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ABSTRACT

Construction and demolition wastes (CDWSs) represent one of the largest slices of global waste and can be a significant source of reusable
materials in the context of sustainable and circular construction practices. The accurate characterization of these materials can be critical
to improve recycling and valorisation processes. In this study, a measurement procedure is proposed for the characterization of CDWs
using active infrared thermography to estimate the emissivity of the materials commonly used in this context. The material classes
analysed are concrete, bricks, tiles and ceramic, wood, plastic, metals, paper and cardboard, and mixed CDWSs. An experimental test
protocol is defined for heating specimens and acquiring thermal images, allowing the accurate estimation of their emissivity based on a
paint and a tape with known emissivity used as reference. To ensure the reliability and robustness of the estimated emissivity values,
an uncertainty analysis is performed using a Monte Carlo simulation evaluating the impact of the uncertainty (u(xi)) related to the known
emissivity value of the reference paint (0.89 + 0.01, reported as mean + standard deviation) on the results. The results show that the
input uncertainty propagates along the measurement chain, leading to an output uncertainty (ui(y)) at least doubled for all classes, and

more than doubled for the plastic class.

Section: RESEARCH PAPER

Keywords: CDWs; material characterization; active infrared thermography; measurement uncertainty analysis

Citation: G. Salerno, G. Cosoli, M. T. Calcagni, G. Pandarese, G. M. Revel , Uncertainty analysis in the estimation of construction and demolition wastes
emissivity through infrared thermography, Acta IMEKO, vol. 14 (2025) no. 2, pp. 1-9. DOI: 10.21014/actaimeko.v14i2.2056

Section Editor: Andrea Scorza, University Roma Tre, Italy

Received January 21, 2025; In final form May 28, 2025; Published June 2025

Copyright: This is an open-access article distributed under the terms of the Creative Commons Attribution 3.0 License, which permits unrestricted use,
distribution, and reproduction in any medium, provided the original author and source are credited.

Funding: This research activity was carried out within the RECONSTRUCT (A Territorial Construction System for a Circular Low-Carbon Built Environment)
project, funded by the European Union’s Horizon Europe research and innovation programme under grant agreement no. 101082265.

Corresponding author: Gloria Cosoli, e-mail: gloria.cosoli@uniecampus.it

1. INTRODUCTION

The construction sector is one of the most impactful on the
waste generation count, specifically construction and
demolition wastes (CDWs) represent approximately one third
of the total amount of waste generated in Europe [1]. Among
the most used materials it is possible to mention concrete,
wood, plastic, metals, etc., and reusing most of them could be
very beneficial from both economic and sustainability
perspectives. Digital technologies can play a fundamental role
to improve the processes of CDWs sorting [2], exploiting vision
and artificial intelligence (AI) techniques to achieve a detailed
characterization of those materials, with the ultimate aim of
their valorisation in the perspective of a more sustainable and
circular construction sector.

Many studies; focusing on the recognition of CDWs
materials; rely on machine learning (ML), Al, and robotics [3],
[4]. However, these techniques commonly use only visible
images and thus the ability to characterize materials is limited.
Usually, they are exploited in laboratory, under controlled
conditions. Furthermore, artificial neural networks require large
amounts of data/images, and time to label them and train
models to distinguish one material from another. Sensing and
digital technologies can make a relevant contribution in this
context and equipment of different types can be exploited.

In literature, many studies have used a wide variety of sensors
and measurement solutions. For example, near-infrared (NIR)
sensors were used to assess the quality of mixed recycled
aggregates and improve sorting separating the different types of
materials on a conveyor belt [5]. Serranti et al. [6] used
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hyperspectral cameras to recognize various materials and
substances in CDWs, especially the presence of hazardous
materials such as asbestos. In [7] the possibility to recognize and
classify different types of recycled aggregates with respect to
different contaminants (e.g., brick, gypsum, plastic, etc.) using
the hyperspectral camera located on a conveyor belt was
explored. Considering the wide adoption of industrial cameras,
some studies have considered the possibility of developing
artificial intelligence-based software to perform the selection of
various materials [8] or segment the different classes of CDWs
[9]. The combination of several different types of sensors has
also been evaluated; for example, in [10] a visible camera, a
short-wave infrared sensor (SWIR), and a multi spectral sensor
were employed on a conveyor belt for the recognition, and a
robotic arm was used to sort the different material. In [11] the
authors proposed different solutions using visible camera,
LiDAR or depth sensor, and infrared (IR) thermal camera to
recognize the type and quantity of different CDWs materials.
The hyperspectral camera and the X-ray fluorescence (XRF)
were used in [12] for the characterization of post-earthquake
CDWs; visible camera and thermal information were used in
[13] to differentiate the CDW. Radica et al. [14] made us of
micro-XRF and NIR spectroscopy to assess the chemical
composition of CDW specimens in order to optimize the
recycling process. For the NIR spectroscopy, a SWIR camera
was used in the range 1000-2500 nm, dividing the analysis in
three main regions (i.e., 1330-1680, 1830-2140, and 2140-2400
nm) to identify certain molecules and/or materials present. In
[15] a material characterization was carried out using Fourier
transform infrared (FTIR) spectroscopy as reference method,
and hyperspectral analysis using a portable NIR spectrometer
and a hyperspectral camera operating in the spectral ranges of,
respectively, 1000-1650, 450-900 nm. The aim was to evaluate
the spectral footprint of CDWs materials and to provide useful
information in a view of CDW3s valorisation.

Considering the wide field of application of thermal imaging
cameras at an industrial level and given the differences in
emissivity between different material categories, some studies
decided to base the classification of different types of materials
on IR thermography. Gundupalli et al. [16] developed a method
to detect metallic (aluminium and copper) and non-metallic
materials (plastic, printed circuit boards, and glass) using active
thermography to analyse the waste passing on a conveyor belt.
A study [17] presents a similar method (active thermography on
conveyor belt) applied to municipal waste to characterize
different material classes (iron, wood, plastic, paper, etc.)
achieving very good results (with a classification accuracy
ranging from 85 % to 96 %). Bai et al. [18] used an alternative
method with respect to the traditional active thermography,
heating up the specimens for a brief time with a lamp for the
acquisition of thermal images. These images were then analysed
by ML algorithms to detect different types of materials
(concrete, cardboard, wood, aluminium, etc.). They obtained
accurate results for some types of materials (rubber: accuracy up
to 94.5 %, wood: accuracy up to 93.1 %), worse for other types
(steel: accuracy up to 58.4 %, and aluminium: accuracy up to
65.6 %). Some studies were focused on the estimation of
material emissivity; in [19] the authors carried out infrared
thermography tests to estimate the emissivity of several types of
rocks, basing the evaluation on a known emissivity tape as a
reference. Harrap et al. [20] employed the combination of
thermal camera and thermocouples to estimate the emissivity of
different parts of flowers. A similar technique was used in [21]

to estimate the emissivity of calcium-magnesium-alumina-
silicates materials, with the difference that the working
temperature was very high (T>800 °C).

Despite advancements in digital technologies, existing
methods for classifying CDWs still have several limitations.
Many approaches rely solely on visible images, limiting their
ability to differentiate materials with similar appearance but
different physical properties. On another hand, ML and Al-
based methods require large, labelled datasets and controlled
operating conditions, making them difficult to be implemented
in real-world scenarios [3], [4]. Hyperspectral imaging (HSI) and
X-ray fluorescence, while effective, require expensive and
complex equipment that is not always feasible for large-scale
waste sorting [6], [7], [12].

Although thermography has been used for materials
classification, most studies have focused on temperature
differences rather than estimating emissivity, a critical parameter
both for ensuring reliable temperature measurement and for
improving classification accuracy [16]-[19].

This study evaluates the potential of thermal analysis using
an infrared camera. The materials of interest are those widely
used in the construction field and most likely to be found in
CDWs. The aim is to estimate the emissivity value of these
materials, performing infrared tests in controlled laboratory
conditions on a certain number of specimens, so as to consider
the intrinsic variability of these materials. The emissivity values
are estimated based on the comparison with a paint or tape of
known emissivity used as reference. This study can be
considered as preliminary for the development of such a
measurement approach, due to the limitation of the quantity of
data used; in fact, to provide information within a certain
confidence interval, an uncertainty analysis was carried out using
the Monte Carlo method. The uncertainty analysis evaluated
how the input uncertainty (u(xj)), i.e., the uncertainty related to
the known emissivity value of the reference paint as provided
by the manufacturer, propagates through the entire
measurement chain resulting in a certain output uncertainty
(ui(y)). The uncertainty analysis was performed for each material
class analysed using paint with known emissivity.

This research activity was carried out within the
RECONSTRUCT (A Territorial Construction System for a
Circular Low-Carbon Built Environment) project, funded by
the European Union’s Horizon Europe research and innovation
programme under grant agreement no. 101082265.

2. MATERIALS AND METHODS

This section describes the types of materials characterised,
the equipment employed for testing, the experimental test
procedure, and the data processing pipeline.

2.1. CDW classes

The CDWs materials considered for characterization are
among the most essential and widely used in the construction
sector; in Table 1 these materials are listed along with their
respective European Waste Codes (EWC) [22].

The specimens were provided by the project partners
COMSA (Batrcelona, [23]) and Sorigué (Barcelona, [24]),
collected from their sites (in Figure 1 an example of specimen
for each class). The source sites are construction and waste
management sites, respectively.

The specimens were distributed among the different classes
to ensure a representative number of specimens in each category
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Figure 1. Examples of specimens per class: a) concrete, b) bricks, c) tiles and ceramic, d) wood, e) plastic, f) metals, g) mixed CDWs, h) paper and cardboard.

in order to have a significant dataset, properly including the
intrinsic variability of these materials.

2.2. Emissivity estimation using active thermography

The primary objective of this study is to estimate the relative
emissivity of CDWs material classes using active thermography,
particularly the hemispherical spectral emissivity.

The thermal camera is able to measure the radiance emitted
by a body/object; if the emissivity of the object is known, the
temperature can be computed based on the Stefan-Boltzmann
law (1):

E=oT?*, M

where:

e EinWm™2 represents the total radiant exitance (heat

flux) emitted from the surface,

e 0=0567-10"8 Wm 2 K™* is the Stefan-Boltzmann

constant

e T inKis the absolute temperature of the surface.

Since the thermal camera detects only emission within its
spectral range, the Planck's law (strongly related to Stefan-
Boltzmann law), which defines spectral radiance exitance by
wavelength, was applied. If the sensor is wideband and the
measured spectral distribution is assumed to be representative
of the total emitted radiation, Stefan-Boltzmann law can be
considered valid.

This law is valid for black bodies, which are ideal surfaces
that absorb all the radiant incident energy; for a real object it is
necessaty to add a correction multiplicative factor, i.e., &, the
relative emissivity of the surface, that is formulated as the ratio
between the radiation emitted by the surface and the radiation
emitted by a black body in the same conditions (in terms of
temperature, directions, and spectral band considered). Thus,
the Stefan-Boltzmann law can be rewritten in (2):

E=o0¢T*. @

The aim is to measure the actual temperature of a specimen
of known emissivity value (i.e., teference material) and estimate
the emissivity of another specimen (i.e., test material, to be
characterized), assuming the thermal equilibrium between the
two.

If the emissivity set in the camera software is the reference
emissivity, the reference temperature is correctly determined;

the actual test temperature is the same as the reference
temperature, but the measured test temperature is different due
to the mismatch in emissivity [25]. Based on this observation, it
is possible to write the Equation (3):

_ 4 _ 4
Etest = 0 &rtest Trest = O Erref Ttestmeas » ©)

where:
o Lt inWm™
measured by the thermal camera,

2 is the radiant exitance of the specimens,

® & test 1S the test material emissivity (unknown),

® & pef Is the material reference emissivity,

o Tiest In K is the actual test temperature, which is equal
to reference temperature,

® Tiestmeas in Kis the measured test temperature.

Considering the thermal equilibrium between test and
reference specimens, the Equation (3) can be rewritten as (4):

T 4

_ test,meas (4)

sr,test - T £r,ref '
ref

Throughout the text, for the sake of brevity, the term
“emissivity” will be used to refer to relative emissivity.

2.3. Equipment and experimental procedure

The thermal camera used in this study is the VarioCam
980HD (Infratec, Dresden, Germany [26]), equipped with a
microbolometer Focal Plane Array (FPA) IR sensor, and
operating in a spectral band between 7.5 and 14.0 um, with a
measurement accuracy of = 1.5 °C or £ 1.5 %. Data acquisition
was performed using the software Irbis 3 plus (Infratec,

Table 1. Lists of materials and related EWC codes.

Material EWC code
Concrete 17.01.01
Bricks 17.01.02
Tiles and ceramic 17.01.03
Wood 17.02.01
Plastic 17.02.03
Metals 17.04

Mixed CDWs 17.09.04
Paper and cardboard 15.01.01
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Figure 2. Experimental setup for tests with IR thermography.

Dresden, Germany, v. 3.0.0 [26]), used for the focus of the
camera, the acquisitions, and to save and export the data.

Table 2 summarizes the numbers of tested specimens per
class, and the main details of the tests.

A group analysis was possible when the specimens were of
the same material and very similar in terms of dimension and
shape; for the concrete, brick, and tile and ceramic classes, a
group analysis was performed for 5 out of 6 specimens, while
the remaining one was analysed individually.

For the tiles and ceramic class, the two sides were tested and
analysed separately, and in the Section 3 they are presented as
separate classes (as they are significantly different); on the other
hand, for the paper and cardboard class, two sides/parts of each
specimen were analysed but in the results they were considered
as one class.

The specimens were prepared for the tests applying a paint
or a tape with known emissivity. The paint used was the Aremco
HiE-Coat-840-C (Valley Cottage, NY, United States [27]),
which has an emissivity of & = 0.89 with a measurement
uncertainty of 0.01 (reported in terms of standard deviation);
this value was obtained as a weighted average of the emissivity
values in the considered spectral band, ie., 7.5-14.0 um, and
considering the operative temperature range (in the order of
ambient temperature). On the other hand, the tape is a standard
known emissivity tape with an emissivity value of &. = 0.93.

For the application of the paint, it was necessary to cure the
specimen in an oven at 100 °C for an hour for the proper
adhesion of the paint (according to the manufacturer’s
recommendations), and this was not possible for all the

Figure 3. Example of mixed CDWs specimen.

Table 2. Summary of specimen characteristics and testing approach.

. Number of Reference Acquisition Sides
Material .
specimen type type analysed

Concrete 6 Paint .Gr(.)u.p or One
individual

Bricks 6 Paint .Grc.>u.p or One
individual

Tiles a.nd 6 Paint or tape .Gr(.)u.p or Both

ceramic individual

Wood 3 Paint or tape  Individual Both

Plastic 15 Paint or tape  Individual One

Metals 5 Paint or tape  Individual One

Mixed L

CDWs 2 Tape Individual One

FEGITTEN 4 Paint Individual One or both

cardboard

specimens. The paint was preferrable to the tape; however, in
certain cases/for some materials it was not possible to apply the
paint due to the type of sutfaces (such as for some samples of
plastic or the glazed side of tiles), hence the tape was used.

The experimental setup is illustrated in Figure 2. The pipeline
related to the experimental procedure is reported hereafter:

e The specimen (or group of specimens) was positioned
in the thermal chamber, where it can be isolated from
external sources of interference during measurements,
and where there are four halogen lamps (1100 W in
total) to heat up the specimens (Figure 2). The
chamber, made of  aluminium, measured
(95 x 80 %X 40) cm® (length X width X height).

e The thermal camera was focused using the dedicated
software.

e  The lamps were switched on and the specimens were
heated up until + 8-12°C above the ambient
temperature (20-25 °C); the temperature increment
was monitored through the software by observing the
temperature of the reference area. The range of
increase (8-12 °C) is wide because at + 8 °C the
halogen lamps were switched off, but they continued
to heat in an uncontrolled mode because they were
hot; for some samples this led to a further increase up
to + 12 °C.

e The acquisition of a 60-s sequence was started, with an
acquisition rate of one frame per second (fps) —i.e., a
sampling frequency equal to 1 Hz.

e  The lamps were switched off just after the statt of the
acquisition.

For the class of mixed CDWs (Figure 3), a different
approach was adopted: paint was applied to one of the specimen
pieces, and as each sample was a mix of materials inside a
container, and since the data analysis performed was different
(Section 2.4), they were shuffled after each test to (presumably)
include all the parts present in the mixed CDWs specimen in the
acquisition (making sure to leave the area with the paint at
known emissivity visible).

2.4. Data processing

The acquired data were exported as .csv files using the
software Irbis 3 plus (as for the acquisition) and analysed using
Python programming language to compute the emissivity value
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Figure 6. Example of thermal image with reference (green) and test (blue)
ROIs.

for each region of interest (ROI) considered. The software
allows to export a .csv file for each frame of the acquired
sequence. The .csv files contain the measured temperature data
for each pixel. An example of thermal image and analysed ROIs
for reference and test materials is reported in Figure 6, where
the reference RO is the area with the reference paint.

The ROIs were selected interactively using a graphical user
interface made for this use case in Python programming
language to facilitate the selection of different ROIs for each
test. It is worthy to note that not all the identified ROIs had the
same number of pixels; this is due to the fact that the analysed
specimens had different geometries and dimensions.

Although the acquired sequences consist of 60 frames, only
10 of these were used for analysis, and these are those during
the cooling phase just after the lamps were switched off. The
acquisition was still done by 60 frames to be sure to include the
cooling duration.

The computation of the material emissivity was based on the
comparison between the specimen(s) (i.e., test material) and the
reference area in the thermal frame, and on the thermal
equilibrium. The thermal equilibrium was assumed due to
similar shape and size, same material, and by positioning them
in a thermally controlled environment, which is isolated from
external sources of interference. Hence, the emissivity was
computed according to the Equation (4), considering as
reference and test temperatures the average temperature of the
respective ROls.

The approach for the mixed CDWs class was based on one
piece of material that is a reference (i.e., covered with paint) and
the definition of many small ROIs, subsequently compared to
the reference ROI (Figure 4). Each small ROI was considered
as a specimen, and the results were obtained by averaging the
emissivity value obtained for each ROI from the three tests
done on the two containers.

Each specimen was analysed three times, repeating the test
in the same operating conditions; the average value of emissivity
for each specimen was computed, and, finally, the results from
the specimens of the same class (material) were grouped
together. Hence, the average and the standard deviation of their
emissivity values were calculated to derive the emissivity of that
material, expressed in terms of mean and standard deviation.

In Figure 5 illustrates the overall workflow, outlining the
main steps from physical testing to data acquisition and
processing.

134
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200 130
& 300 28
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(]
x 26
& 400
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0 400 1000
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Figure 4. Example of thermal image of mixed CDWs.

2.5. Uncertainty analysis

The measurement uncertainty must be examined to provide
a classification within a certain confidence interval.

The estimation of the measurement uncertainty was
performed for each material class considered by employing
three different datasets:

e A single test on a single specimen.

e 3 repeated tests on a same specimen, to include intra-
specimen variability.

e 3 repeated tests on 5 different specimens (or different
portions), to include also inter-specimen vatiability.

It is important to highlight that the datasets are incremental,
with each dataset including also the data of the previous one.

To express the measurement uncertainty, the Monte Carlo
method was adopted; at least 10° iterations were performed for
each of the three tests to be able to express the 95 % confidence
interval (using a coverage factor £ = 2) according to the Guide
to Expression of Measurement Uncertainty (GUM) [28].

The uncertainty analysis was focused on the tests performed
considering the high-emissivity paint as reference, given that the
manufacturer provides detailed technical specification on the
uncertainty affecting the emissivity of the paint (contrarily to the
tape, whose emissivity is reported without the related
confidence interval). Hence, in the uncertainty analysis the input
uncertainty was the one related to the reference paint emissivity
&, expressed as the standard deviation value provided by the
manufacturer, in the spectral range analysed by the thermal
camera, ie., o =0.01. Consequently, the related expanded
uncertainty (coverage factor £=2) was equal to 0.02 (95 %

Specimen preparation
and placement in
thermal chamber

I

Data acquisition:

+ Camera focus,

* Switching on the lamps,

+ Starting the acquisition (t=0s),

+ Switching off the lamps,

* End of acquisition (t=60 s),

* Repeatthe test 3 times per specimen.

I

Data processing:

« Export of csv file,

+ Select 10 frames,

» Select the ROls interactively,

» Computation of specimen emissivity,

» Average emissivity values for each material.

Figure 5. Block diagram summarizing the overall process, from testing to data
acquisition and processing.
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confidence interval). It is worthy to note that there
can be other non-controllable operating conditions
and experimental factors (e.g., the setting parameters
of the ROIs, measurement uncertainty of the
equipment, etc.) that could affect the results; the
related variability was considered as part of the input
vatiability reported above.

This additional analysis was performed only on the

2000

1500

1000

QOccurences

CDWs classes with at least 5 specimens tested with 500
the paint, or 5 different portions of one (or more)
specimens analysed (as for the paper class). 0

Uncertainty was evaluated by applying a 0.800

perturbation (p) to the reference emissivity value and
substituting the new emissivity value (g pew = 0.89 *
p) for the one previously set (e, = 0.89) to calculate

0.825

0.850

0.875 0.900

&

0925 0.950 0.975 1.000

Figure 7. Mixed CDWs analysis: emissivity values distribution.

the emissivity of the tested specimens. These
perturbations were generated using a Gaussian
distribution with a standard deviation equal to the
value specified by the paint manufacturer (o = 0.01). 030
Finally, the resulting distribution of the 10¢ iterations
were considered to calculate the mean and standard
deviation of the emissivity obtained for each of the
three tests and for each material class. The standard
deviations
understand how much the input uncertainty related to

W 085

obtained are taken into account to 075

- e Mean
—— Mean * 2 dev std

I I

the known emissivity value of the reference paint,
affects the variability of the final emissivity values
obtained for the CDW classes analysed.

3. RESULTS
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Figure 8. Emissivity 95 % confidence intervals (obtained from mean and standard

3.1. Results on emissivity estimation

Table 3 presents the results of the emissivity
estimation for each CDWs class, reported as
minimum, maximum, mean, and standard deviation values. The
number of measurements is the total number of frames analysed
for each class; it is obtained by multiplying the number of
specimens by the number of tests by 10 (number of frames
considered in the analysis per test). For the tiles and ceramic
class two sides were analysed for each sample, but the results
were split since the two sides are totally different. For the wood
class, each specimen was analysed in two different portions, but
the results were grouped together since the material inspected is
the same. The same was done for 2 out of 4 specimens of paper
and cardboard class.

Table 3. Material emissivity: mean (Mean), minimum (Min), maximum (Max),
and standard deviation (o) values.

&
CDWs class ’ number of
Mean Min Max o measurements

Concrete 088 084 091 002 180
Brick 08 081 091 002 180
Tiles and 091 08 092 001 180
ceramic
o ;

Rearsideof 27 086 o088 001 180
tiles
Wood 091 08 094 003 180
Plastic 088 067 096 005 450
Metals 091 084 094 003 150
Paper and 0.87 0.84 0.89 0.01 180
cardboard
Mixed COWs 087 084 093  0.02 52801

! Number of ROIs considered.

deviation values, selecting a coverage factor k = 2).

It is worthy to note that for the mixed CDWs class the
emissivity values were calculated considering the ROIs of all the
frames from all the tests, the sum of which gives the number of
measurements in Table 3. Figure 7 shows the distribution of the
emissivity values of mixed CDWs class. The number of
occurrences is the total number of ROIs.

An alternative representation of the results is provided in
Figure 8, where bar graphs depict the mean and standard
deviation for each class, using a coverage factor £ = 2 in order
to have 95 % confidence intervals.

The results indicate that certain classes have a tight emissivity
interval, which suggests low inter-specimen variability within
the class; examples of such materials include tiles and ceramics
(on both sides), and paper and cardboard. In contrast, other
classes, such as plastics, metals and wood, show higher inter-
specimen variability; this is due to the heterogeneity of
specimens within these classes, especially in the plastic category,
which includes different types of plastic materials.

3.2. Results of the uncertainty analysis

The results of the uncertainty analysis, performed on four
classes, are shown in Table 4. The input uncertainty (#(x;)
represents the uncertainty associated with the emissivity value
of the reference paint (x;), while the output uncertainty (s()))
corresponds to the obtained uncertainty in the emissivity value
of the material to be characterized (y) for that specific test. The
mean values obtained from the Monte Catlo simulation are very
similar to (or equal to) the respective mean values displayed in
Table 3, and therefore are not shown.
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Table 4. Results of MCM-based uncertainty analysis on IR thermography
results related to the different test performed: 1) single test on a single
specimen, 2) 3 repeated tests on a same specimen, and 3) 3 repeated tests
on 5 different specimens. Input (u(xi)) and output (ui(y)) uncertainty for each
material and test.

Test 1 Test 2 Test 3

Material

u(xi) uiy) u(xi) uiy) u(x) uiy)
Concrete 0.01 0.02 0.01 0.02 0.01 0.02
Brick 0.01 0.02 0.01 0.02 0.01 0.02
Plastic 0.01 0.02 0.01 0.03 0.01 0.04
Paperand 001 002 | 001 002 | 001 002
cardboard

For the classes concrete, brick, and paper and cardboard, the
values of the mean and standard deviation are very similar (or
equal) between the three tests. This indicates that specimens are
very similar to each other and both intra- and inter-specimen
variability are limited and acceptable. On the other hand, the
values change for plastic; in particular, the standard deviation
increases from the first to the third test and this is due to the
heterogeneity of the specimens of this material (i.e., high inter-
specimen variability) compared to the specimens of the other
classes, which are more similar to each other, hence providing a
better repeatability.

Reference emissivity distribution

Examples of the distribution of reference and test materials
emissivity values are reported in Figure 9 and Figure 10. In
Figure 9 the class is concrete, and the test is the first one (i.e.,
single test on a single specimen); the output uncertainty is
approximately doubled with respect to the input one, with an
expanded uncertainty (£ = 2) of 0.04. In Figure 10 the class is
plastic, and the test is the third one (i.e., 3 repeated tests on 5
different specimens), where the output uncertainty is the highest
of all the tests (0.04), including also the contribution of repeated
tests and specimens variability. These two cases were chosen to
be represented because they are the ones with the lowest and
highest output uncertainty.

Active thermography for estimating material emissivity has
proven to be a valid technique; however, observing the results
it is clear that it is not possible to univocally distinguish the type
of material based solely on this estimation. In fact, the emissivity
ranges of the materials of interest often overlap, and for some
materials, such as plastics and metals, the ranges (from
minimum- to maximum) are very wide; this is due to the
intrinsic variability of the different types of plastics and metals
among themselves. As a result, the measurements are
compatible, and the classes are not distinguishable from each
other.

Sample emissivity distribution
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Figure 9. Probability distribution of reference (left, input) and test (right, output) emissivity values; test n. 1 on concrete class (dataset related to a single test

performed on a single specimen).

Reference emissivity distribution
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Figure 10. Probability distribution of reference (left, input) and test (right, output) emissivity values; test n. 3 on plastic class (dataset related to repeated tests

on different specimens).
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4. CONCLUSIONS

In this study active thermography, supported by a statistical
assessment, was evaluated as a potential source of information
for the classification technique for several CDWs material
classes based on the emissivity values, patticularly the
hemispherical spectral emissivity. Multiple tests were conducted
on different specimens collected from waste management or
construction sites, and the overall results were expressed as
confidence intervals in order to properly consider the materials
variability. Motreover, a measurement uncertainty analysis based
on the Monte Carlo method was performed to express the
measurement uncertainty as recommended by the GUM.

The CDWs classification based solely on these
thermographic data is not feasible, but for sure the information
is relevant also to perform precise non-contact temperature
measurements (that could be useful in-field, for example, to
check the proper temperature for material transportation by
trucks). The measurement uncertainty analysis showed a limited
variability for all the classes (expanded uncertainty of + 0.04,
with a coverage factor £ = 2, with the exception of plastic class
that reported a doubled uncertainty — presumably linked to the
multiple sub-classes of plastic specimen analysed).

Due to the limitation of the amount of data used, the
proposed approach can be considered as a preliminary study in
this field; in particular, it is worthy to underline that more
accurate and widely extendable results can be achieved analysing
a larger number of specimens per class; also, it would be
interesting to perform the tests considering sub-classes of
certain materials (e.g., plastics and metals).

For sure, data-fusion from different sensors also operating
in diverse spectral ranges can result beneficial since the final
output provides a broader overview of the material to be
characterised. Active thermography could be combined with
other non-contact sensors, such as visible or hyperspectral
cameras, and their wuse could enable different and
complementary features to be extracted from materials. By
leveraging information from different sensors, it would be
possible to obtain a more complete characterization of CDW's
materials, and an efficient classification method also based on
ML and Al techniques.

This information can be exploited in a view of CDWs
valorisation, going towards a more sustainable and circular
construction sector according to the European Commission
guidelines and recommendations [29].
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