colonies [3]. Although JECFA [4] and ANVISA [5, 6] have established
intake thresholds of such microorganisms, clinical detection of intoxication is complicated by
biotransformation and a lack of literature correlating exposure to specific disease states [2].
Therefore, the early detection and control of fungi can contribute to diminish health problems
[7]. This work aims to detect the presence of fungi from infrared images processing. To this
end, the knowledge of thermophysical properties is necessary.

This work follows our previous studies involving the estimation of the thermophysical
properties of a fungus or of fungi colonies in controlled laboratory experiments. These studies
were based on different mathematical models depending on the situation under analysis, such
as a lumped formulation for small fungal colonies [8] and one-dimensional heat conduction
through uniform layers [9, 10]. The inverse analyses in these studies were all performed using
the Markov Chain Monte Carlo (MCMC) method implemented through the Metropolis-
Hastings algorithm [11-17].

Unlike standard studies that relied on the metabolic heat generation from active colonies for
the thermal contrast [3, 18], our works considered transient cooling processes for the estimation
of fungi thermal properties. In our previous works [9, 10], the sample was actively heated by a
Flash pulse at the beginning of the experiment, which unfortunately did not result in consistent
estimates when different regions of the fungus were used for the measurements. Here, we
consider that the sample containing a uniform layer of fungus grown over agar gel in a Petri
dish is initially in thermal equilibrium inside a biological incubator. The sample is removed
from the incubator and naturally cooled to the surrounding environment. During the cooling
period, temperature measurements are supposedly taken with an infrared camera of the surface
of the fugus open to the surrounding environment. These measurements are then used in the
inverse analysis, that is aimed at the estimation of the thermal properties of the fungus.
Depending on the inoculation process in a Petri dish containing agar gel, a uniform layer of
fungus can be formed, as presented by Figure 1, which shows one of our experiments with a
Petri dish inoculated with Aspergillus brasiliensis [19-21].

The advantage of the approach is to observe, with contactless measurements, the thermal
relaxation of a sample previously in equilibrium within a controlled thermal chamber, which is
particularly well suited to the characterization of micro-organisms in culture media and avoids
disturbing the medium with a more or less intense thermal excitation.

One difficulty with biological media is the presence of moisture transfer, but this
phenomenon is neglected herein. However, observing a simple thermal relaxation in the
absence of thermal excitation helps to mitigate their effects.

Figure 1: Petri dish inoculated with Aspergillus brasiliensis.



2. Methodology

2.1. Physical Problem and Mathematical Formulation

The physical problem involves one-dimensional heat conduction in a medium with three
layers, corresponding to the fungus, agar gel and plastic (material of the Petri dish wall), with
thicknesses Ly, L, and L, respectively (see Figure 2). The layers are in perfect thermal contact,
so that the heat conduction equation for this composite domain is given by:

oT(x,t) 9 AT (x, t)
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where C(x) = p(x)c(x) is the volumetric heat capacity, k(x) is the thermal conductivity. Heat
transfer through the boundary at x = (L + L, + L) is neglected, since the sample is supposed
to be located over a thermal insulating material. The sample is cooled by convection and
radiation through the boundary at x = 0, where T,, is the temperature of the surroundings and &
is the combined convection and linearized radiation heat transfer coefficient. The initial
temperature of the medium is uniform and given by Tj,;. Therefore, boundary and initial
conditions are given by:
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Figure 2: One-dimensional domain with three layers.

2.2. Inverse Problem

The inverse problem of interest for this work is focused on the estimation of the volumetric
heat capacity and thermal conductivity of the fungus layer, by using transient measurements
taken at the surface x = 0. The inverse problem is solved within the Bayesian framework of
statistics, where prior information available for all model parameters is taken into account [12-
18]. The vector of model parameters is given by:

P" = [P], P7] (2a)
Pl =Ly ka kp, Car Cp, Tooy Tini (2b)
P = [Lq Ly, Cp, ky, B (2¢)



and the subscripts f, @ and p refer to the fungus, agar gel and Petri dish wall, respectively.

The vector P, contains the parameters for which quite informative priors are available, while
the vector P, includes the parameters that are a priori known with larger uncertainties. Priors
for all model parameters were considered as independent truncated Gaussian distributions, with
means {4 and U,, and covariance matrices V; and V,, for P,and P, respectively. Measurement
errors, Y, were assumed as additive, Gaussian, with zero mean, uncorrelated and with constant
standard deviation o. Therefore, the posterior distribution is given by:

1Y -TP)'[Y - T(P)]
- E(P1 - Il1)TVIl(P1 — M) — E(Pz - ﬂz)val(Pz - ﬂz)}

for Py min < Py < Pimax and Py i < Py < Py gy, with p(P|Y) = 0 elsewhere, where T (P) is the
solution of the direct problem given by eqs. (1a-d) with known parameters P.

p(P|Y) exp{

Samples of the posterior distribution for P were generated in this work by using the
Metropolis-Hastings algorithm with sequential sampling by two blocks of parameters[12, 17].

3. Results

The direct problem given by eq. (1a-c) was solved with implicit finite-volumes, by using 60
volumes and a time-step of 10 s. The direct problem solution was verified by solving the same
problem with COMSOL, with 101 finite-elements and a time-step of 0.01 s. The exact value of
the P2 block used for the simulation were respectively: L, = 1.5 mm; Ly = 1.5 mm;
Cr=0.836 x 10°J-m>-K!; kr=1.66 W-m.K!; h =35 W-m2.K!

Figure 3 presents a comparison of these two solutions at x = 0, which exhibit a perfect
agreement on the graph scale. In order to avoid an inverse crime, the simulated measurements
were generated with the COMSOL solution, by adding a Gaussian random noise with standard
deviation of 0.5 °C. The simulated measurements are illustrated in Figure 4. The measurements
were supposed available with a frequency of 0.1 Hz, and the experimental data was used for
the solution of the inverse problem until the final time of 1 200 s.
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Figure 3: Verification of the direct problem solution.
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Figure 4: Simulated Measurements.



The values of means, standard-deviations, minima and maxima for the truncated Gaussian
priors used in this work are presented in Table 1. The Markov chains were simulated with 10°
samples, and statistics of the posterior were calculated by discarding the first 10* samples (burn
in period). Candidate samples for P;were generated from their priors, while a random walk
process obtained from a uniform distribution was used to generate candidates for P,. The
resulting acceptance rate was 28 %. The Markov chains were started at 10% above the
respective mean values for P, parameters and 20 % above the respective mean values for P,
parameters.

Parameter Mean Std. Dev. Min. Max.

L,, mm 0.8 0.008 0.008 80.0
kg, W-m'-K! 1.2656 0.0127 0.0127 126.56
ky, W-m".K! 0.1603 0.0016 0.0016 16.03

Cy, J'm3-K1 1.968 x 10° 1,968 x 10* 1.97 x 10* 1.97 x 108
Cp,Jm3K1  1.521x10° 1.521 x 10* 1.52 x 10* 1.52 x 10®

T, °C 20.0 0.20 0.20 2000.0

Tini» °C 38.0 0.38 0.38 3800.0

Ly, mm L5 0.15 0.15 5.0

Ls, mm 2.5 0.25 0.15 3.0

Cr.Jm3K1  1.968x 10° 7.0 x 10° 1.0x 105  6.0x10°
ke W-m™-K! 2.20 0.60 0.01 132.9
h, W-m?>K"! 35.0 2.0 20.0 100

Table 1: Truncated Gaussian priors for Py and P.

The Markov chains, as well as the histograms of the samples after the burn-in period, are
presented in Figures 5a,b, for Crand kg, respectively. An analysis of these figures reveals that
the Markov chains reached convergence for both parameters, with means very close to the exact
values of the parameters that were used to generate the simulated measurements. In fact, Figure
6 presents Geweke’s analysis for convergence of the Markov chains [12, 17] for parameters P,
thus demonstrating that the means at the beginning and end of the Markov chains differ by less
than 2 %.
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Figure 5: Markov Chains and histograms of: (a) Cy, and (b) ky.
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Figure 6: Relative difference of means at the start of burn-in and end of the Markov chains.

An important feature of the Markov Chain Monte Carlo (MCMC) method is that it naturally
allows the simulation under uncertainty of the dependent variables of the direct problem, with
the samples of the parameters at each state of the Markov chains. Figure 7 shows the
temperature variation at the surface x = 0, estimated with the means of the parameters after the
convergence of the Markov chains and the simulated measurements. The shadow area shown
in this figure gives the 95 % credible interval of the estimated temperatures. Estimated
temperatures follow very closely the measurements, as well as the exact temperatures shown in
Figure 3.
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Figure 7: Simulation under uncertainty of the temperature at x = 0.

Statistics of the marginal posterior distributions of the parameters P,are shown by Table 2,
including the means, standard deviations and 2.5 % and 97.5 % percentiles of the samples of
the equilibrium Markov Chains. This table shows significant reduction in standard deviation
only for Cy, while the other parameters kept similar values for their statistics despite they
reduced the range of the credible interval.



Parameter

Mean Standard dev. 95 % C. L
L,, mm 1.558 0.159 (1.16, 1.9)
L, mm 2.576 0.259 (1.95,3.2)
Cr, Jm3-K' 0.836x 106 2.33 x10°> (0.68 x 10°, 2.04 x 109)
ke, W-m'. K" 1.66 0.604 (0.483, 3.282)
h, W-m?2.K"! 35.02 2.08 (30.21, 40.20)

Table 2: Statistics of the posterior distributions for P..
4. Conclusions

This work presented the verification of an inverse problem solution aimed at the estimation
of the thermophysical properties of a uniform layer of filamentous fungus. The inverse analysis
was performed within the Bayesian framework of statistics, by using the Metropolis-Hastings
algorithm with sequential sampling by blocks of parameters, which allowed for the
simultaneous estimation of the parameters and their associated uncertainties. The results
obtained with simulated measurements, containing additive Gaussian noise to mimic
experimental conditions, demonstrated the effectiveness of the proposed methodology. The
Markov chains for the parameters of interest exhibited satisfactory convergence, and the
estimated values showed excellent agreement with the exact values used for the simulation.
Therefore, this study confirms the feasibility of the computational approach for characterizing
the thermal properties of biological samples. These findings support the application of this
methodology to experimental data obtained from real fungal colonies, an investigation that is
currently in progress.
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