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Abstract

New composite materials are always subjected to non-destructive evaluation (NDE) prior to being placed

on the market.  This is to fully understand the  reactions (i.e.,  development of defects)  at  the interface

between two subsequent layers. Active infrared thermography (aIRT) can help in this regard, especially if

anticipated by a simulation of the heat transfer from the exterior (lamp) to the interior (multilayer). Comsol

Multiphysics® was used in this work as a tool by developing an innovative approach, which is designed –
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on the one hand – to minimize the computational cost and – on the other hand – to optimize the radiation

to be delivered. The innovation produced by our work also concerns the pre-processing step of the thermal

images;  in  fact,  the  2D  Fast  Iterative  Filtering  (FIF2)  is  here  introduced,  discussing  its  benefits  in

comparison to previously developed techniques. Pre-processed data were further analyzed during the post-

processing step demonstrating the reliability of FIF2 in enhancing  thermal imprints, which leads to an

improved detection of subsurface features. In particular, enhanced thermal imprints highlight the shape of

the grid of glass fibres present beneath an external coating of hemp fibres (and, in general, added to the

whole specimen along the x-y vectors). This grid of glass fibres was recently introduced as an insulation

material for buildings. A brief review of the use of the pre-processing step in aIRT allows the reader to

better understand the decisive step forward provided by FIF2 combined with a clever numerical simulation

in the applied thermal engineering field. Qualitative and quantitative IRT results are shown and discussed

thoroughly.  Finally,  a  validation  among numerical  and experimental  (thermographic)  data  is  provided

thanks to the Parker (laser flash) method.

Keywords: infrared thermography;  pre- and -post processing;  computational  fluid dynamics; thermal

insulation; applied thermal engineering; heat transfer; 2D Fast Iterative Filtering.

1. Introduction

Pre-processing in thermal imagery is a step not so common as one might think. Post-processing is

instead a routine step put in practice by authors to improve the “significance”, i.e., the reading of nuances,

of thermal images. On the one hand, pre-processing is generally used to correct some parts of thermal

images, affected by, e.g., dead pixels, vignetting, etc. On the other hand, pre-processing of thermal images

is generally applied in medicine to detect cancers and distinguish false positives from false negatives.

As it  is  possible  to  see from the  short  review provided in  the following (Diagram 1),  the  pre-

processing step has rarely been used in heat transfer mechanisms when undetectable shapes to the naked

eye (i.e., the so-called thermal imprints) need to be inversely retrieved.
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Diagram 1: … continue to next page ...
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Diagram 1: Short review (from 1986 to 2021) of the works based on pre-processing algorithms for thermal images per field of

application.
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In total, twenty-seven manuscripts have been described in Diagram 1. Taking into account the 35-

year time-frame, this number is certainly a representative sample. 

It should be noticed that the present research falls into the renewable and clean-energy technologies

theme that  is  strictly  linked to the  technical  physics field mainly based on heat transfer concepts  and

thermodynamics.  In fact,  the authors studied an applied solution for improving energy efficiency and,

therefore, for reducing emissions thanks to the use of natural fibres. As can be seen from Diag. 1, not

much research has been conducted so far by considering the three cornerstones, (1) IRT – (2) pre- and

post-processing – (3) technical physics (i.e., applied thermal engineering). Also, only in the papers [13],

[17], and [26] the applied numerical modelling was used as a mean to proceed further with experimental

analyses. Readers can refer to the column on the right side in Diag. 1, which is marked with a red dot-

dashed rectangle. Therefore, it is worth looking into this line of research.

In this work the idea presented in [28] is further developed, by focusing the attention on a multilayer

sample used in civil engineering as insulation. This multilayer sample has a coating of scattered hemp

fibres, which has been recently developed and placed on the market [29-30]. The present work starts with

a numerical modelling,  which is used to study the behaviour of the heat flow inside the sample.  This

modelling,  which is built step-by-step, is innovative since aimed at minimizing the computational cost

without giving up on accuracy. Several tests were performed to choose the best heating time able to reach

the deeper layer. The use of mathematical methods applied to raw thermal images explains how a useful

and simple setup based on a thermal camera (working into the long-wave infrared spectrum) coupled with

a PC and two lamps allows to obtain new and interesting results.  Then, the innovative 2D Fast Iterative

Filtering (FIF2), the generalization to 2D of the well-established Fast Iterative Filtering algorithm, e.g.

[41]  and  [44],  is  presented  in  this  work  and  compared  with  previously  developed  techniques.  This

technique is used in this work as a pre-processing algorithm, which allows to remove high frequency and

low frequency oscillations from the thermal images. Pre-processed data were further analyzed in the post-
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processing step demonstrating the reliability of FIF2 to minimize the negative impact of thermal variations

at the border of the sample, as well as the high-frequency oscillations due to noise, therefore, providing clear

and precise thermal imprints to be segmented. The results (supported by a quantitative evaluation of the

Precision, Recall, and Accuracy parameters) confirm the high ability of the proposed pre-processing FIF2

method.  Computational  performance  like  this  cannot  be  found in  any of  the  works  published  in  the

technical physics field in the last 35 years, which are summarized in the right most column of Diagram 1. 

Also, the high insulation performance in term of thermal diffusivity of the coating layer made by

scattered hemp fibres (i.e., an anisotropic material) was confirmed using the Parker method (i.e., the so-

called laser flash method) [31], which has never been used, to the best of the authors knowledge, neither

on this type of material nor applying the experimental setup here proposed. This is a direct validation of

the numerical analyses performed in Comsol® environment, since it is centred on the material facing the

heat source (i.e., the most important layer forming the multilayer specimen).

 Therefore, the innovation brought to light from the current research with respect to Diag. 1 is based

on three cornerstones:

- The conceptualization of the modelling phase;

- The output and performance provided by the innovative  FIF2 pre-processing algorithm when

applied on thermal images detecting thermal imprints (e.g., the so-called thermal bridges in civil

engineering field);

The  modality  of  application  of  the  Parker’s  (laser  flash)  method  (i.e.,  in  reflection  mode  but

focalized on a small thickness of an advanced insulation material). 

The rest  of the manuscript is organized as follows. In Section 2, a description of the multilayer

specimen is given, followed by the modality of acquisition of thermal images in Section 3. Section 4

describes how the numerical model was built  and the main results obtained, whereas in Section 5 the

innovative  FIF2  pre-processing  tool  is  presented.  Section  6  focuses  on  the  description  of  the  post-

processing techniques, performance measurement procedure, and discussion of the experimental results.
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Section  7  validates  the  numerical  part  with  an  experimental  procedure  based  on the  Parker  method.

Finally, Section 8 ends the paper with conclusions.

2. Materials

The multi-layer material studied in the following is similar to the so-called ETICS - External thermal

insulation composite system, but, in the case presented in this work, contains a different kind of finishing

coating that includes hemp fibres. Therefore, the name of the layers differs a bit with respect to the usual

designations, i.e., expanded polystyrene (EPS), base coat reinforced with an embedded glass fibres mesh,

finishing coating, to underline the evolution of the product.

The specimen consists of a bearing base of styrofoam (insulating material), with a layer of cement

milk superimposed on this surface. A fibreglass reinforcement mesh (thereafter called grid) is embedded in

the  cement  milk  layer.  The latter  aims  to  homogenize  any mechanical  stresses  that  may start  on the

styrofoam towards the finishing layers. Stresses of thermal nature also cause inevitable expansion effects,

which determine deformations in materials containing different layers, like the one under investigation.

The fibreglass grid allows to homogenize of surface tensions. The choice of this material is not only due to

technical requirements (the grid is indeed very flexible and follows any irregularity during installation); in

addition, it is not subject to oxidative phenomena. Superimposed to the grid there is a layer of cement

mortar.  This  layer  was  not  applied  for  the  entire  length  of  the  specimen,  leaving  an  area  of  the

reinforcement grid not covered. This choice allows evaluating the thermal insulation effects offered by the

cement  mortar in addition to the remaining underlying stratigraphy of the specimen schematized by a

numerical model. Above the cement mortar, there is the last layer of hemp fibres. This layer has an area of

7.5 × 11 cm. Similar to the construction solution designed for cement mortar, it allows highlighting the

thermal insulation effect of the hemp fibres compared to the remaining underlying layers. The detailed

description of the stratigraphy in terms of thickness and thermophysical properties is shown in Table 1, see

[29] for more details.

7

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

1
2



Table 1 – Technical and thermophysical properties of the materials under analysis.  The last column on the right side

represents the porosity in terms of volume percentage. The number n. of each material, specified in the left most column,

corresponds to the number shown in Fig 1a. 

n. Material Thickness
 m 

Conductivity
W/mK 

Density
 kg/m3 

Specific heat
 J/kgK 

Emissivity
Ɛ

Porosity
[%] Vol.

1 Scattered Hemp
Fibres

0.001 0.038 25 1700 0.9 0.120

2 Cement mortar 0.0005 1.73 900 0.21 0.54 0.22
3 Fibreglass 0.0002 0.035 21 1030 0.75 0.44
4 Cement milk 0.0001 1.4 1540 0.87 0.92 0.147
5 Expanded

Styrofoam
0.0286 0.03 30 1450 0.6 0.497

In Fig. 1a, a picture of the specimen taken from different angles is shown, while in Fig. 1b an

image of the numerical model of the whole specimen is depicted. The numerical model inherent to

the specimen was numerically analyzed via the work-plane technique. 

a) b)
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Fig.  1:  Specimen:  a)  photograph  showing  the  five  most  important  areas,  and  b)  the  numerical  model

representation  of  the  whole  specimen.  In  Fig.  1a,  the  red  dash-dot  rectangle  highlights the  grey  area  2  (i.e.,  the

acquamarine in Fig. 1b), where the grid is hidden under one layer of material. The yellow area 1 (hemp fibres – i.e., the dark

blue in Fig. 1b) is where the grid is hidden under two layers of material. The centroids (subsequently explained) of each sub-

area are highlighted with a red cross.

With reference  to Fig.  1a,  it  should be noted that the following numerical  modelling part,

Section  4,  is  focalized  on  the  entire  specimen surface  constituted  by  four  areas,  while  the

experimental part, Sections 5 and 6, is focused only on areas 1 and 2 identified by a brace. Given the

thickness of these two areas, they represent the worst-case to detect the subsurface grid. 

3. Acquisition of thermal images

In order to study the behaviour of the specimen, the latter was placed on a wooden support at low

thermal conductivity. This to avoid local conduction effects at the contact surface. Fig. 2 shows the testing

scheme, including the thermal sources, which have a truncated cone shape. These devices generated a

controlled thermal load on the surface of the specimen itself. The thermal camera (FLIR S65 HS, 320 ×

240 pixels, 7.5 – 13 μm) was placed in the middle of the headlamps to capture the trend of the thermal

evolution, which develops on the surface shown in the left most panel of Fig. 1a, in the most homogeneous

way possible.
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Fig. 2: Testing scheme in the laboratory.

The projectors were equipped with Siccatherm® Osram 250 W lamps. 

4. Numerical modelling

4.1.Detail of the model

Firstly, based on literature data [32], a numerical model of the lamps was reproduced. Through the

Catia  V5® software,  the  geometry  of  the  lighting  body  was  built  in  terms  of  bulb  and  filament.

Subsequently, the geometric model was imported into Comsol Multiphysics® software.

Starting from the electric power developed by the filament (known from the nameplate) and having

selected tungsten as its constituent, the electric load was modelled. An electric power supply with known

characteristics was numerically simulated, which generated heating of the lamp for a time of 120 s. The

subsequent evolution without activated electric power lasted 510 s. The latter step was necessary for the

analysis of the cooling thermal transient regime. This allowed mapping of the temperature range of the

lamp – on the projective surface of the bulb – for both the heating and the cooling phases. In particular, the

numerical simulation of the cooling phase allowed to evaluate the evolution of the surface temperature of
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the lamp bulb. This step allowed also to understand the effect of the thermal inertia of the lamp otherwise

not determinable except by experiment.

When the electrical load ends, in fact, the lamp leads to a decrease in its surface temperature as a

function  of  the  thermophysical  conditions  of  the  surrounding  air.  In  our  case,  natural  convection

replicating the real thermophysical conditions of the test was modelled, i.e. T = 293.15 K, and relative

humidity (RH) = 50 %. The latter values were established through a thermohygrometer.

a) b) c)

Fig. 3: Images of the truncated cone lamp: a) photograph, b) model, c) trend of temperature field on three orthogonal

slice planes along the filament for a generic temporal instant of the heating phase. 

Fig. 3a shows an image that highlights the geometry of the lamp. Fig. 3b presents the reconstructed

geometric model. Finally, in Fig. 3c, a salient image of the numerical calculation model is depicted.

In particular, the temperature field for a generic time instant of the heating phase is shown in Fig. 3c.

The purpose of this  figure is to show to the reader  that the analysis  of the surface thermal  field was

obtained, not only by evaluating the effects of radiation, but also by calculating the convection effects of

the gas contained in the bulb of the lamp.

Fig. 4 shows the trend of the temperature field on the projective surface of the bulb of the lamp.
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Fig. 4: Trend of the temperature field on the projective surface of the bulb of the lamp.

The temperature profile of Fig. 4 is necessary as an input, saved in data format, to the final model for

the study of the evolution of the temperature range of the specimen.

The overall model, in fact, provides only for the insertion of the heat load law of the projectors,

instead of the physical elements. This technique allows to reduce the computational cost for a couple of

aspects, i.e.:

- a mesh is not necessary for the discretization of the projectors;

- the multiphysics must deal only with the coupling between the input forcing (as data format) and

the evolution of the energy transmitted in the form of heat into the specimen.

By carefully observing the two aspects described above, it is evident, first of all, that the projectors

do not require any further geometric representation/clarification, since they were studied in the previous

model. Secondly, the multiphysics does not have to couple the energy conversion between electrical and

thermal load at the same time, but it will only have to deal with the effect that the thermal forcing exerts

on the specimen.
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From the modelling point of view, in the 3D geometric model, two projectors were considered as

punctual elements in the space. The centroids of the projectors represent the absolute position, and the

temperature law calculated with the previous model is imposed at these two points.

Subsequently, the software calculated the view factor and the mutual effects between projectors and

specimens.  The  overall  model  foresees  the  realization  of  the  geometry  using  Catia  V5®,  faithfully

replicating the real topology of the model. Then, the geometry was imported into Comsol Multiphysics®

software as shown in Fig. 1b. 

The selection of the mesh of the specimen was particularly difficult in this case. In fact, even though

the external dimensions (parallelepiped) and the thicknesses of the layers making up the model are regular,

it was not possible to use of a swept mesh. The presence of a reinforcing grid which does not have contact

with any upper layer for a certain extension of the specimen, in fact, made impossible the use of a swept

mesh, since there was no correspondence in terms of the number of nodes between the top and bottom

surfaces.  The meshing procedure on the grid constrained the choice of a tetrahedral  mesh. Given the

geometric dimensions of the grid, a nodal thickening of 0.0001  m  and a resolution of narrow regions

equal to 0.25 were necessary. These values were obtained through a series of iterations to evaluate the

most efficient refinement while minimizing the computational cost. The meshing process was complex

also for the cement milk layer. The insertion of the warp and weft of the fibreglass inside the cement milk

resulted in the formation of a series of parallelepipeds having a square base which appeared to be the

negative of the footprint of the grid itself.  The mesh of the cement milk, therefore, required the same

degree of accuracy as fibreglass. Given the regularity of the bottom of the layer (single parallelepiped), it

was possible to reduce the number of nodes by controlling the  maximum element grow rate parameter

along the x vector (i.e., the depth). For the remaining layers, the mesh was built thanks to the automatic

process.  The model  as a whole has several  nodal elements  equal  to 372346 element  domain,  132258

boundary domain, and 28150 edge domain. Considering both the required multiphysics and the number of

degree of freedom (DOF) to be solved, it was almost impossible to calculate the necessary numerical
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model with an ordinary personal computer (PC). Considering a storage capacity of 16 Gb, for the selected

multiphysics it was necessary to reduce the number of nodes to a maximum of 3 × 106 as described in the

graph titled Memory requirements (with a second-polynomial curve fit) with respect to degrees of freedom

for various representative cases [33].

The problem could be solved through the specular surface geometry of the specimen with respect to

the plane of symmetry  xz,  ref. Fig. 1b. At this point, it was necessary to make a “numerical” cut of the

model by defining a work plane that virtually transects the geometry into two mirrored parts. Through the

partition object controller,  it  was possible to separate the numerical  part  into two analysis  parts. Two

distinct approaches could be followed at this point: 

- the first approach is solving the first half-part of the model and, subsequently, the second half-part

by coupling them; 

-  the second approach is  solving  only one semi-part  of  the  model,  mirroring  the solution.  This

second approach requires, however, an appropriate analysis of the boundary conditions.

The latter approach was followed herein. Since the specimen was in contact with the environment,

whose  boundary  conditions  do  not  vary  on  its  sides,  it  was  possible  to  set  natural  convection  and

irradiation conditions on the whole model except for the virtual side named  work plane. The material

continuity boundary condition was set on the work plane.

This was necessary to obtain a  homogeneous temperature field behaviour  at  the union interface

between the two half-parts. In Comsol Multiphysics®  software, the settings that allowed these conditions

were the  Continuity on Interior Boundary −n ∙q=q0on∂Ω (where:  q is the conductive heat flux vector

(W/m2), n is the normal vector out at the surface under analysis, q0 is the inward heat flux (W/m2), and Ω

is the frontier  of the layer  domain)  for radiative effects  (using the Rosseland approximation)  and the

thermal insulation n ∙ (k∇T )=0 for conductive effects.

This allowed to obtain a continuity of the homogeneous thermal field before and after the  work

plane. The physics set both for the numerical solution of the projector and the overall model was the Heat
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Transfer with Radiation in Participating Media. Concerning the projector, the  Heat Transfer in solids

(which was responsible for evaluating the heat transfer on the materials in the solid-state of aggregation,

e.g. the lamp bulb) was on the basis of the physics (Eq. 1).

ρCp
∂T
∂ t

+ρCpu ∙∇T⏟
1

=∇ ∙ (k ∇T )+Q+Qr
(1)

Where  ρ,  indicates  the density  in  kg/m3,  Cp the specific  heat  at  constant  pressure J/kgK,  T the

temperature in K, u represents the velocity field tensor m/s (here, the term 1 of Eq. 1 is null because the

components are mutually immobile), Q indicates the source/sink of heat expressed in J, and Qr is the heat

source / radiative sink of heat expressed in J.

Regarding the aeriform (i.e.,  the internal  protection gas of the bulb) the  Heat Transfer in fluids

function was used (Eq. 2).

ρCp
∂T
∂ t

+ρCpu ∙∇T⏟
1

=∇ ∙ (k∇T )+Q+Qr+Q vd+Qp
(2)

Eq. 2 differs from Eq. 1 for the term 1 which, in this case, is not null due to the convection effects of

the fluid, as well as for the heat  Qvd of the viscous dissipations J and, lastly, for the heat  Qp due to the

effects of the pressure load J. On the other hand, the overall model is governed not only by Eq. 1 and Eq.

2, but also by Eq. 3, which regulates the radiative effects coming from the projectors.

Si ∙∇ I i⏟
1

=k I b (T )⏟
2

−β I i⏟
3

+
σ s

4 π
∑
j=1

N

ωj I j ∅ (Si , S j )
⏟

4

(3)

The term 4 of the Eq. 3 shows the presence of a discretization of the angular space; usually, the term

4 is presented in the integral form extended from 0 → 4π to analyze all directions. In our case, since there

were only two projectors that imposed the thermal load, the term 4 degenerated into numerical quadrature

of discrete directions. In Eq. 3, the summation has upper term N, which corresponds in the present case to

2. In particular, the term 1 of Eq. 3 represents the radiative intensity gradient  I as the  i-th component

projected in the S direction. Regarding term 2 of Eq. 3, the letter k is the absorbed fraction of the radiative

intensity evaluated for the black body Ib(T). In term 3 of Eq. 3, the fraction β indicates the radiant intensity
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Ii with respect to the generic i-th direction. The term 4 of Eq. 3 is inherent to the scattering coefficient σs

divided by 4π as the function is spatial. The remaining part of Eq. 3 term 4, the summation, indicates the

phase function, which evaluates the probability that a generic ray from the direction Si is projected in the

direction  Sj. The definition of the phase function depends on the material constituting the single layer,

while the  ωj term indicates the  j-th direction. To allow the overall numerical model to incorporate the

effects  of the projectors and the surrounding air,  which are not included in the model,  the Rosseland

approximation should be introduced. The Rosseland approximation assumes that the coupling medium

(both the air surrounding the model, and the air between the lamp and the projector box) is optically dense.

Calling τ the optical thickness, this must assume a value τ >> 1. More precisely, by defining the integral of

the absorption coefficient, κ along a typical optical path S, Eq. 4 can be written:

τ=∫
0

S

κds
(4)

From the  modelling  point  of  view,  this  approximation  has  a  very  limited  impact  (in  terms  of

computational cost). In fact, it does not introduce any further degrees of freedom into the heat equation.

Conversely,  it  adds  a  non-linear  contribution  to  thermal  conductivity.  Therefore,  the  method  here

explained is widely used. In fact, it avoids representing physically in the numerical model media whose

optical thickness is high. However, since it provides a simple approximation of heat transfer by radiative

effects in coupling media, it must be used carefully. In particular, the fraction of radiative heat Qr coming

from  the  interaction  of  the  thermal  beam  and  the  coupling  air  medium  is  evaluated  following  the

relationship shown in Eq. 5. 

Qr=
4 π
β

∇ I b
(5)

Where the symbols of Eq. 5 have been described previously.

Also, the fluid dynamic model for the coupled analysis of radiative and convective phenomena requires a

specific package of Comsol®, i.e.  the laminar flow, integrated with a dedicated multi-physics. The latter

deals with correlating the radiative effects with the convective ones. The set of governing equations of this
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package includes the conservation mass equation in the conservative form (Eq. 6) and the compressible

flow equation (Eq. 7), respectively.

∂ ρ
∂t

+∇ ∙ ( ρu )=0
(6)

ρ
∂u
∂ t

+ρ u ∙∇u=−∇ p+∇ ∙(μ (∇u+(∇u )
T )−2

3
μ (∇ ∙u ) I)+F (7)

Where  ρ is the density in  kg/m3, μ is the dynamic viscosity in  Pa·s,  u is the velocity in  m/s,  p is the

pressure in Pa, F is the volume force vector N/m3.

In the following, a spherical integration domain – for the fluid dynamics part only – was selected. This

choice  was  dictated  by  the  lower  computational  cost  that  a  sphere  requires  with  respect  to  the  cube

domain. This was made possible by the geometry of the multilayer that has the measurements of the same

order of magnitude. The cubic domain – used in the case of thermal analysis of the specimen only – is

larger respect to the fluid dynamics domain of the air medium representing the spherical domain. The

spherical domain, in fact, is a subdomain of the cubic one. Therefore, the calculation of the number of

nodal elements for the mesh is simplified and, at the same time, the spacing of the nodal elements near to

the boundary domain is optimized. Also in this case, the lamps were not considered because, as mentioned

previously, they were useful to the modeller only for the forcing as well as for the thermal inertia in the

form of external body (i.e., not as a Dirichlet condition on the surface of the multilayer).

The real complexity of the convective calculation lies exclusively in the evaluation of the coefficient h. In

fact, a functional relationship that links the convective exchange coefficient to some physical quantities

related to the analysis already exists. The relationship of interest is reported in Eq. 8. 

h=f (λ , ρ ,Cp , μ ,L ,w∞ ) (8)

where λ is the thermal conductivity W/m2K, ρ is the density kg/m3, Cp is the specific heat kJ/kgK, μ is the

dynamic viscosity kg/ms, L is a geometric parameter dependent to the geometry and expressed in m, and

w∞ is  the  velocity  of  the  fluid  in  undisturbed  conditions  in  m/s.  Bearing  in  mind  the  multitude  of

parameters on which h strictly depends, its determination is complex. To reduce the independent variables
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to be analyzed, dimensionless groups are introduced (including Nusselt, Grashof and Reynolds) to study

the fluid distribution in space. The Nusselt and Reynolds numbers are of particular interest for this study.

The first is a ratio between the amount of heat exchanged by conduction and the amount of heat exchanged

by convection,  while the second is the ratio between the forces of inertia and the viscous forces. The

former can also be determined through other dimensionless groups through empirical relationships among

which the famous Mc Adams’s relation for vertical flat surfaces that functionalizes Nusselt as follows.

Nu=CGraPrb (9)

Where for Re < 109, the terms C, Gr and Pr represent a constant value depending on the geometry of the

problem under analysis, the Grashof number and the Prandtl number, respectively. The exponents a and b

are empirical coefficients related to the system under analysis. However, having a modelling software it is

possible to express the Nusselt number differently by purifying it from the empirical coefficients, which

are certainly more suitable for a generic problem than for a specific case. For this, a specific variable was

created in Comsol® Nusselt Variable that calculates the trend in the integration domain thanks to Eq. 10.

( 3Ddomain convectiveheat flux [ Wm2 ]
3Dlocal point domain temperature [ K ]

) ∙minimum specimen¿ [m¿]

3Ddomainmean effective thermal conductivity [ WmK ]

(10)

In this way, thanks to the variables inside the code, it is possible to go back to the Nusselt value without

the use of empirical coefficients.  As for Prandtl,  there is already a variable implemented in the code.

Thanks to the Number and Prandtl numbers it is possible to have a whole scenario of the influence of

convection on the model under analysis. To show the trend of the Reynolds and Prandtl numbers, the

readers may refer to Fig. 5.
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a) b)

c) d)

e) f)

g) h)
Fig. 5: Calculated trend of the dimensionless Reynolds and Nusselt numbers: a) Nusselt at 100 s, b) Reynolds at 100 s, c)

Nusselt at 300 s, d) Reynolds at 200 s, e) Nusselt at 300 s, f) Reynolds at 300 s, g) magnification in the proximity of the

specimen with respect  to a generic  instant  of time for  the calculation of the Nusselt  number,  and h) magnification in the

proximity of the specimen with respect to a generic instant of time for the calculation of the Reynolds number.
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In the spherical domain shown in Fig. 5, the trends of both the Reynolds number and the Nusselt number

were calculated for some instants of time of interest. In particular, the Figs. 5a, c and e, show low Nusselt

values centered around zero. Bearing in mind that the thermophysical properties of the experimental test

have infinitesimal variations – except  for the surface temperature of the specimen –, the heat transfer

coefficient has a direct proportionality to the Nusselt number. It is obvious that for an energy transfer

coefficient in the form of negative heat, the Nusselt number will be negative accordingly. The fact that the

Nusselt number is perfectly centered with respect to zero, it agrees with Figs. 5b, d and f that show a very

low Reynold number typical of natural convection in still air. Figs. 5g and h show magnifications in the

proximity of the specimen, while the blank area shows that the computation domain is only on the fluid,

and this underlines the numerical correctness of the model.

4.2.Results and Discussion of the numerical part

The heated specimen is shown both in Fig. 6 and in Fig. 7 for the heating up and cooling down

phase, respectively.

a) b) c)

d) e) f)
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Fig. 6: Trend of the heating phase of the specimen registered after: a) 10 s of heating, b) 20 s of heating, c) 30 s of

heating, d) 40 s of heating, e) 80 s of heating, f) 120 s of heating.

Fig. 6a shows how the thermal field is characterized by a temperature range of 1.2 K on the surface

of the specimen. In particular, the area less sensitive to thermal load is the one inherent to the hemp fibres

(i.e., the yellow area in Fig. 1). The insulating effect of this layer compared to the layer of cement mortar

near to it is evident. It is possible to notice the presence of the grid under the layers of the cement mortar.

It is interesting to see how the correct setting of the boundary condition of the numerical model can be

verified precisely from the corners at the top right and the top left. The right approach undertaken is made

evident  both  by  the  symmetry  of  the  temperature  field  and  by  the  non-homogeneous  trend  of  the

temperature field near the right and left vertices.

In Fig. 6b, it is possible to notice a homogenization of the temperature field on the front surface,

while the thermal gradient between the points of it goes up to 1.8 K. The grid beneath the cement mortar

gradually becomes less evident; this fact is due to the homogenization of the temperature value between

the surface layer and the remaining subsequent layers.

In Fig. 6c the homogenization of the temperature field on the surface is shown. The temperature

gradient on the surface is ~1 K, and the reinforcement grid inside the cement mortar layer becomes less

and less evident. On the other hand, it is interesting to note how the thermal diffusion of the fibreglass is

such that its surface temperature value does not quickly adapt to the temperature value of the layer that

contains it. Although the latter is particularly thin (the thickness of the fibreglass is 0.0002 m), the texture

of the grid appears clearly both inside the layer of cement milk, and beneath the layers of cement mortar. 

In Fig. 6d, it is possible to notice a further homogenization of the surface temperature field, with a

surface gradient of ~1.5 K. The reinforcement grid is less and less visible beneath the layers of cement

mortar. It is evident that the homogenization tends to occur also for the reinforcing grid inside the cement

milk.
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Fig. 6e shows that the homogenization process of the thermal field completes its process of diffusion

over the entire surface layer. The surface temperature gradient between the points at the greatest difference

is ~1.1 K, while  through the thickness  there is  a maximum gradient  of 4.46 K. It  is  still  possible  to

distinguish the position of the reinforcement grid for the cement mortar layers.

In Fig. 6f, the reinforcement grid is almost completely homogenized in the cement milk layer. The

temperature gradient between the points of the surface layer at the greatest difference is ~1.3 K. The trend

along the x vector, which appears homogeneous and uniform despite having an additional layer of hemp

fibres (i.e., the yellow area (1) in Fig. 1a), is of particular interest.  Regarding the trend of temperature

gradient through the thickness, a value of ~5.2 K can be detected.

As previously said, Fig. 7 shows the trend of the cooling phase of the specimen.

a) b)

c) d)
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e) f)

g) h)

i)

Fig. 7: Trend of the cooling phase of the specimen registered after: a) 10 s of cooling (130 s from the beginning of the

experiment), b) 20 s of cooling, c) 30 s  of cooling, d) 80 s of cooling, e) 180 s of cooling, f) 280 s of cooling, g) 330 s cooling,

h) 380 s  cooling, i) 390 s cooling.
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Fig. 7a shows how the numerical model also calculates the effects  of thermal inertia  due to the

cooling of the projector plus the thermal release that the material making up the specimen undergoes. The

considerable reduction of the thermal load when the projector turned off led to a lowering of the surface

temperature of the specimen. This condition highlighted the reinforcement grid beneath the mortar layers

which was not visible at maximum heating (Fig. 6f). 

The area of the specimen not covered by cement mortar also makes the grid more evident than in

Fig. 6f. In Fig. 7b the thermal imprint of the reinforcing grid appears slightly detectable also on the hemp

fibres layer, above all for the area proximal to the cement mortar. This is of great interest by considering

the experimental results described in sub-section 6.2. 

It is possible to observe that the temperature gradient equal to ~1.3 K remained unchanged on the

frontal plane. Even after 20 s of cooling, the temperature difference on the surface was almost like during

the heating phase. This is due to the strong characteristics of insulation on which the specimen is based on.

In Fig.  7c  the  reinforcing  grid  in  the  upper  zone of  the  hemp fibres  layer  is  imperceptible.  In

addition, the grid beneath the cement mortar layer is difficult to distinguish, while its shape is clear on the

cement milk layer.

In Fig. 7d the presence of the reinforcement grid in the cement milk layer remains evident. As the

cooling time increased, the layers were homogenized in terms of temperature gradient on the surface; in

addition, the grid became less and less visible even on the cement milk (Fig. 7e). Finally, through the

thickness a very homogeneous stratigraphy of the temperature field can be seen (Figs. 7f, g). By seeing the

upper layer of the cement mortar (Figs. 7f, g), an ellipsoidal shape of the temperature field with higher

values than the rest of the layer itself appears at the center. The slight difference is attributable to the edge

effects  responsible  for  the  further  decrease  in  temperature  at  the  perimeter  while  maintaining  the

conditions of the central area at the same temperature (Fig. 7h). A further effect is the presence of the

reinforcing grid only at the interface between cement mortar and cement milk. This is linked to the local
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convective effects responsible for the temperature gradients that one has at the interface of the materials.

The same effects are also visible in Fig. 7i. To evaluate the trends of the temperature field through the

thickness of the specimen, four directions were identified on the numerical model along the x-axis of Fig.

1b. These directions were selected one for each centroid of the areas shown in the same figure (i.e., areas

1, 2, 3, 4). They highlight the virtual probes with respect to which the temperature trends shown in Figs. 8

and 9 were evaluated.

a) b)

c) d)

e) f)
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Fig. 8: Temperature trends through the thickness of the specimen during the heating phase after: a) 10 s of heating, b) 20

s of heating, c) 30 s of heating, d) 40 s of heating, e) 80 s of heating, f) 120 s of heating.

As it can be seen in Fig. 8a, the surface temperatures subjected to the same heating (10 s) are not

identical for all the materials being analyzed. It is evident that, for the cement mortar, the difference of

~0.05 K is given by the convective effect evaluated by the numerical model. The position of the specimen

generated an upward trim tabs effect resulting in a lower surface temperature in the upper part of the

model while, in the most central part of the model itself, it is less affected by the convective effects. As for

the  other  layers,  they  have  lower  surface  temperatures  than  cement  mortar.  By  carefully  seeing  the

temperature trend of Fig. 8, the maximum surface temperature is reached by the cement mortar directly

exposed to the air (see the lowest part of the specimen), followed by the face of the same material at the

highest part of the specimen.

The remaining materials facing the lamps, namely, the cement milk embedded in the glass fibres

reinforcement grid and the hemp fibres layer were at lower surface temperatures. Hemp is the material that

has a lower capacity to undergo an increase in surface temperature, with the same external thermal load

imposed. What appears particularly interesting in the temperature trend is the abrupt variation of the first

derivative that all the temperature curves have at a depth of 0.0018 m. This thickness is obtained from the

sum of the layers of hemp fibres, plus the cement mortar, plus the cement milk, plus the glass fibres grid.

Beneath the latter layers, only the styrofoam is present. The temperature trends show differences only for

the surface layers. Regarding the trends inherent to the directions of the cement mortar, a uniformity of all

the curves can be noticed at the depth of 0.0018 m. Regarding, instead, the temperature trend inherent to

the  direction  of  the  cement  milk,  the  same slope  (slightly  out  of  phase  forwards)  can  be  noticed  if

compared to the remaining layers; this was due to the lower insulating effect of the upper layers. The knee

of the curve inherent to the hemp fibres is of great interest. The re-increase in temperature (starting from

289 K drops to 289.98 K to return at 289 K) was due to the thermal inertia of the styrofoam. In fact, the
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styrofoam layer transfers energy in the form of heat to the area where the hemp fibres layer is to re-balance

the temperature. This effect is here visible due to the insulating effect of the hemp fibres. The same effect

has occurred for the cement milk, but, since the latter had a higher thermal diffusion than the hemp fibres,

it was unable to retain the heat energy. This determined that the green curve in Fig. 8a has followed,

without overlapping, the remaining temperature trends. From a thickness of ~0.006 m, all the curves were

uniform, which made it impossible to distinguish the various trends.

In Fig. 8b, the trends of the temperature field are very similar to the previous ones, but with a higher

surface  temperature  value.  The effect  of  the  temperature  knee  is  always  present,  but,  in  this  case,  a

decreasing temperature gradient, with two visible passages with zero derivatives for temperatures 289.62

K and 289.6 K, exists. Since the surface temperature of the styrofoam is higher than the previous case,

there is an effect of energy transfer in the form of heat from the external surface towards the styrofoam

layer without any reversal.

In Fig.  8c,  the effect  is  similar  to the previous case,  but the leveling of the temperature  curves

occurred for a thickness of 0.01 m instead of 0.006 m. Therefore, the temperature equilibrium between the

different layers cannot be seen at the interface styrofoam – cement milk, but inside the styrofoam itself.

Fig. 8d shows a trend of the curves like the previous one, but two differences can be highlighted: the

surface temperature of the hemp fibres is higher than that of the cement milk; the temperature equilibrium

occurred at a depth of 0.012 m within the layer of styrofoam. 

In Fig. 8e a change in the temperature field is evident with an alignment of the surface temperatures

to a similar value between layers (~291.8 – 292.8 K). The absence of knee is evident for the hemp fibres

curve, while the distance between the temperature profiles for the depth between 0.0018 m – 0.01 m stands

out. Instead, in the previous case, a more compact trend was found. Furthermore, up to a thickness of

0.016 m there was no equilibrium between the temperature trends. In particular, the thermal equilibrium

was not recorded except for the second half of the thickness of the styrofoam layer.
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In Fig. 8f, a behavior similar to the previous case can be seen, but it is evident that the surface

temperature of the hemp fibres exceeds the other trends. The temperature curves up to a thickness of ~0.02

m have  a  different  slope.  Starting  from 0.016 m and  for  the  entire  remaining  thickness,  a  perfectly

equivalent temperature trend is observed on all the different materials included in the specimen. 

Fig. 8f is inherent to the maximum heating, whereas Fig. 9 presents the behavior of the specimen

during the cooling phase. Fig. 9a shows the trend of the temperature range after 10 s of cooling, i.e., after

130 s since the beginning of the analysis. The trend of the curves is like that of Fig. 8f, but it is possible to

notice a difference in the surface temperature of the hemp fibres. The latter grows further by ~0.1 K, even

though the heating phase is completed. This is attributable to the thermal conductivity which is lower than

that of the materials present on the surface exposed to the thermal load. Therefore, this surface had a

reduced propensity for dissipation and the thermal  inertia  caused here a slight increase in the surface

temperature. In addition, all curves tended to maintain the temperature values as in Fig. 8f, but shifted of

~0.001 m towards the face not directly exposed to the thermal load. This effect starts at depth 0.002 m and

continuous up to 0.018 m, and it can be attributed to the thermal displacement. Both in Fig. 9b and Fig. 9c,

the effects are similar to the previous case with an increase of 0.1 K for every 10 s of cooling.

Also, for the depth temperature trend, the same behavior occurred. These effects are attributed to

thermal conductivity, thermal inertia, and typical effects of the phase shift particularly high in materials for

thermal insulation.

In Fig. 9d a change in thermal behavior for both the hemp fibres and the cement mortar exists. The

surface temperature increased for all the materials by ~0.1 K; however, of particular interest are the curves

exploring  the  thickness  of  the  specimen.  These  trends  are  preserved  in  terms  of  first  derivative  and

temperature. However, a translation (from 0.018 m to 0.023 m) with respect to the depth that passes from

the temperature limit (never modified previously) can be noticed.

In Fig. 9e it is possible to see a change of derivative in the analyzed curves. In particular, through the

thickness of the specimen, there is a lower slope of the curves that leads the undisturbed limit  of the
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temperature from 0.018 m (depth) to 0.025 m. This effect balances all temperature trends inherent to the

specimen by also increasing the surface temperature by ~0.3 K. In fact, from this moment on, a change in

the thermal behavior of the specimen is present. 

Subsequently,  a  progressive  linearization  of  the  temperature  profiles  can be noticed.  Obviously,

since the specimen has a little thickness, the end of the thermal load starting from 180 s, leads the entire

object  to  thermal  equilibrium.  It  is  understandable  that  the internal  energy of  the specimen increased

during the heating phase, causing, in the cooling phase, an increase in the surface temperatures, which was

proportional to the thermal conductivity of the materials constituting it.

In Fig. 9f and 9g, the aforementioned linearization of the temperature curves can be seen, which

brings  the  evolution  of  the  temperature  field  of  the  insulating  specimen  closer  over  time  to  generic

building material.

In Figs. 9h and 9i, it is possible to notice the cooling conditions at 380 s and 390 s, respectively.

Here, the surface temperature tends to become similar for all the layers analyzed and, in particular, there is

a difference between the hemp fibres and the cement milk of only 0.5 K. The equilibrium temperature for

the face not exposed to the thermal load remained unchanged throughout the test, although it moved to a

depth of ~0.029 m. During the analysis of the curves for the entire depth of the styrofoam layer, the trends

of the first derivatives changed the modulus of the angular coefficient but never its sign.

a) b)
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c) d)

e) f)

g) h)

i)
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Fig. 9: Temperature trends through the thickness of the specimen during the cooling phase after: a) 10 s of cooling (130 s

from the beginning of the experiment), b) 20 s of cooling, c) 30 s of cooling, d) 80 s of cooling, e) 180 s of cooling, f) 280 s of

cooling, g) 330 s of cooling, h) 380 s of cooling, i) 390 s of cooling.

Since the calculated temperature differences here presented are very small, mostly less than 1 K, a

sensitivity analysis (Fig. 10) is provided.

a) b)
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c)

Fig. 10: Sensitivity analysis: a) The red hatch shows the analysis area of the numerical model on which the sensitivity

analysis is performed; b) Totality of the temperature trends for all the analyzed thermal conductivity. The red arrow indicates

the  compaction  direction of  the  temperature  trends  during  the  time  evolution  of  the  numerical  model.  The reader,  by

observing the overcrowding of the curves, may note as the calculated time instants increase, the model tends to numerical

stability; c) Magnification of the first five temporal moments (Fig. 10b) to evaluate the differences in the temperature field

trend for the analyzed thermal conductivity.

It  allows  to  test  the  response  of  the  numerical  model  to  changes  of  the  input  variables.  For

completeness, the analysis took place on an area of the model having a full stratigraphy (i.e., the dash-dot

red highlighted area shown in Fig. 10a). Since, in this case, the thermal load applied predominantly on the
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expanded  styrofoam  layer,  the  sensitivity  analysis  was  carried  out  by  assigning  different  thermal

conductivity values to it, leaving the values of the remaining materials unchanged. 

The different values provided in input to the model (only for expanded styrofoam) were: 0.038, 0.04,

0.05, 0.06, 0.07, 0.08 W/mK. The first value (0.038 W/mK) is the real value, while the next five values 

were selected to test the sensitivity of the model with a variation (in the order of one hundredth) of the

thermal conductivity at the input. 

In Fig. 10b, the curves obtained for the entire evolution over time of the calculation (i.e., 510 s) are

shown. They refer to all the different thermal conductivity values assigned to the first layer, leaving the

values  of the remaining layers unchanged. The trends do not have the respective legend and, therefore,

they  are  only  identifiable  in  term of  general  trend  and not  as  a  single  answer.  This  choice  has  two

particular reasons, namely: a) trying to explain the behaviors of six different thermal conductivities related

to each time instant evaluated in the entire model with an appropriate legend would have required a large

number of figures. Just think that the model under analysis, for this figure, contains six curves for 510 time

instants (i.e., 3060 curves); b) this graph must serve to understand the stability of the numerical model. In

fact, by grouping all the trends into a single graph, the reader may note that the behavior of each single

series of curves (generated for each time instant of the respective six thermal conductivities)  thickens

starting from the base of the red arrow up to the vertex. This ensures that, during the calculated time

evolution, the model tends to a stability as visible from the increasingly close temperature trends.

In Fig. 10c, the trends of only the first five time instants have been extrapolated. This in order to

show the trends of the curves for the single time instants and, therefore, to understand a little deeper the

logic of calculation-comparison used for the study of stability and sensitivity of the numerical model. 

It should be noted that the curve at lower temperature is linked with the thermal conductivity having

the lower modulus value. In addition, the model appears immediately stable starting from the depth of the

second layer. It is evident that the angular coefficients of the temperature curves remain almost unchanged

for the layers subsequent to the first, guaranteeing the stability of the response to the calculation of the
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model. Furthermore, changes in the first layer of thermal conductivity in the order of one hundredth of a

W/mK lead to changes in the calculated temperature below 0.25 K. This ensures that the perturbations of

the calculated temperature propagate themselves for less than 1/4 K in terms of model response.

5. The 2D Fast Iterative Filtering method as a pre-processing tool 

In this section, the authors present a new 2D version of the so-called Fast  Iterative Filtering (FIF)

method to pre-process the signals under investigation to reduce their noise content and to detrend it.

One of the alternative algorithms to the well-known Empirical Mode Decomposition (EMD) [34] for

the decomposition of nonstationary and nonlinear signals  is the basic Iterative Filtering (IF) algorithm

initially introduced by Lin et al. in 2009 [35]. The properties and characteristics of this technique, also in

comparison with the EMD, have been already extensively presented and discussed in previous works, e.g.

[28,  36-40,  73-76].  The  mathematical  analysis  of  the  IF  method  [36,  41-44,  70-72]  allows  both  to

guarantee  a  priori  its  convergence  and  to  accelerate  the  algorithm  via  the  Fast  Fourier  Transform

producing the aforementioned FIF technique [41, 44].

The IF method has been extended in [45] to deal with 2D and higher dimensional signals. In this

work, the FIF algorithm is extended, introducing the 2D Fast Iterative Filtering (FIF2) (Tab. S1 – see the

‘Supplementary  Material’  section).  A  Matlab  version  of  the  proposed  FIF2  algorithm is  available  at

www.cicone.com.

FIF has been also extended to deal with multivariate signals, which are multichannel signals which

are varying over time [46].  The proposed method, instead, considers signals which are varying over space,

but not over time.

In FIF2 the input s is an image and the FFT and iFFT represent the 2D Fast Fourier Transform and

inverse Fast Fourier Transform, respectively. As for the 1D version, the filter function w  is chosen to be a

positive,  compactly supported bidimensional  function with unitary volume, which has been convolved

with itself to guarantee the convergence of the method [36, 45]. 
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The authors point out that in Eq. 11 (see the ‘Supplementary Material’ section) the products as well

as powers are all  entry-wise.  They are the so-called Hadamard products and powers.  Working in  the

frequency domain still allows to check the classical stopping criterion for the IF scheme, thanks to the

isometry property of the FFT.

In Figures 11 and 12, the authors show examples of a 2D thermal image pre-processing (PreP) by

means  of  the  proposed  FIF2  algorithm  compared  with  a  Discrete  Wavelet  Transform  (DWT)  and

Multidimensional  Ensemble  EMD  (MEEMD)  pre-processing  [77,78].  The  original  thermal  image  is

shown in the left panels of the first rows. The filtered mesh produced using DWT, MEEMD, and FIF2 are

shown in the right panel of the first rows and the left and right panels of the second rows, respectively. To

produce the MEEMD, an ensemble of 100 elements is considered, as suggested in the papers [77,78]. For

the DWT, the Daubechies wavelet ‘db45’ were used.
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Fig. 11: First row: left panel, original thermal image of the grey area 2 of the specimen, ref. Fig. 1a. Right panel, after PreP

using DWT. Second row: left panel, MEEMD PreP. Right panel, FIF2 PreP.
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Fig. 12:  First row: left panel, original signal, the yellow area 1 of the specimen, ref. Fig. 1a. Right panel, after PreP using DWT.

Second row: left panel, MEEMD PreP. Right panel, FIF2 PreP.

The computational time of these three PreP techniques applied to a dataset containing 500 images is

listed in Tab. 2. The algorithms were run on a PC (Intel(R) Core (TM) i7-8550U CPU, 1.80GHz, RAM

16.00GB, 64 bit  Operating System) and the processing was conducted using MATLAB R2020a. The

authors  point  out  that,  for  the  MEEMD, they  opted  for  one  of  the  smallest  ensemble  sizes.  For  the

MEEMD  the  authors  considered  only  one  image  out  of  500  because  the  computational  time  was

prohibitive. For one image, in fact, the MEEMD method required 1537 seconds to decompose the grey

area 2 (Fig. 1a), which is a 55×101 pixels image, and 1304 seconds to decompose the yellow area 1 (Fig.

1a), which is instead a 36×101 pixels image. This means that MEEMD PreP of 500 images would cost

more than 8 days of calculations for the grey area, and more than 7 days of calculations for the yellow one,

if the ensemble of 100 elements per image is used. To make things even more difficult, with the MEEMD

technique, in order to guarantee the proper stability of this method, it is usually advisable to use at least

200-800 elements for each ensemble,  like for its 1D version of this  algorithm, called EEMD [77,78].
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Furthermore, considering that in the literature it has been extensively observed that FIF, EEMD, and their

extensions  which  handle  multidimensional  and  multivariate  signals,  produce  comparable  results

[37,45,46,72], from now on the authors focus on the comparison of PreP performance of the DWT and

FIF2 methods. 

Table 2 – Computational time, in seconds, for the PreP of the 500 images corresponding to two areas of the specimen (i.e., area

1 in Fig. 1a and area 2 in Fig. 1a). The PreP has been done using MEEMD, DWT, and FIF2 techniques.

PreP time MEEMD DWT FIF2

Grey area (area 2 – Fig. 1a) 1537×500 42 s 76 s

Yellow area (area 1 – Fig. 1a) 1304×500 37 s 59 s

6. Post-processing techniques

Once the data have been pre-processed using DWT and FIF2, the authors proceed to post-process

(PostP) them using several approaches. 

Principal  component  analysis  (PCA)  [46,48]  in  thermography  (PCT)  [49]  given  an  important

influence on post-analysis of thermal images,  such as detection of defects for infrared non-destructive

testing (IR-NDT) [50-54], art and archeological investigations [55,56], and it is also used for dimension

reduction, noise elimination, classification,  etc. PCT calculation can be performed by using covariance

matrix  calculation,  singular  value  decomposition  (SVD),  which  is  used  often  in  IR-NDT,  or  candid

covariance-free incremental  principal  component  thermography (CCIPCT) [56,58].  The decomposition

process conducts using  X=U ΓV T where X is a matrix with  p×n, dimension where  n is the vectorized

thermal image in every sequence and  p corresponds to the number of observations, p > n and  Γ  is a

diagonal matrix with a dimension of  n×n and either zero or positive elements.  It is considered as the

singular value of matrix X and V T  denotes the transpose of the n×n matrix (eigenvector or basis matrix)

and U is the p×n matrix (n observations and p spatial variations). The columns of matrix U represent the

input matrix (frame here) [49]. The basis matrix carries the orthonormal characteristic that also maximizes

38

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

1
2



the variance of projected data, which leads to the principal components (PCs) of the input matrix (X)

extracted from the basis V T). 

Another important observation regarding PCA based methods is that they cannot impose constraints

for the non-negative basis of matrix X. Sparse non-negative matrix factorization (NMF) provided such

constraint [67] and it is currently used in IR-NDT. The authors applied NMF using also two alternative

approaches: gradient descent (GD), and non-negative least square (NNLS) [68-70]. 

These PostP methods enabled appropriate approximation selection among the component images.

Furthermore, they allowed applying a threshold to separate the defects from the background and compare

them to reference images.

6.1.Performance measurement procedure adopted in this study

To evaluate the performance of the combination of the different PreP and PostP methods applied to

thermal images, the authors applied the following procedure.

First, to calculate the quantitative accuracy, the authors employed a binary image as ground truth

(GT) as a reference for the calculation. The GTs were labeled the pixels in defects and background of the

specimens by 0 intensity.

Then, the authors computed for each of the 10 images, produced by different PostP techniques of the

PreP data, the area under the curve (AUC), based on the receiver operating characteristic (ROC) curve.

The authors selected the image to be further analyzed the one corresponding to the maximal AUC value. 

It is important to remind that the ROC curves are commonly used to quantify the performance of a

classifier  [79].  In  particular,  the  ROC curve  is  plotted  in  a  Cartesian  plane  where  the  vertical  axis

represents the ratio of the true positive to the total number of pixels that do correspond to the ground truth,

called the true positive rate (Eq. 12), and on the horizontal axis the ratio of the false positive to the total

number of pixels that do not contain the ground truth, called the false positive rate (Eq. 13). Both the true

positive and false-positive rates are computed for different values of the threshold τ
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true positiverate (TPr)=
true positive

actual ground truth pixels

(12)

false positiverate (FPr)=
false positive

actual ground truth pixels

(13)

The ROC curve is a non-decreasing curve that goes from (0, 0) to (1, 1) as the threshold τ varies.

The classification produced using a random guess has a corresponding ROC curve which is the straight

line  connecting  (0,  0)  and  (1,  1).  The  larger  the  area  under  the  ROC curve  (AUC),  the  better  the

performance of the classifier. For more details on ROC curves, the interested reader can refer to [79].

Subsequently, the authors computed the Precision, Recall, and Accuracy indices of the selected post-

processed image, and computed, as the threshold, the one determining the maximal Accuracy value. 

These three indices are defined as follows:

Precision = TP/(TP+FP)

Recall = TP / (TP+FN)

Accuracy = (TP+TN)/(TP+TN+FP+FN)

where  TP  stands  for  True  Positive,  FP  for  False  Positive,  TN for  True  Negative,  and  FN for  False

Negative.

Sometimes  the  maximum Accuracy value  is  achieved for  the  minimal  or  maximal  value  in  the

threshold range. In the present case, the authors opted for using a threshold value the one associated with

the maximum of the Precision curve. 

6.2.Results and discussion of the experimental part

The authors applied the previously described approach to the thermal images based on the main data

presented in Sections 2 and 3. Figures 13, 14, and 15 present qualitative results of the grid detection using

the state-of-the-art approaches of matrix decomposition algorithms. The qualitative results of CCIPCT,
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PCT, NMF, NMF-gd, and NMF-nnls indicated significant accuracy to detect the grid inside the specimen

using the PreP approach. Also, the results before PreP approaches (Fig. 13) indicates much lesser visibility

of the grid structure in the infrared images and hence less highlighted in the results of the decomposition

algorithms. 

Fig. 13: The results of PostP applied to raw thermal data. CCIPCT (a), PCT (b), NMF (c), NMF-gd (d), and NMF-nnls (e) show

the grid structure in the specimen, but each of them presents some noise. (f) represents the GT.

Fig. 14: The PostP results for DWT pre-processed thermal data. CCIPCT (a), NMF (c), NMF-gd (d), and NMF-nnls (e) show

with significant accuracy the grid structure in the specimen. PCT (b) presents the lowest quality. (f) represents the GT.
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Fig. 15: The PostP results for FIF2 pre-processed thermal data. CCIPCT (a), NMF (c), NMF-gd (d), and NMF-nnls (e) show

with good accuracy the grid structure in the specimen. PCT (b) in this case has clear problems. (f) represents the GT.

In Table 3, Precision, Recall, and Accuracy quantitative values are shown; they were evaluated for

the grey area, one layer case (see area 2 of Fig. 1a), of the data without PreP, during the heating phase of

the surface (i.e., the first 120 seconds of the test). 

The performance inherent to DWT and FIF2 used as PreP is reported, instead, in Tables 4 and 5,

respectively.

Table 3 – Performance of the PostP techniques when applied to the raw data for the grey area of the specimen (i.e., area

2 of Fig. 1a), one layer case, during the heating of the surface, first 120 seconds.

Method Precision Recall Accuracy Threshold
based on

CCIPCT 0.66314 0.43465 0.71413 Acc

NMF 0.62548 0.48614 0.70729 Acc

PCT 0.72547 0.36238 0.71827 Acc

NMF-gd 0.71983 0.41337 0.72817 Acc

NMF-nnls 0.64773 0.53069 0.72439 Acc

Table 4 – Performance of the PostP techniques when applied to the DWT pre-processed data for the grey  area of the

specimen (i.e., area 2 of Fig. 1a), one layer case, during the heating of the surface, first 120 seconds. 

Method Precision Recall Accuracy Threshold
based on

CCIPCT 0.69574 0.69505 0.77858 Acc

NMF 0.70445 0.65842 0.77534 Acc

PCT 0.65471 0.5604 0.73267 Acc

NMF-gd 0.68357 0.66733 0.7667 Acc

NMF-nnls 0.71387 0.72871 0.79514 Acc

Table 5  – Performance of the PostP techniques when applied to the FIF2 pre-processed data for the grey  area of the

specimen (i.e., area 2 of Fig. 1a), one layer case, during the heating of the surface, first 120 seconds. 
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Method Precision Recall Accuracy Threshold
based on

CCIPCT 0.85742 0.87525 0.90171 Acc

NMF 0.82969 0.80792 0.86985 Acc

PCT 0.53386 0.13267 0.64248 Acc

NMF-gd 0.86603 0.80644 0.88425 Acc

NMF-nnls 0.83387 0.8896 0.89541 Acc

From the comparison of the performance values of the different PostP techniques applied to the raw

thermal data (see Fig. 13 and Tab. 3) with the ones obtained after PreP the data with DWT and FIF2

methods (see Figs. 14, 15, and Tabs. 5, 6, respectively), it is evident that the performance after FIF2 PreP

is always better than the other cases. The only exception is when PCT is used for PostP the data. In this

case, the DWT proves to be better than FIF2 for PreP. This is true for the heating stage (first 120 seconds)

of the grey area (i.e., area 2 in Fig. 1a).

Similar results are obtained during the cooling phase of the data (i.e., the last 380 seconds) and for

the heating and cooling time window of the yellow area (i.e., the scattered hemp fibres layer – see area 1 in

Fig. 1a), where the specimen has two layers of material covering the reinforcing grid. In these last three

cases,  the  FIF2  PreP  approach  allowed  to  outperform the  results  obtained  with  raw  and  DWT pre-

processed data for all PostP methods, even the PCT algorithm.

The corresponding Tables (i.e., Tables S2-S10), that contain the quantitative results, are reported in

the supplementary material of this manuscript.

7. Validation of the numerical analysis for a specific material via the Parker method

The characterization of the thermal diffusivity of the coating layer (i.e., the most important part of

the specimen: see the area called  1 in Fig. 1a) follows the in-depth study previously described, which

validates our analyses. The interest was focused on a local behavior and, fortunately, the thickness of the

layer made by scattered hemp fibres is both very thin (Tab. 1) and exposed to air (Fig. 16). An extremely
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dense  swept  mesh  was  used  to  ensure  that  the  diffusivity  calculation  was  effectively  linked  to  a

discretization having stratified nodal elements. The stratification took place onto defined levels, which

started from the front face and ended on the rear face of the specimen. The authors verified that the Biot

number was within the range (0-1).  This  verification formally allowed to treat  the surface layer  as a

coating  and,  therefore,  calculating  its  diffusivity  via  the  Parker  method.  Concerning this  method,  the

duration  of  the  pulse  was  adjusted  from  a  few  seconds  to  several  seconds  to  achieve  the  desired

temperature rise depending on both the thickness of the material and its thermal properties.

In Eq. 14, the Biot number is shown.

Bi=
h ∙ L
λ

(14)

where  h is the convective coefficient expressed in W/m2K,  L is the thickness of the layer under

analysis in [m], and  λ is the thermal conductivity in W/mK. A value of  Bi = 0.5263157 was obtained

allowing us to use the Parker method. By considering the low value found, the vacuum bell with reflecting

walls (that is able to reduce both the exchanging heat by convection and radiation) was not used. 

The thermal  diffusivity can be interpreted as a measure of thermal  inertia  (e.g.,  heat propagates

slowly where the thermal diffusivity is low). The components of the thermal diffusivity α, when given on

tensor  form (i.e.,  αxx,  αyy,  and so on,  representing  an anisotropic thermal  diffusivity),  are  available  as

specific Comsol® functions. The single scalar mean thermal diffusivity is the mean value of the diagonal

elements αxx, αyy, and αzz [80].

It should be noted that for isotropic materials, the diffusivity value may be calculated through the

single scalar diagonal elements according to the well-known Eq. 15.

α=
λ
ρ c p

=
0.038
25 ∙1700

=8.94 ∙10−7
m2

s

(15)

In our case, the material is anisotropic. Therefore, it is not correct to calculate α via Eq. 15. For this

reason, the Parker equation suitable for the calculation of α also for anisotropic materials is reported as Eq.

16.
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α=
0.139 ∙ L2

t 0.5

(16)

where,  L2 is the thickness of the scattered hemp fibres layer in [cm], and  t0.5 represents the time

necessary for the thermal load imposed by a laser source on the layer 1 (Fig. 1a) to propagate for a specific

value of the normalized temperature,  Tn. Particular attention was paid to the term t0.5 expressed in [s]. In

fact, t0.5 corresponds to the time in [s] when Tn is equal to 0.5. Obviously, the trend of Tn was calculated

only for the scattered hemp fibres layer. In this regard, by adding a Comsol® virtual probe on the scattered

hemp fibres layer (see, for reference, Fig. 16), the temperature evolution in the form of heat was analyzed

for its entire thickness. The experimental test involved the use of a laser working into 445–450 nm (blue

color) that thermally charged a specific part of the specimen according to the setup shown in Fig. 16.

Fig. 16: Experimental setup for the evaluation of the thermal diffusivity of the scattered hemp fibres layer (area 1, Fig. 1a);

PWM = pulse-width modulation. The red asterisk on the panel indicates the position of the Comsol® virtual probe.

In order to correctly replicate the experimental test in the numerical one, the laser power was set as a

heat point load equal to 0.5 W by leaving this source to act for several seconds. The temperature was

normalized in the numerical model obtaining the trend shown in Fig. 17.
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Fig.  17: Time  course  of  the  normalized  temperature  calculated  for  the  scattered  hemp  fibres  layer  only.  The

magnification in the figure helps the reader to identify the instant of time t0.5 necessary for the calculation of α.

Since the numerical model is especially designed for this calculation, it  can be assumed that the

value of α (calculated starting from t0.5 – see the red arrow added along the y-axis of Fig. 17) is actually

adiabatic. Therefore, by completing Eq. 16 with the time value t0.5 shown in Fig. 17, the following value of

α is obtained (Eq. 17).

α=
0.139 ∙0.12

37.46
=0.0000371[ cm

2

s ]
(17)

Following the test  whose layout  is  shown in Fig.  16,  the normalized  curve of the  Tn trend was

obtained from the thermographic test. Fig. 18 shows both the numerical and experimental trends. In this

way, the reader is able to estimate the two different trends. In addition, it also allows to understand the

percentage error existing between the theoretical trend (blue dotted line) and the experimental one (red

solid line).
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Fig. 18: Time course of the normalized temperature. Adiabatic (dashed blue): numerical test; Bi = 0.5263157 (dashed

red): thermographic test.

Finally, the value of α for the experimental test was calculated by Eq. 18.

α=
0.139 ∙0.12

40.86
=0.0000340207 [ cm

2

s ]
(18)

The difference between the data reported in Eqs. 17 and 18 show that the experimental value of α is

~8.3% lower than the modeled one, and that the response times of the thermal load on the surface opposite

to the heated one were 37.46 s (see the red arrow added along the x-axis of Fig. 17) for the numerical case

and 40.86 s (see the x-axis of Fig. 18) for the experimental one.

8. Conclusions

The numerical model, albeit with a high computational cost, highlighted the opportunity to work

without the use of a high performance computing device, thanks to the use of the work plane procedure.

This technique allowed to conduct the whole processing on a personal computer, showing the results of the

model both for the temperature field in the volumetric form and along the lines set for the directions of

interest. In particular, through volumetric graphics, it is possible to understand the spatial temperature field

that the model undergoes in its temporal evolution for each point in space. On the other hand, the use of

the directrices helps the reader to follow the evolution of the temperature field within the model itself. This
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idea is useful to understand the mutual interactions between different materials in the contact areas, that

followed an advanced mechanical treatment [81]. Finally, the model showed the presence of a phase shift,

typical  of  thermal  insulation  materials,  also  for  the  layers  made  with  mortars.  This  can  certainly  be

attributed to the styrofoam support, which is known to have excellent thermo-insulating properties, but

also to the layer of hemp fibres. The latter has shown good thermal-insulating characteristics albeit with

only a thin layer applied as an external coating. This initial result was confirmed by applying advanced

algorithms to thermographic (experimental) data [82–85].

In fact, in this work, a new 2D fast algorithm for the thermal data pre-processing is developed, called

2D Fast  Iterative  Filtering  (FIF2),  and its  pseudo-code is  presented.  This  newly developed algorithm

proves to be extremely faster than previously developed methods, like the MEEMD, and to be comparable,

from a computational time perspective to the DWT technique.  

Subsequently,  pre-processed  thermal  images  have  been  post-processed  using  several  methods

available in the literature. In particular, the authors considered the CCIPCT, PCT, NMF, NMF-gd, and

NMF-nnls  methods,  to  identify  the  grid  localization  inside  the  specimen.  For  each  post-processing

algorithm, ten images have been produced, and the one corresponding to the maximal area under the curve

(AUC) value, based on the receiver operating characteristic (ROC) curve, has been selected. Then, the

performance of the different post-processing techniques has been studied and compared using Precision,

Recall, and Accuracy metrics. 

From these results, it becomes evident that all thermal images post-processing approaches increase

their performance when FIF2 pre-processing is applied, versus the DWT pre-processing, or versus using

raw thermal images. The only exception is for PCT post-processing of the data in the heating phase of the

grey area of the specimen (one layer  case).  In that  case,  the DWT pre-processed data  produce better

performance than FIF2 pre-processed ones. Nevertheless, during the cooling phase of the grey area 2, as

well as for the heating and cooling time window of the yellow area 1 (i.e., the hemp fibres layer), where

the specimen has two layers of material covering the reinforcing grid, the FIF2 pre-processing approach
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allowed to outperform the results obtained with raw and DWT pre-processed data for all post-processing

methods, even the PCT algorithm.

Finally, the good agreement among the numerical test and the thermographic one was verified by

applying the Parker method on the most important part of the specimen (i.e., the scattered hemp fibres

layer), by finding a low Biot number that allowed simplifications in the experimental setup.
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