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Abstract

The simultaneous use of Coarse Recycled Aggregate (CRA) and Raw-Crushed Wind-Turbine Blade (RCWTB)
in concrete enables the recycling and revaluation of two wastes from wind-farm decommissioning. Verifica-
tion of the validity of Non-Destructive Testing (NDT) for field control of the concrete mixes produced with
these wastes is key to extending its possibilities of use, as is the application of NDT in concrete monitoring.
This research evaluates the suitability of Ultrasonic Pulse Velocity (UPV) and rebound index to estimate the
mechanical properties of concrete made with up to 100% CRA and 10% RCWTB. From an experimental
approach, both NDT properties decreased when adding both wastes, although rebound index exhibited a higher
experimental variability. These experimental results were subsequently analyzed through two statistical proce-
dures. First, an analysis through response surface methodology was conducted, whose models revealed that the
directions of maximum variation (gradients) for UPV, modulus of elasticity, compressive strength and tensile
splitting strength were aligned, especially for high waste contents. Second, a regression analysis determined
that only these three mechanical properties could be properly estimated using these NDT properties, since Pois-
son’s coefficient and flexural strength largely depended on the stitching of the cementitious matrix, influenced
by the fibers from glass fiber-reinforced polymer contained in RCWTB. UPV was always the NDT property
that yielded more accurate estimations, while rebound index only improved the estimation quality of compres-
sive strength, although a reduction of its measured value is recommended to avoid strength overestimations. In
general, non-linear multiple regression models provided accurate and reliable predictions.
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NDT Non-destructive testing
RCWTB Raw-crushed wind-turbine blade
RSM Response surface methodology
UPV Ultrasonic pulse velocity

1 Introduction

Coarse Recycled Aggregate (CRA) is one of the main alternatives to reduce the large consumption of Coarse
Natural Aggregate (CNA) in concrete production, which reaches 50 billion tons per year worldwide [1]. This type
of aggregate comes from the crushing of out-of-use concrete elements and consists of CNA with bonded mortar.
This adhered mortar causes CRA to have less density than CNA, which leads to a less dense concrete [2], and a
higher water absorption capacity, which results in reduced workability of concrete [3]. In addition, CRA also cre-
ates double interfacial transition zones (ITZ) in hardened concrete: first between the CNA and the bonded mortar,
and second between the bonded mortar and the new cementitious matrix [4]. This usually results in a worsening
of concrete strength, as CRA favors aggregate debonding from the matrix when loading occurs [5], and durability
resistance, as CRA creates more porous and crack-prone ITZ that facilitate the entry of damaging external agents
[6]. Finally, CRA is also more flexible than CNA, which increases the deformability and shrinkage of concrete
[7].

The negative impacts of CRA can be partially offset with appropriate CRA production procedures [8], and
adjusting the concrete composition by increasing the contents of water, and plasticizing and water-reducing
admixtures [9]. Another possibility investigated to minimize the impact of CRA on the hardened behavior of con-
crete is its joint use with fibers, since they have opposite effects to CRA in several regards [10]. On the one hand,
fibers reduce concrete shrinkage acting as rigid elements that oppose the contraction of the cementitious matrix
[11]. On the other hand, fibers’ stitching reduces cracking, thus improving durability and load-bearing capacity
after failure [12]. Finally, they exert a confining effect that can increase the stiffness and strength of concrete
under compressive loads [13]. Traditionally, steel fibers have been mostly used due to their high elastic stiftness
[14]. However, their manufacturing process generates large sustainability impacts, their use in concrete counter-
balancing the environmental benefits of CRA addition [14]. Therefore, feasibility of sustainable fiber usage, both
recycled and natural, in concrete is being researched [12].

One widely used material in several fields is Glass Fiber-Reinforced Polymer (GFRP), which is composed of
glass fibers parallelly embedded in an epoxy matrix [15]. GFRP has many engineering applications due to its high
tensile strength and low weight, being widely used in automotive and aeronautic industries, among others [16]. In
fact, GFRP is a fundamental component of wind-turbine blades [17]. However, GFRP also has drawbacks, mainly
related to its recycling, for which there is no widely accepted solution [16]. One possibility is the separation of the
fiberglass and the epoxy matrix by pyrolysis (application of heat to burn the matrix) or solvolysis (use of solvents
to dissolve the epoxy matrix) [15]. However, these processes are environmentally damaging, costly and often
lead to a significant deterioration of the mechanical characteristics of the fiberglass [18]. Currently, efforts are
being conducted to fine-tune such treatments [19]. Another possibility, addressed in this paper, is the crushing of
end-of-life GFRP to obtain recycled fibers that can be added to concrete [20]. GFRP fibers provide concrete with
the advantages described above [21], being also effective in concrete containing CRA [22].

Focusing on the wind-energy sector, a major source of GFRP needing to be recycled [23], two aspects are note-
worthy. First, the dismantling of wind farms not only generates significant amounts of GFRP from wind-turbine
blades that required recycling, but also produces CRA from the demolition of the surface layer of wind-turbine
footings [24]. Thus, the successful joint use of CRA and recycled GFRP fibers in concrete allows the simultane-
ous management of these two wastes and is therefore a possible course of action that merits detailed investigation.
Second, wind-turbine blades to be recycled are not only composed of GFRP, but also contain other components
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such as balsa wood, which lightens the structure while providing the necessary strength [25], and polymers that
coat the outside of the blade, glue elements together, and even act as stiffeners [17]. The exclusive recycling of
GFRP poses the problem of looking for environmentally friendly ways to treat these other components [26].
Faced with this situation, a line of research has arisen to recycle all the elements of wind-turbine blades simul-
taneously through their non-selective crushing [27], yielding Raw-Crushed Wind-Turbine Blade (RCWTB), and
adding it to concrete [28]. It is demonstrated that structural concrete can be successfully developed when adding
this residue [29], which is composed of GFRP fibers and particles of polymers and balsa wood [28]. Moreover,
the effect of the GFRP fibers it contains remains effective in counteracting the disadvantages in terms of shrinkage
and cracking that the use of CRA entails [24, 30].

Non-Destructive Testing (NDT) of concrete has traditionally been conducted by evaluating the propagation
velocity of ultrasonic waves within it, yielding an NDT measurement known as Ultrasonic Pulse Velocity (UPV)
[31], or its surface hardness using the Schmidt hammer, value referred to as rebound index [32]. These NDT mea-
surements enable quality assessment [33] and estimation of the mechanical behavior of concrete already in place
for quality controls or rehabilitation works [34], without the need for destructive testing [35]. The usefulness and
relevance of NDT has led its validity in concrete made with alternative raw materials to be detailly investigated
[36]. If traditional NDT procedures prove valid, the use of non-conventional concrete can be more easily pro-
moted. Thus, on the one hand, research on concrete with CRA has shown that this aggregate decreases UPV and
rebound index due to its lower density and hardness [37], greater flexibility [38] and the weaker ITZ it generates
compared to CNA [39]. Since CRA typically causes a worsening of the mechanical properties of concrete, they
can be accurately estimated through NDT [40]. On the other hand, the stitching of the cementitious matrix by the
fibers is hard to be evaluated by UPV and rebound index [41]. These NDT measures are mainly suitable for esti-
mating compression-related properties when fiber addition involves other modifications in concrete composition,
such as an increase in water amount [42].

From the above, the observed trends in NDT of concrete containing CRA may be altered by the simultaneous
addition of RCWTB. This waste not only contains GFRP fibers, but also particles of reduced density and hardness
that cause the effect of RCWTB on UPV and rebound index of concrete with CRA to be even more unclear. Faced
with this situation, this research delves into the NDT evaluation of concrete made with up to 100% CRA and
10% RCWTB, an aspect that has not been covered in the scientific literature to date. Starting from experimental
results of all the mechanical properties of such concrete mixes, as well as UPV and rebound index, two power-
ful statistical procedures such as Response Surface Methodology (RSM) and non-linear multiple regression are
applied in this research to determine which mechanical properties can be estimated through these two NDT mea-
surements. In this way, the feasibility of using NDT to analyze concrete made simultaneously with two different
wastes from wind-farm decommissioning is addressed, which in turn promotes their simultaneous management
through concrete production.

2 Materials and methods

2.1 Concrete components

Non-waste concrete components were CEM II/A-L 42.5 R cement (limestone content between 6 and 20% by
weight) as per EN 197-1 [43], potable water, superplasticizers, siliceous aggregate divided into fractions 0—4
mm, 4-12 mm and 12-22 mm, and limestone aggregate 0—2 mm. The aggregates had a density of around 2.60 kg/
dm? and a water absorption in the order of 0.10-0.60% by weight as per EN 1097—6 [43]. All these raw materials
met the requirements of European regulations, Eurocode 2 [44], for concrete manufacture.

The first waste incorporated in the concrete mixes of this research was CRA 4-22 mm. Concrete pieces with a
minimum compressive strength of 45 MPa were crushed and screened to manufacture such aggregate. Laboratory
tests following EN 1097—6 [43] revealed that density and water absorption values were 2.44 kg/m® and 6.12%
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by weight, respectively. According to the scientific literature [2, 8], the strength of the parent concrete as well
as the density and water absorption values were adequate for the development of structural concrete through the
addition of this CRA.

The second waste considered in this research was RCWTB, for which a detailed characterization can be found
in a previous publication [28]. This waste came from the non-selective crushing of panels of wind-turbine blades,
resulting in a mixed composition consisting of five constituents: GFRP fibers, GFRP micro-fibers, polymeric par-
ticles, balsa-wood particles, and a mixture of non-mechanically separable particles of all these constituents. Their
proportions by weight were 66.8%, 13.0%, 8.3%, 6.3%, and 5.6%, respectively. The variability of the character-
istics of the RCWTB constituents can be perceived in their differences in size and density. Thus, the GFRP fibers
had an average length of 13.1 mm, an aspect ratio of 18 units and a density of 2.04 kg/dm>, while the balsa-wood
particles had a semi-spherical shape with an average size of 5 mm and a density of 0.33 kg/dm®. RCWTB as a
whole had a density of 1.63 kg/dm? according to EN 10976 [43].

2.2 Mix design

2.2.1 Central composite design (CCD)

The waste contents to be added to concrete in this research were set between 0 and 100% for CRA and between
0 and 10% for RCWTB. These amounts were established in accordance with previous research in which proper
concrete performance was achieved with such residues [9, 28]. To comprehensively assess all possible combi-
nations of CRA and RCWTB contents in concrete, a CCD with two independent variables (CRA content and
RCWTB amount) was conducted to provide a solid basis for the statistical methods applied in the analysis. The
usefulness of this design procedure was supported by its widespread and successful use in the assessment of con-
crete performance through statistical approaches [45]. To provide the statistical analyses with an even broader
basis, two o values,+0.5 and+ 1, were considered in the CCD, the resulting waste combinations being shown in
Table 1. Finally, four replicates (four concrete mixes with exactly the same composition) for the central combina-
tion of wastes (50% CRA and 5% RCWTB) were conducted to evaluate the variability of concrete behavior. Six-
teen concrete mixes were produced in total, including the four replicates with the central combination of wastes.

2.2.2 Concrete composition

First, the reference concrete mix was prepared, which did not contain any waste (0% CRA and 0% RCWTB).
This mix was initially designed following the indications of Eurocode 2 [44] and a granulometric adjustment to
the Fuller’s curve. Thus, the contents of the raw materials per cubic meter of concrete were the following: 320 kg
of cement, 128 kg of water (water-to-cement ratio of 0.40), 3.20 kg of superplasticizers (1% of the cement mass),
780 kg of siliceous aggregate 12-22 mm, 555 kg of siliceous aggregate 4—12 mm, 385 kg of siliceous aggregate
0—4 mm, and 280 kg of siliceous aggregate 0—2 mm. This mix design resulted in concrete with a slump class S3
(slump of 12.5£2.5 cm) as per EN 206 [43] and a compressive strength of around 45 MPa.

The addition of both wastes into concrete, CRA and RCWTB, was performed by applying volume corrections
and modifying the water-to-cement ratio and the proportion of superplasticizers so that all mixes reached an S3

Table 1 CCD combinations 0%RCWTB  2.5%RCWTB 5% RCWTB  7.5% RCWTB 10% RCWTB
(combinations of wastes for o, CRA 0.5, 1 1 0.5, 1
an a value of£0.5 identified 550, cRA 0.5
with 0.5 and for an a value 50% CRA 1 0.5 05,1% 05 1
of+1 with 1) 75% CRA 0.5
100% CRA 0.5, 1 1 05,1

*Four replicates with the central combination of wastes (50% CRA and 5% RCWTB) were performed
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slump class according to EN 206 [43]. Thus, all the mixes showed the same compactability when the specimens
for the hardened tests were cast, the results between mixes being therefore fully comparable. The guidelines fol-
lowed for the addition of the wastes to concrete were as follows:

e CRA 4-22 mm was added by replacing CNA 4-22 mm by volume. The incorporation of CRA to concrete was
combined with an increase in the water content of 7 1/m* for every 25%-CRA step, thus compensating for the
high water-absorption levels of this non-conventional aggregate [3].

e RCWTB was added to concrete as a simultaneous replacement of all the aggregate fractions by volume, with-
out altering the proportions between them. The presence of GFRP fibers in this waste hindered the dragging
of the larger aggregate particles, which in turn reduced concrete slump [46]. Thus, the content of superplas-
ticizers was adjusted in the concrete mixes with 10% RCWTB, so that 4.02 kg/m® of superplasticizers were
added when such RCWTB content was not combined with CRA, and 4.26 kg/m® when combined with 50%
and 100% CRA.

2.3 Research methodology

Based on the established mix design, nine 10%x20-cm cylindrical, three 10X 10x10-cm cubic and three
7.5 x7.5x27.5-cm prismatic specimens were prepared per concrete mix. Each test result for every mix was defined
as the arithmetic mean of the results of three specimens. These specimens were cured in a humid chamber at a
temperature of 20+2 °C and a relative humidity of 90+5% until 28 days, age at which the hardened tests were
performed. These tests covered both mechanical (compressive strength, modulus of elasticity, Poisson’s coef-
ficient, tensile splitting strength and flexural strength) and NDT (UPV and rebound index) properties of the mix-
tures. All mechanical properties were measured according to EN 12390 standards on the mechanical properties
of concrete [43], while EN 12504 standards on NDT of concrete [43] were applied for UPV and rebound index.
The UPV was determined by the direct method, placing the ultrasonic emitter and receiver on opposite faces of
cubic specimens [42], while the rebound index was measured on the cylindrical specimens subsequently tested
to compressive strength.

From all experimental results, the validity of UPV and rebound index to evaluate the mechanical behavior of
concrete made simultaneously with CRA and RCWTB was analyzed using two statistical procedures:

e First, RSM was applied, developing models for the evolution of both mechanical and NDT properties as a
function of the content of both wastes in concrete. Directions of maximum variation and maximum/minimum
points could then be compared [45].

e Second, a regression analysis was conducted in which the mechanical properties were expressed as a function
of the NDT measurements. Correlations, simple regression, linear multiple regression and finally non-linear
multiple regression were considered. This enabled to verify the suitability of the NDT properties for estimating
each mechanical property when used both individually and jointly [40].

Figure 1 provides an overview of the research methodology followed. Further details on the statistical analyses
conducted are shown in the sections specifically dealing with each of them.

3 Results and discussion: experimental results

3.1 Mechanical properties

The average values and the standard deviations of the mechanical properties are listed in Table 2. From an overall

approach, all the mixes widely fulfilled the requirements of structural concrete [44], except when jointly add-
ing 100% CRA and 10% RCWTB. The simultaneous use of high amounts of both wastes did cause a noticeable
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Fig. 1 Research methodology [ ccp design: a=*1 and a=20.5 |

<

I Experimental tests: Mechanical and NDT properties I

RSM analysis

Model development Goodness-of-fit Maximum/minimum
and analysis evaluation comparison

Regression analysis

Correlations and Linear multiple Non-linear multiple
simple regression regression regression

Table 2 Average values and standard deviations of the mechanical properties of the concrete mixes

RCWTB content (%) CRAcontent  Compressive Modulus of elastic- Poisson’s coefficient Tensile splitting Flexural
(%) strength (MPa) ity (GPa) strength (MPa) strength
(MPa)
0 0 47.2+3.4 45.3+0.9 0.167+0.015 3.77+0.22 5.59+0.52
0 50 48.2+1.6 40.0£1.8 0.164+0.013 3.50+0.25 5.64+0.56
0 100 43.7+1.3 32.8+0.6 0.184+0.028 3.37+0.50 4.46+0.58
2.5 50 39.5+1.0 35.7+1.4 0.151+0.005 3.29+0.09 5.42+0.50
5 0 40.9+4.0 37.9+1.8 0.161+0.008 3.68+0.36 5.91+0.56
5 25 45.0+£1.8 383+1.7 0.188+0.043 3.59+0.36 5.44+0.45
S5* 50 * 41.9+1.7 34.1£1.6 0.157+0.011 3.53+0.31 5.28+0.28
5 75 36.7+1.8 32.6+1.0 0.165+0.010 3.45+0.08 5.51+0.21
5 100 36.7+3.6 27.9+0.4 0.164+0.015 2.88+0.37 4.76+0.13
7.5 50 38.9+1.9 32.1+1.2 0.183+0.022 3.05+0.29 5.26+0.07
10 0 39.3+2.8 33.8+0.7 0.183+0.011 3.64+0.25 5.44+0.35
10 50 42.5+0.8 28.6+£0.4 0.192+0.030 3.79+0.24 6.41+£0.34
10 100 26.8+2.1 23.7+£0.7 0.182+0.016 2.60+£0.08 4.88+0.28

*The values for the concrete with 5% RCWTB and 50% CRA were obtained through the average of the results of four different mixes with
exactly the same composition and those waste contents

deterioration of the mechanical behavior of concrete. In fact, the value of 25 MPa, which is the minimum com-
pressive strength accepted to consider a concrete for structural use [44], was reached by a narrow margin with
these specific waste amounts. Finally, it should be noted that the standard deviations were adequate for statistical
modeling based on the results obtained [29, 38].

The addition of CRA led to a general decreasing trend of all the mechanical properties. Thus, the addition of
100% CRA led to reductions in compressive strength, modulus of elasticity, tensile splitting strength and flexural
strength of 7.4%, 27.6%, 10.6% and 20.2%, respectively, in concrete that did not incorporate RCWTB. These
decreases were 31.8%, 29.9%, 28.6% and 10.3%, respectively, when 100% CRA was added to concrete made
with 10% RCWTB. The reductions caused by CRA were due to its higher flexibility and worse adhesion to the
cementitious matrix than CNA [5, 7], both phenomena caused by the presence of adhered mortar [4]. Furthermore,
these phenomena were amplified when their effect was joined with those derived from the weak and deformable
particles present in the RCWTB [47, 48], since compressive strength, modulus of elasticity and tensile splitting
strength experienced greater decreases when combining both residues. However, as reported in other research
[22], it should be noted that the stitching of the cementitious matrix by the GFRP fibers was effective in limiting
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Table 3 Average values RCWTB content (%) CRA content (%) UPV (km/s) Rebound index
and standard de\/.iations of 0 0 4.88+0.09 373412
the NDT properties of the 0 50 4.73+0.03 36.70.6
concrete mixes 0 100 4.48+0.06 37.0+1.0
2.5 50 4.52+0.01 33.7+0.6
5 0 4.65+0.08 36.3+0.6
5 25 4.55+0.06 35.0+0.0
5% 50* 4.55+0.07 35.5+0.8
*The values for the concrete 5 75 4.46+0.03 353+23
with 5% RCWTB and 50% 5 100 4.37+0.02 36.0+0.0
CRA were obtained through the 75 50 4.50+0.01 36.340.6
average of the resuls of four 10 0 4.63+0.08 337423
1 CTEI MUXes WIth exscty He 1o 50 443005 37.0+1.0
same composition and those
waste contents 10 100 4.19+0.11 32.0£2.0
(a) (b)
|
5.0 38 \1|
7
/ 77
48 37 7; % fg
%
01 a0
_ 46 5 %z 7%
Q 3 35 // ) / i
2 : %7
< 44 2 3 / f /%
=) 2 //
o 33 ’ i
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32 f i /
0% CRA ‘f e 0% CRA
4.0
50% CRA 31 (7l “4 50% CRA
38 100% CRA 30 100% CRA
0% RCWTB 5% RCWTB  10% RCWTB 0% RCWTB  5%RCWTB  10% RCWTB

Fig. 2 Values of NDT properties: (a) UPV; (b) rebound index

the loss of flexural strength when CRA was added. This effect was especially pronounced when combined with
50% CRA, likely due to the friction of some of these fibers with rough CRA particles [24].

The use of RCWTB also affected the mechanical behavior of concrete. Thus, the addition of 10% RCWTB to
concrete without any CRA caused losses in compressive strength and modulus of elasticity of 16.7% and 25.4%,
respectively, due to the high deformability and poor adhesion of the polymeric and balsa-wood particles present
in this waste to the cementitious matrix [47, 48]. However, tensile splitting strength and flexural strength only
diminished by 3.4% and 2.7%, respectively, the negative effect of these particles being effectively compensated
by the GFRP fibers’ stitching [26]. When combined with CRA, the RCWTB effect was maintained, and even the
flexural strength was improved, for instance, by 8.6% in a concrete mix with 100% CRA when 10% RCWTB
was added. Finally, it should be noted that none of the two wastes significantly modified Poisson’s coefficient, no
clear trend being found.

3.2 NDT properties

The values of the NDT properties, UPV and rebound index, are detailed in Table 3, while Fig. 2 shows their
evolution with the variation of the content of both wastes. Both NDT properties had values within the expected
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ranges for their compressive strengths [32], as well as standard deviations suitable for statistical modeling [38].
However, the trends shown by each NDT property were different:

e UPV (Fig. 2a) was clearly reduced when increasing the content of any waste. For example, the addition of
100% CRA reduced UPV in the range of 6—10% regardless of the RCWTB content. Similarly, the incorpora-
tion of RCWTB to concrete with any CRA amount decreased UPV around 5—6%. Both the CRA and the parti-
cles of polymers and balsa wood within RCWTB have a lower density and stiffness than natural aggregate [39,
47]. Dense and stiff raw materials usually lead to a high UPV in concrete [35], so the addition of both wastes
clearly contributed to the decrease of this NDT property. The increase in porosity caused by these wastes could
also partially contribute to such UPV reduction [6, 28]. Finally, it should be noted that the decrease due to
RCWTB was lower, as the GFRP fibers acted as ultrasound conductors, with an UPV in the fiber direction of
2-3 km/s [49].

e Rebound index (Fig. 2b) tends to exhibit an appreciable variability [32], as also demonstrated the absence of a
clear trend of variation of this NDT property when incorporating both wastes. On the one hand, the addition of
RCWTB reduced the rebound index, especially in concrete with only one type of coarse aggregate (0% CRA,
i.e., 100% CNA, and 100% CRA), because of the deformable and weak particles that it contained [47, 48]. On
the other hand, CRA addition did not reveal a marked trend, the rebound index therefore remaining approxi-
mately constant. It seems that CRA only noticeably affected the rebound index when a significant proportion of
bonded mortar was close to the specimen surface, thus affecting the surface hardness [37, 39], which endowed
this NDT property with a high degree of randomness.

4 Results and discussion: RSM analysis
4.1 Overview

The validity of UPV and rebound index to approach the mechanical properties of concrete produced simultane-
ously with CRA and RCWTB was first evaluated through an RSM analysis. For this purpose, a quadratic model
was developed for each mechanical and NDT property and each a value,+0.5 and=+ 1, using the software Design
Expert [50]. These models depended on the first and second powers of the contents of both wastes, as well as the
interaction between them. The developed models were fitted according to Eq. (1), in which P was the property
considered (in MPa for compressive strength, tensile splitting strength and flexural strength; in GPa for modulus
of elasticity; in km/s for UPV; and dimensionless for Poisson’s coefficient and rebound index); Crcprp Was the
RCWTB content added to the concrete mix in percentage; C, was the CRA content added to the concrete mix
in percentage; and f were least-square adjustment coefficients.
P =py + Brewrs - CrowrB + Bora - Cora
+ Brewrs.cra - Crewrs - Cora (1)

2 2
+ BrowrB? - Crewrp + Bora2 - Cépa

Then, the goodness-of-fit of the two models developed for each property (one model for each a value) was com-
pared. It was analyzed the significance of the model, a p-value greater than 0.05 indicating that the model was
significant at a 95% confidence level [5]; the percentage of variance described through the R? coefficient; and the
lack of fit based on the variability of the concrete mix with the central combination of wastes (50% CRA and 5%
RCWTB), a p-value greater than 0.05 revealing absence of lack of fit at a 95% confidence level [51]. From this
evaluation, the optimum a value for the RSM analysis was established, the random distribution of the residuals
for the optimum models being subsequently verified.

Once the models were defined, the directions of maximum variation (gradients) and the maximum and mini-
mum points of the models for the NDT properties were compared with those of the models for the mechanical
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Table 4 Goodness-of-fit analysis of RSM models

Property a=+] a==x0.5
Model p-value R (%) Lack-of fit p-value Model p-value R (%) Lack-of fit p-value

Compressive strength 0.0299 82.18 0.6358 0.0436 79.58 0.6119
Modulus of elasticity 0.0000 98.23 0.8469 0.0001 97.41 0.7777
Poisson’s coefficient 0.1433 67.96 0.8417 0.5961 39.53 0.3452
Tensile splitting strength 0.0703 75.62 0.5214 0.0521 78.20 0.7718
Flexural strength 0.0953 67.78 0.1334 0.1288 69.27 0.5143
UPV 0.0017 93.48 0.7463 0.0075 89.08 0.5552
Rebound index 0.3322 54.53 0.0628 0.3172 55.45 0.0731

Table 5 Adjustment coefficients () for optimum RSM models (a= + /) according to Eq. (1)

Property Bo BrROWTB BoRra BrewrB.crRA___Brewrs? Bora?

Compressive strength 45.95000 -1.34667 0.16167 -0.00900 0.07800 -0.00184
Modulus of elasticity 45.13750 -1.43167 -0.08917 0.00240 0.02450 -0.00032
Poisson’s coefficient 0.16508 -0.00520 0.00002 -0.00002 0.00075 0.00000
Tensile splitting strength 3.66833 -0.02433 0.00673 -0.00064 0.00360 -0.00011
Flexural strength 5.70042 -0.09533 0.00513 0.00057 0.01015 -0.00017
UPvV 4.86417 -0.04300 -0.00243 -0.00004 0.00170 -0.00001
Rebound index 36.83333 -0.24667 0.02333 -0.00140 0.00400 -0.00024

properties. A coincidence in these aspects between the model for an NDT property and the model for a mechani-
cal property was indicative that both properties followed the same trends when wastes were incorporated into
concrete, so they might be closely related [45].

4.2 Model definition

Table 4 lists the goodness-of-fit parameters of the RSM quadratic models developed for each a value, which
showed no lack of fit in any case. The performance detected for each property was the following:

e Compressive strength, modulus of elasticity and UPV were the properties that were best fit by RSM. Their
models were significant for both a values and exhibited the highest R’ coefficients, with minimum values of
around 80%.

e Tensile splitting strength and flexural strength were less accurately fitted, with RSM models generally not
significant at a 95% confidence level, but with R? coefficients of intermediate value, between 65 and 80%. It is
thought that the stitching effect of GFRP fibers could not be fully adequately simulated through RSM due to its
different effect for each CRA amount [24]. In fact, their best interaction was found with 50% CRA. However,
the models developed for an o value of+ 1 were significant at a 90% confidence level (model p-value lower tan
0.10), which for an a value of+£0.5 were not.

e Finally, the large experimental dispersion of the Poisson’s coefficient and the rebound index meant that the
RSM models for these properties were not significant in any case [51]. Furthermore, they exhibited very low
R? values, on average around 55%.

Based on all the above aspects, an o value of+ 1 was considered the most appropriate for the RSM analysis. This
value allowed the development of significant quadratic models for compressive strength, modulus of elasticity
and UPV, with R coefficients of 82% for compressive strength and over 90% for modulus of elasticity and UPV.
In addition, it allowed the development of significant models for tensile splitting strength and flexural strength
at a 90% confidence level with intermediate R’ coefficients. The values of the £ adjustment coefficients of these
models are detailed in Table 5, which reveal that the models mainly depended on the first-power and interaction
terms, the second-power terms providing the models with descriptive curvatures [45]. Finally, it should be noted
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Fig.3 Comparison between residuals and predicted values for optimum RSM models (a= +/): (a) compressive strength; (b)
modulus of elasticity; (c) Poisson’s coefficient; (d) tensile splitting strength; (e) flexural strength; (f) UPV; (g) rebound index

that the models developed for an a value of+1 were also adequate regarding the distribution of residuals, since
in all cases it was random when compared to the predicted values of the properties, as can be observed in Fig. 3.
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Fig.4 Contour plots of optimum RSM models (a= + /) (red colors indicate high values of the property and blue colors mean
low values): (a) compressive strength (MPa); (b) modulus of elasticity (GPa); (c) Poisson’s coefficient (dimensionless); (d)
tensile splitting strength (MPa); (e) flexural strength (MPa); (f) UPV (km/s); (g) rebound index (dimensionless)

4.3 Model analysis
4.3.1 Directions of maximum variation (gradients)
Figure 4 shows the contour plots of the optimum RSM models (a= + 1), from which the directions of maximum

variation (gradients) were identified. To define them, a two-dimensional Cartesian coordinate system was used,
the x-axis indicating the RCWTB content (unit vector ¢) and the y-axis the CRA amount (unit vector 7).
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e The gradient of modulus of elasticity was approximately the vector +¢ + 7, this property proportionally de-
creasing with the content of both residues. Compressive strength and tensile splitting strength also had this
gradient for high contents of both wastes, since compressive strength did not depend on the CRA amount for
low RCWTB contents (vector 42 as gradient), while tensile splitting strength was not conditioned by RCWTB
for low CRA amounts (vector +7 as gradient).

e Poisson’s coefficient and flexural strength were strongly conditioned by the stitching effect of the GFRP fibers
and their interaction with the CRA content [22]. Therefore, they did not present constant gradients throughout
the entire study space. Thus, Poisson’s coefficient had as gradients the vectors —z + 3 and +¢ for RCWTB
contents lower and higher than 4%, respectively. The gradients for flexural strength were the vectors 43 and
—7,30% CRA being the frontier between them.

e NDT properties had constant gradients in the whole study space, the vector +2 + j for UPV, being affected by
both wastes, and the vector 4% for rebound index, as it was mainly affected by RCWTB.

UPYV and modulus of elasticity of concrete exhibited identical gradients when adding both residues, suggesting a
remarkable relationship between them, as stated in scientific literature [41, 42]. Compressive strength and tensile
splitting strength also shared the same gradient when adding high waste contents. The gradient of rebound index
only coincided with that of compressive strength for low RCWTB contents and with that of Poisson’s coefficient
from 4% RCWTB.

4.3.2 Maximum/minimum points

Figure 5 depicts the contents of CRA and RCWTB for which each property reached its maximum and minimum
values in the study space. All these contents were determined through the optimum RSM models (o= + 1), always
choosing the waste combinations with the highest desirability [45, 51].

In relation to maximum points (Fig. 5a), only an exact coincidence was found between the UPV and the
modulus of elasticity, which reached their maximum values for the same waste contents, showing their inherent

(a)100 (b) 200 7 S &
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A Poisson's coefficient A Poisson's coefficient
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Fig. 5 Waste contents of the maximum and minimum values of the properties according to optimum RSM models (a=+1):
(a) maximum points; (b) minimum points
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relationship [40, 41]. Furthermore, the CRA content for which maximum UPV was obtained practically coin-
cided with that of maximum Poisson’s coefficient and maximum tensile splitting strength, while its RCWTB
amount almost matched that of maximum compressive strength. On the other hand, the waste contents of maxi-
mum rebound index were almost the same as those of maximum compressive strength, while its RCWTB con-
tent practically matched that of maximum modulus of elasticity. UPV was closely related to a higher number of
mechanical properties in terms of maximum points than rebound index. The simultaneous consideration of both
NDT properties did not improve the accuracy yielded through only one NDT property. Finally, it should be noted
that the contents of CRA and RCWTB for which maximum flexural strength was achieved were not close to those
of any combination of NDT properties due to the dependence of this mechanical property on the GFRP fibers’
stitching effect contained in the RCWTB [21].

In relation to the minimum points (Fig. 5b), they were reached for 100% CRA and 10% RCWTB for compres-
sive strength, modulus of elasticity, tensile splitting strength, UPV and rebound index. Therefore, these three
mechanical properties exhibited a clear relationship with both UPV and rebound index in terms of minimum
points. The stitching of the cementitious matrix by the GFRP fibers affected Poisson’s coefficient and flexural
strength, which caused both mechanical properties to not experience as noticeable a decrease as the others as the
waste contents increased [29]. Thus, the waste amounts corresponding to the minimum NDT properties were far
from those that led to the minimum values of these mechanical properties.

5 Results and discussion: regression analysis
5.1 Overview

From the analysis of the directions of maximum variation and maximum/minimum points performed through
RSM, it was found that UPV and modulus of elasticity followed the same trends of variation when both wastes
were added. Compressive strength and tensile splitting strength also exhibited similar trends of variation to those
of UPV when high waste contents were included. Regarding the rebound index, its trends coincided with those
of compressive strength and Poisson’s ratio, but only for certain RCWTB contents.

In order to verify these aspects from a regression approach to then define adequate estimations of the mechani-
cal properties through NDT, a correlation analysis was first performed to approach the relationship between
mechanical and NDT properties [40]. Subsequently, a regression analysis was conducted, thus expressing each
mechanical property as a function of one or two NDT properties. By means of simple regression and linear mul-
tiple regression, those mechanical properties of concrete containing CRA and RCWTB that could be estimated by
NDT were established, and the basis to develop non-linear multiple regression models for an optimal prediction
of such mechanical properties was established. All these analyses were performed using Statgraphics software
[52] accounting for the results of the four replicates performed with the central combination of residues (50%
CRA and 5% RCWTB) for wider generalization [29].

5.2 Analysis of correlations

Correlations are commonly used to assess the validity of NDT to approach the mechanical behavior of concrete
with varied compositions [37, 42]. These correlations, expressed as absolute values between 0 and 1, quantify the
intensity of the relationship between two variables. The higher the value, the stronger the relationship. In addi-
tion, the sign indicates whether the relationship between variables is direct (positive sign, both variables increase
or decrease simultaneously) or inverse (negative sign, one variable increases while the other decreases or vice
versa). In this research, Pearson’s correlations, which show a linear relationship, and Spearman’s correlations,
which detail if the relationship is monotonic, i.e., if the rate of variation of the variables is not the same, were
considered. The correlations between mechanical and NDT properties are detailed in Fig. 6.

Archives of Civil and Mechanical Engineering &)\ Springer



76 Page 14 of 35 https://doi.org/10.1007/s43452-026-01442-4

;legérzog;ogslg‘;g:;l SI?, C(?r— (a) -1.0 I - mmm 1.0
rlaion e bkl s
bk Lo, Cocomres e o
elqsticity, PC Po_isson’.s goef— PC
ficient, 7'SS tensile splitting
ity, Rl rebound index FS | 0.39 0.33 0.59 0.38 0.23
UPV 0.38 0.50
RI 0.44 0.48 0.23 0.50
Cs ME PC TSS FS UPV RI
(b) 1.0 D T 1.0
Cs 0.49 0.46 0.58 0.41
ME 0.53 0.54
PC
TSS 0.49 0.53 0.56 0.35
FS | 0.6 0.54 0.50 0.24
UPV 0.58 0.56 0.50
RI 0.41 0.35

Cs ME PC TSS FS UPV RI

Correlations showed that the relationship between mechanical properties and NDT were mostly linear (higher
Pearson’s correlations), thus not requiring high powers to obtain an adequate estimation precision by regression
[53], and more intense with UPYV, since it was the NDT property that exhibited less variability [38]. The exception
was flexural strength, which presented higher Spearman’s correlations due to the stitching of the cementitious
matrix by the GFRP fibers and its different effect with each CRA content [24]. Such stitching effect was enhanced
when combined with some specific CRA contents, especially at 50% CRA. Analyzing each mechanical property
separately, modulus of elasticity showed the highest Pearson’s correlation, 0.95 with UPV, as usually reported in
the literature [41]. Compressive strength and tensile splitting strength yielded Pearson’s correlations of around
0.75 with UPV. Furthermore, compressive strength showed a Spearman’s correlation with the rebound index
of 0.68. These values were indicative that, in principle, regression models could be successfully developed to
accurately estimate these mechanical properties using NDT [40]. Finally, sufficiently low correlations were not
obtained for Poisson’s coefficient and flexural strength in all cases to be able to state with full certainty that their
estimation could not be successfully performed [53].
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Table 6 Formulation of simple-regression models

Mechanical property UPV Rebound index

Type A B Type A B
Compressive strength Squared-root reciprocal’ 15.9208 -43.2059 Double reciprocal -0.0426 2.3944
Modulus of elasticity Squared-root reciprocal' 17.7525 -54.0105 Double reciprocal -0.0256 1.9741
Poisson’s coefficient Squared-root reciprocal' 0.3292 0.3711 Double reciprocal 5.7043 8.6057
Tensile splitting strength Double reciprocal® -0.4347 3.3044 Double reciprocal -0.1250 149119
Flexural strength Double reciprocal® -0.0113 0.9010 Double reciprocal 0.1140 2.6175

"Model type “squared-root reciprocal” corresponds to Eq. (2)
“Model type “double reciprocal” matches Eq. (3)

5.3 Simple regression

Simple regression was used to evaluate whether each mechanical property could be estimated from a single NDT
property. A R’ maximization process yielded the most accurate estimates possible, the best models being always
of a reciprocal nature: “squared-root reciprocal” models, Eq. (2), or “double reciprocal” models, Eq. (3). In
these equations, Pm is the mechanical property (compressive strength, in MPa; modulus of elasticity, in GPa;
Poisson’s coefficient, dimensionless; tensile splitting strength, in MPa; or flexural strength, in MPa); NDTp is
the NDT property considered (UPV, in km/s; or rebound index, dimensionless); and 4 and B are least-squares fit
coefficients. Table 6 lists the most accurate model type for each combination of mechanical and NDT properties,
as well as the values of the least-squares coefficients. All the models were of a “double reciprocal” type, except
for the models estimating the compression-related properties through UPV. The relationship of UPV with the
mechanical properties was conditioned by the type of stress applied, UPV usually showing a closer relationship
with the compression-related properties [54], as shown in research conducted on concrete with CRA [38] and
other alternative raw materials [42].

B 2
_ >
Pm <A+ NDTp) 2)
1
Pm—_* 3
A+7N£Tp 3)

Figure 7 shows the comparison between the experimental values of the mechanical properties and those estimated
through simple-regression models. In addition, the accuracy analysis performed through deviation calculations
is detailed in Table 7. Comparing the accuracy reached with both NDT properties, UPV always yielded better
results, since the mean deviation (mean of the absolute values of the percentage differences between the estimated
and experimental values) for all the properties never exceeded 7.5% when using it. Moreover, UPV estimated
at least 75% of the experimental values with an accuracy of+10% regardless of the mechanical property. All
this was because UPV exhibited clear trends when adding both wastes (Fig. 2a) [40], unlike the rebound index
(Fig. 2b), which led to mean deviations of up to 11.0%. Evaluating the performance of the mechanical properties,
modulus of elasticity was the most accurately estimated property through UPV, verifying all the trends discussed
in the literature [53, 54]. The adhered mortar present in CRA and the weak particles in RCWTB weakened ITZ
and increased the porosity of the cementitious matrix [4, 47, 48], being this effect more relevant regarding tensile
splitting strength than the actual stitching by the GFRP fibers also contained in RCWTB. Thus, tensile splitting
strength was also well adjusted by UPYV, as this NDT property fundamentally reflects the characteristics of the
cementitious matrix [42]. Flexural strength was accurately estimated through both NDT properties, being the
only mechanical property adjusted with proper accuracy through rebound index. Finally, compressive strength
and Poisson’s coefficient were predicted with a mean deviation of 7.0% through UPV, 75% of their experimental
results being estimated with an accuracy of+ 10%.
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Fig.7 Comparison between experimental and predicted values through simple-regression models: (a) compressive strength;
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Table 7 Accuracy analysis of simple-regression models

Mechanical property UPV Rebound index
Mean deviation  5%-accuracy 10%-accuracy Mean devia- 5%-accuracy 10%-accu-
(%) predictions (%) predictions (%) tion (%) predictions (%) racy pre-
dictions
(%)
Compressive strength 7.3 313 75.0 9.0 18.8 50.0
Modulus of elasticity 3.7 75.0 100.0 11.0 25.0 50.0
Poisson’s coefficient 7.0 50.0 75.0 7.1 43.8 75.0
Tensile splitting strength 6.1 43.8 93.8 7.8 31.3 68.8
Flexural strength 4.9 68.8 87.5 6.4 68.8 81.3
Table 8 Goodness-of-fit indicators for simple-regression models
Mechanical property UPV Rebound index
R’ (%) Model p-value Durbin-Watson p-value R’ (%) Model p-value Durbin-Watson p-value
Compressive strength 60.93 0.0004 0.7126 52.40 0.0015 0.5413
Modulus of elasticity 89.59 0.0000 0.1296 24.01 0.0540 0.2439
Poisson’s coefficient 2.47 0.5607 0.0919 0.03 0.9450 0.1101
Tensile splitting strength 56.76 0.0008 0.4366 27.26 0.0380 0.4582
Flexural strength 17.54 0.1064 0.6636 3.49 0.4884 0.8545

Table 8 shows the goodness-of-fit indicators of simple-regression models. Analyzing first model significance,
UPV-dependent models for Poisson’s coefficient and flexural strength were not significant at a 95% confidence
level (model p-values higher than 0.05). The models dependent on rebound index for these properties were also
not significant, as well as the model for modulus of elasticity. Only the models for compressive strength and ten-
sile splitting strength, regardless of the NDT property, and the UPV-dependent model for modulus of elasticity
were valid. The accuracy yielded when estimating flexural strength (Table 7) was therefore trivial, not due to the
existence of a clear dependence between it and the NDT properties [39]. In fact, it can be observed in Fig. 7e the
absence of a clear relationship between the experimental and estimated values of this property, almost the same
predicted value being obtained for all the experimental results. Addressing the proportion of experimental vari-
ance explained by the statistically significant models, the UPV-dependent model for modulus of elasticity was the
only one that showed a high R’ coefficient of approximately 90%. UPV led to R’ coefficients of 55-60% for com-
pressive strength and tensile splitting strength, valid but somewhat low according to usual statistical approaches
[5]. Rebound index yielded the same performance for compressive strength, but it provided only an R’ coefficient
of about 27% for tensile splitting strength, which is clearly insufficient [5]. Multiple regression could be therefore
a way to improve such dimension in terms of compressive strength [40]. Finally, all the statistically significant
models had the necessary random distribution of residuals at a 95% confidence level to guarantee their suitability,
since their Durbin-Watson p-value was always higher than 0.05.

The statistically significant simple-regression models are plotted in Fig. 8. These models were approximately
linear in the ranges of study of the NDT properties (4.0-5.0 km/s for UPV and 30—40 units for rebound index) or
showed slight concave curvatures. This was consistent with the correlation analysis, which revealed that Pearson’s
correlations had the highest values (Fig. 6), the relationships between variables being therefore fundamentally
linear [53]. Furthermore, such representations also allowed verifying that UPV was the NDT property that always
yielded a more precise estimation. In the UPV-dependent models for compressive strength (Fig. 8a), modulus of
elasticity (Fig. 8c) and tensile splitting strength (Fig. 8d), the experimental results followed the model’s trend.
However, in the models dependent on the rebound index (Fig. 8b for compressive strength and Fig. 8e for tensile
splitting strength) the experimental results were more like a point cloud, not following the trend established by
the model so clearly, thus yielding lower R’ coefficients for that NDT property (Table 8), and the model explain-
ing worse experimental variability [39].
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Table 9 Significance Mechanical property UPV Rebound index
p-values of the terms of Intercept (A4) Slope (B) Intercept (4) Slope (B)
the statistically significant  Compressive strength 0.0000 0.0004 0.0269 0.0015
simple-regression models Modulus of elasticity 0.0000 0.0000 L

Tensile splitting strength 0.0231 0.0008 0.5072 0.0380

*The model for modulus of elasticity as a function of rebound index was not significant

Table 10 Formulation of Mechanical property C D E

linear multiple-regression Compressive strength -95.8603 18.8484 1.4431

models Modulus of elasticity -102.2160 31.1761 -0.1409
Poisson’s coefficient 0.2148 -0.0216 0.0015
Tensile splitting strength -4.3193 1.4076 0.0384
Flexural strength -0.0440 1.0501 0.0183

Finally, it should be noted from Table 9 that both the intercepts, 4 in Eq. (2) and Eq. (3), and the slopes, B in
Eq. (2) and Eq. (3), of the statistically significant simple-regression models were significant at a 95% confidence
level (p-values lower than 0.05), contributing effectively to improved estimation accuracy. The only exception
was the model dependent on the rebound index for tensile splitting strength, whose intercept was not significant
and only increased the complexity of the model without improving the estimation accuracy, so it could be safely
eliminated without affecting model’s quality [5].

5.4 Linear multiple regression

In view of the simple-regression results, an analysis through linear multiple regression was conducted. The aim
was to determine whether this statistical methodology enabled to improve the estimation accuracy for compres-
sive strength and tensile splitting strength, and to achieve statistically significant models for Poisson’s coefficient
and flexural strength. Thus, each mechanical property was expressed as a linear combination of the first powers of
both NDT properties, as shown in Eq. (4). In this equation, Pm is the mechanical property (compressive strength,
in MPa; modulus of elasticity, in GPa; Poisson’s coefficient, dimensionless; tensile splitting strength, in MPa; or
flexural strength, in MPa); UPV is the UPV value in km/s; R/ is the dimensionless value of rebound index; and
C, D and E are least-squares adjustment coefficients. Table 10 lists the values of these coefficients, which at first
glance did not reveal a greater influence of one NDT property than another in accordance with the findings of
other research [40, 55].

Pm=C+D-UPV+E-RI @)

As for simple regression, estimation accuracy was first analyzed. For this purpose, the comparison between
experimental and predicted values is shown in Fig. 9, while the first columns of Table 11 provide a detailed
analysis of deviations. Comparing the mechanical properties with each other, the trends found in simple regres-
sion when using UPV as the independent variable were maintained. Therefore, modulus of elasticity was the most
accurately estimated mechanical property (mean deviation of 3.6%), followed by flexural strength, compressive
strength, tensile splitting strength and Poisson’s coefficient, which showed a high mean deviation of 7.1%. It
seems clear from such situation that the linear multiple-regression models mainly depended on UPV, as it was
the NDT property that exhibited the least experimental variability [38] and that followed trends closer to those of
mechanical properties when both wastes were added according to the RSM analysis [51]. Another aspect worth
noting is that compressive strength was the only mechanical property whose estimation accuracy was improved
when both NDT measurements were simultaneously considered. Thus, its mean deviation and its percentage
of experimental results estimated with an accuracy of+10% when using the UPV-dependent simple-regression
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Fig. 9 Comparison between experimental and predicted values through linear multiple-regression models: (a) compressive
strength; (b) modulus of elasticity; (c) Poisson’s coefficient; (d) tensile splitting strength; (e) flexural strength

&) Springer Archives of Civil and Mechanical Engineering



https://doi.org/10.1007/s43452-026-01442-4 Page 21 0of35 76

Table 11 Accuracy analysis and goodness-of-fit indicators of linear multiple-regression models

Mechanical property Mean deviation ~ 5%-accuracy pre-  10%-accuracy pre- R? (%) Model p-value Durbin-
(%) dictions (%) dictions (%) Watson

p-value
Compressive strength 6.3 37.5 87.5 70.41 0.0004 0.6268
Modulus of elasticity 3.6 81.3 93.8 89.51 0.0000 0.1547
Poisson’s coefficient 7.1 37.5 81.3 4.04 0.7647 0.0573
Tensile splitting strength 59 43.8 81.3 53.88 0.0065 0.3185
Flexural strength 5.0 68.8 87.5 14.87 0.3511 0.7017

model were 7.3% and 75.0%, respectively. These values were improved to 6.3% and 87.5%, respectively, by lin-
ear multiple regression. It is thought that combining UPV and rebound index in the estimation model joined the
assessment of the cementitious-matrix characteristics provided by UPV [31] with the evaluation through rebound
index of the beneficial confinement effect under compression loads that the GFRP fibers within RCWTB could
exert [13].

The goodness-of-fit indicators for the linear multiple-regression models are shown in the last columns of
Table 11. As for simple regression, the models developed for Poisson’s coefficient and flexural strength were not
significant at a confidence level of 95%, their model p-values not exceeding the limit value of 0.05. Once again,
there was no clear relationship between the experimental and predicted values [5], evident by the scattering cloud
appearance of Fig. 9c for Poisson’s coefficient and Fig. 9e for flexural strength. The adequate prediction accuracy
yielded for flexural strength (Table 11) was therefore trivial, the NDT properties considered in this research not
allowing to adequately approach through multiple regression the stitching effect of the cementitious matrix by the
GFRP fibers contained in RCWTB, which in turn notably conditioned this mechanical property [21, 29]. On the
other hand, among all the statistically significant linear multiple-regression models (compressive strength, modu-
lus of elasticity and tensile splitting strength), only the model for compressive strength improved the R’ coef-
ficient of the corresponding UPV-dependent simple-regression model (60.93% vs. 71.41%) and, consequently,
the quality of the regression adjustment [39]. For the other mechanical properties, the combination of UPV with
rebound index led to models that adequately described their variation trends when adding both wastes, but did not
improve the fitting quality yielded by exclusively using UPV. Finally, all the models presented a Durbin-Watson
p-value higher than 0.05, so all of them had the necessary random distribution of residuals at a confidence level
0f 95% to guarantee their validity.

The reduced contribution of rebound index to the improvement of the estimation quality of mechanical prop-
erties was verified through the graphical representation of the statistically significant linear multiple-regression
models (Fig. 10). The contour plot of the model for compressive strength (Fig. 10a) showed a series of parallel
bands that formed approximately a 45° angle with both axes, both NDT properties clearly conditioning the esti-
mated value of this strength [45]. However, these bands were approximately parallel to the rebound-index axis
for the models for modulus of elasticity (Fig. 10b) and tensile splitting strength (Fig. 10c), which showed that
the estimated value of these mechanical properties depended almost exclusively on UPV [51]. The analysis of
the significance of the terms of these models (Table 12) yielded the same conclusions. While the UPV-dependent
term, D in Eq. (4), was always significant by presenting a p-value lower than 0.05, the term dependent on rebound
index, £ in Eq. (4), was only significant for compressive strength. This analysis also showed that the intercept, C
in Eq. (4), was not significant in the model for tensile splitting strength, so it could be removed without worsen-
ing model’s quality [5].
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Table 12 Significance

p-values of
valid linear

sion models

@ Springer

the terms of the
multiple-regres-

Mechanical property Intercept (C) UPV slope (D) Rebound-index slope (E)
Compressive strength 0.0018 0.0060 0.0411
Modulus of elasticity 0.0000 0.0000 0.7096
Tensile splitting strength 0.0534 0.0111 0.4789

Archives of Civil and Mechanical Engineering



https://doi.org/10.1007/543452-026-01442-4 Page 23 0of35 76

5.5 Non-linear multiple regression

5.5.1 Model definition

From the simple-regression and linear multiple-regression analyses, the following conclusions were reached for
each mechanical property:

e The highest accuracy and goodness of fit for the estimation of compressive strength was obtained by combin-
ing UPV and rebound index in the prediction model.

e The simplest way to estimate modulus of elasticity and tensile splitting strength was through exclusively UPYV,
since rebound index did not allow improving prediction quality.

e Poisson’s coefficient and flexural strength did not show a clear relationship with any NDT property, so no sig-
nificant models could be developed to estimate these properties in a non-trivial way.

Based on these aspects, models through non-linear multiple regression were developed to estimate compressive
strength, modulus of elasticity and tensile splitting strength as accurately as possible. For this purpose, the values
of the adjustment coefficients were iteratively determined by least squares using the Marquadt method [56]. By
applying this method, the number of iterations was limited to those necessary to achieve an error in these coef-
ficients of 0.1%, thus avoiding excessive computational cost [55]. Expressions were obtained to approach the
mean and minimum expected values at a confidence level of 95%:

e The optimal model for estimating compressive strength is shown in Eq. (5) for the mean expected value and
Eq. (6) for the minimum expected value. This model incorporated two terms inversely dependent on the NDT
properties, following the formulation of simple-regression models. An intercept and two terms dependent on
the first powers of the NDT properties were incorporated to reflect the strong linear relationship of this me-
chanical property with them (Fig. 6), also found through linear multiple regression (Table 12).

e The model for modulus of elasticity is detailed in Eq. (7) and Eq. (8) regarding the mean and minimum expect-
ed values, respectively, which depended exclusively on UPV. This was exactly the simple regression model, as
no improvement in goodness-of-fit and estimation accuracy was achieved by introducing any additional terms.

e Finally, the model for tensile splitting strength, shown in Eq. (9) for the expected mean value and Eq. (10)
for the expected minimum value, was composed of a term following the formulation of the simple regression
model as a function of UPV combined with a term dependent on the first power of this NDT measurement. An
intercept not dependent on the NDT properties was not introduced because it was not significant, as noted in
linear multiple regression (Table 12).
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Fig. 11 Non-linear multiple-regression models: (a) mean expected value of compressive strength in MPa (contour plot);
(b) minimum expected value of compressive strength in MPa (contour plot); (c) modulus of elasticity; (d) tensile splitting
strength

Non-linear multiple-regression models are shown in Fig. 11. The model for compressive strength depended on
both UPV and rebound index, so it is represented as a contour plot. The models for modulus of elasticity and
tensile splitting strength depended only on UPV, so they are represented two-dimensionally:

e For compressive strength (Fig. 11a and b), the model revealed an increase of estimated strength approximately
proportional to UPV up to UPV values of 4.4 km/s, rebound index being almost irrelevant. However, the esti-
mated strength depended on rebound index to a greater extent for UPV values higher than 4.4 km/s, the model
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Fig. 12 Comparison between experimental and predicted values through non-linear multiple-regression models: (a) com-
pressive strength; (b) modulus of elasticity; (c) tensile splitting strength

Table 13 Accuracy analysis and goodness-of-fit indicators of non-linear multiple-regression models

Mechanical property Mean devia-  5%-accuracy 10%-accuracy R? (%) Mean absolute  Durbin-Watson
tion (%) predictions (%) predictions (%) error statistic*
Compressive strength 53 56.3 93.8 74.36 2.1664 2.1388 (1.9351)
Modulus of elasticity 3.6 81.3 93.8 89.51 0.1067 1.5315 (1.3709)
Tensile splitting strength 5.6 56.3 81.3 64.06 0.1846 2.0138 (1.5386)

*The minimum value of the Durbin-Watson statistic for absence of correlation between residuals in each case is shown in brackets
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thus presenting a parabolic shape. For UPV values between 4.8 km/s and 5.0 km/s, the estimated strength de-
pended almost exclusively on rebound index. This demonstrated the need of estimating compressive strength
by considering both NDT measurements to properly describe the trends depicted by this mechanical property
[40].

e The models for modulus of elasticity (Fig. 11c) and tensile splitting strength (Fig. 11d) exhibited an approxi-
mately linear shape in the study space, with a reduced curvature. These models effectively described both me-
chanical properties by fitting the trends of their experimental results. Non-linear multiple regression therefore
validated previous findings such as those of the correlation analysis, (Fig. 6), showing a predominant linear
relationship between these mechanical properties and UPV.

Figure 12 compares the experimental values of the mechanical properties with those estimated through non-linear
multiple-regression models. In addition, the first columns of Table 13 depict the accuracy of the models through
deviations. First, it should be noted that the minimum expected values were always lower than the experimen-
tal ones, providing the model in principle with an adequate safety margin [44]. Second, the models presented
an adequate accuracy according to previous research [35, 53], with mean deviations of around 3—6%, improv-
ing the precision yielded through linear multiple regression, especially for compressive strength. In addition,
around 80-90% of the experimental values were estimated with an accuracy of+10%. However, the estimation
was better for compression-related properties, due to the stronger link of both NDT properties to the quality of
the cementitious matrix, affected by CRA and the weak and deformable particles included in RCWTB [37, 47],
than to the stitching effect of the GFRP fibers contained in RCWTB [42], which partially conditioned the trends
exhibited by tensile splitting strength when RCWTB was added [21]. In particular, modulus of elasticity was
the property that was most accurately estimated due to its close relationship with UPV [54], as this property is
little dependent on the GFRP fibers because the strain in the elastic zone of concrete was not high enough for
these fibers to work effectively [14]. Goodness-of-fit indicators, shown in the last columns of Table 13, reflected
these same aspects, with the R’ coefficient and the mean absolute error (average of the differences between the
experimental and estimated values in absolute value) presenting the best results for modulus of elasticity, then for
compressive strength and finally for tensile splitting strength. All the models presented a random distribution of
residuals according to the Durbin-Watson statistic.

5.5.2 Safety factors
Apart from comparing the experimental and minimum expected values, the estimative safety of the optimal mod-
els obtained through non-linear multiple regression was determined by calculating the safety factors for the mean

and minimum expected values [57]. The calculation of the safety factors followed these steps:

1. Each experimental result was divided by its corresponding mean and minimum expected values.

Table 14 Safety-factor evaluation for non-linear multiple-regression models

Mechanical Expected value 2 test Saphiro-Wilk Skewness Z-score  Mean (p) Standard devia- Kol-
property p-value test p-value test p-value tion (o) mogorov—
Smirnov
test p-value
Compressive Mean 0.5341 0.6865 0.6386 1.0000 0.0631 0.9677
strength Minimum 0.2757 0.1967 0.4102 1.2293 0.0821 0.6362
Modulus of Mean 0.6890 0.9744 0.8580 1.0006 0.0483 0.9962
elasticity Minimum 0.8343 0.9962 0.9235 1.1259 0.0553 0.9928
Tensile splitting Mean 0.2757 0.4294 0.4664 0.9932 0.0690 0.9506
strength Minimum 0.1866 0.2909 0.2935 1.1907 0.0833 0.9681
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2. For each mechanical property and type of expected value, it was verified whether the set of results obtained
through those divisions followed a normal distribution. For that, several hypothesis tests were considered: y°
test, which compares the frequencies of the data with those of a normal distribution; Saphiro-Wilk test, which
evaluates the goodness-of-fit of the data to a normal distribution; and the Skewness Z-score test, which ana-
lyzes whether the frequencies of the data are symmetrical. A p-value greater than 0.05 was always indicative
that the normality requirement was fulfilled at a 95% confidence level.

3. Once normality was verified, a normal distribution was fitted to each data sample. The mean () of this distri-
bution was the value of the safety factor for each case.

4. Finally, the quality of the adjustment was verified with the Kolmogorov—Smirnov test, a p-value higher than
0.05 indicating an adequate adjustment quality at a confidence level of 95%.

Table 14 shows the results of the safety-factor evaluation. Data always followed a normal distribution according
to all the hypothesis tests, as required for an adequate calculation of safety factors [57]. Focusing on the safety
factors, the value for the mean expected values was always approximately 1, indicating that overall the fit was
accurate [44]. For the minimum expected values, the value reached depended on the quality of the fit. Thus, the
model for the modulus of elasticity presented a safety factor of around 1.13, while the safety factors for tensile
splitting and compressive strengths were 1.19 and 1.23, respectively. Thus, it can be stated that non-linear mul-
tiple regression allowed the development of adequate models to estimate these three mechanical properties by
NDT, as the models provided greater safety margins for such properties for which the regression adjustment did
not yield such high accuracy [51, 53].

5.5.3 Model validation through a robustness analysis

The first validation of the optimal models developed through non-linear multiple regression was a robustness
analysis. For this purpose, a percentage variation in the values of the NDT properties, 1% for UPV and 3% for
rebound index, both positive and negative, was assumed. Then, the estimated values of the mechanical properties
were calculated with the resulting values of the NDT properties, and subsequently compared with the experimen-
tal results. The percentage variation of each NDT property was defined by first calculating the overall mean value
as the average of the values of that NDT property for all the concrete mixtures; secondly calculating the overall
standard deviation as the average of the standard deviations of all the mixes for that NDT property; and finally
determining the percentage of the overall mean value of the NDT property that represented the overall standard
deviation [40].Figure 13 shows the comparison between the experimental and estimated values from this robust-
ness analysis for compressive strength, for which both individual and combined variations of the NDT properties
were considered. Figure 14 depicts such comparison for modulus of elasticity and tensile splitting strength, in
which only UPV variation were considered. Table 15 shows the deviations and safety factors for the expected
mean values resulting from this robustness analysis.

The deviations from the robustness analysis were generally adequate [40], with values around 5-6% in most
cases. Furthermore, the percentage of experimental results estimated with an accuracy of+10% was adequate,
generally higher than 75.0%, and the minimum expected value was always lower than the experimental one
(safety prediction of 100%). The only property that did not follow these trends in some cases was compressive
strength, which showed a mean deviation of 7.1% when a simultaneous positive variation of both NDT proper-
ties was assumed, and a mean deviation of 6.9% when both NDT properties experienced a simultaneous negative
variation. The dependence of the model for compressive strength on both UPV and rebound index caused the
prediction accuracy to decrease more markedly when both NDT properties simultaneously experienced a varia-
tion of the same sign [40]. In terms of safety factors, the positive variation of the NDT properties led to safety
factors below 1, although they were mostly close enough to 1 to ensure a proper estimation safety [57]. The
most unfavorable situation was a positive variation of the rebound index when estimating compressive strength,
regardless of the UPV variation, due to the fact that this NDT property shows greater experimental variability
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Fig. 13 Robustness evaluation of non-linear multiple-regression models dependent on UPV and rebound index (compres-
sive-strength model): (a) UPV variations; (b) rebound-index variations; (c) and (d) simultaneous UPV and rebound-index
variations. Legend: UPV ultrasonic pulse velocity, RI rebound index
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Fig. 14 Robustness evaluation of non-linear multiple-regression models dependent exclusively on UPV: (a) modulus of
elasticity; (b) tensile splitting strength. Legend: UPV ultrasonic pulse velocity

Table 15 Robustness evaluation of non-linear multiple-regression models through deviations and safety factors

Mechanical Hypothesis Mean devia- 5%-accuracy ~ 10%-accuracy  Safety pre-  y° p-value for Safety factor
property tion (%) predictions predictions (%) diction (%)  safety factor for mean
(%) expected
value
Compressive UPV+1% 5.7 50.0 87.5 100 0.5341 0.9781
strength UPV -1% 6.0 37.5 87.5 100 0.1866 1.0268
RI+3% 5.9 56.3 75.0 100 0.3925 0.9646
RI-3% 5.8 43.8 87.5 100 0.5341 1.0321
UPV+1% and RI+3% 7.1 56.3 68.8 100 0.3925 0.9442
UPV+1% and RI -3% 5.9 37.5 93.8 100 0.6890 1.0089
UPV -1% and RI+3% 5.7 50.0 87.5 100 0.2757 0.9896
UPV -1% and RI -3% 6.9 37.5 75.0 100 0.1223 1.0605
Modulus of  UPV+1% 5.2 56.3 87.5 100 0.6890 0.9709
elasticity UPV -1% 5.0 50.0 93.8 100 0.8343 1.0437
Tensile split-  UPV+1% 59 50.0 75.0 100 0.8343 0.9732
ting strength ~ UPV -1% 5.7 43.8 93.8 100 0.2757 1.0147

than UPV [32, 54]. In view of these aspects, it is advisable when estimating the mechanical behavior of concrete
simultaneously containing CRA and RCWTB to directly use the measured value of UPYV, since small variations
of this NDT property did not affect estimation quality, and to slightly reduce the recorded value of rebound index
to minimize the probability of overestimating compressive strength.

5.5.4 Model validation through random association
The second validation to which the non-linear multiple-regression models were subjected was random associa-

tion. For this purpose, the values of the properties measured in each individual specimen were considered. Then,
each individual value for every mechanical property of each concrete mix was randomly associated with an
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Fig. 15 Evaluation through random association of non-linear multiple-regression models: (a) compressive strength; (b) mod-
ulus of elasticity; (c) tensile splitting strength

Table 16 Random-association evaluation of non-linear multiple-regression models through deviations and safety factors

Mechanical property Mean deviation 5%-accuracy 10%-accuracy Safety predic-  y? p-value for Safety fac-
(%) predictions (%) predictions (%) tion (%) safety factor tor for mean
expected
value
Compressive strength 7.2 47.9 64.6 87.5 0.7872 1.0019
Modulus of elasticity 6.4 479 79.2 95.8 0.5637 1.0032
Tensile splitting strength 8.2 39.6 68.8 95.8 0.9642 0.9932
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individual value of UPV and rebound index of that same mix. The mechanical properties were estimated through
these pairs of values of the NDT properties, and compared with the experimental values with which they were
associated. Figure 15 shows the comparison between the experimental and estimated values, while Table 16
details the deviations and safety factors for the mean expected values.

As expected, the estimation accuracy decreased compared to that yielded in the development of the models
(Table 13). Nevertheless, the models performed adequately, exhibiting mean deviations with a maximum value
of around 8%, below the usual limit of 10% [38]. In addition, 65-80% of the experimental results were predicted
with an accuracy of+10%, the minimum expected value was lower than the experimental value in around 90%
of the cases, and the safety factors for the mean expected values were around 1. These values were adequate to
the limits established in the literature when performing this type of validation [40, 55, 57], thus emphasizing
the adequacy of the models developed through non-linear multiple regression for the NDT estimation of the
mechanical properties of concrete simultaneously containing CRA and RCWTB.

6 Conclusions

This research has evaluated the validity of Ultrasonic Pulse Velocity (UPV) and rebound index to assess the
mechanical behavior (compressive strength, modulus of elasticity, Poisson’s coefficient, tensile splitting strength,
and flexural strength) of concrete made with up to 100% Coarse Recycled Aggregate (CRA) and 10% Raw-
Crushed Wind-Turbine Blade (RCWTB). For this purpose, an experimental plan was conducted to measure all
these properties, results that were subsequently used to analyze the relationship between mechanical and Non-
Destructive Testing (NDT) properties through Response Surface Methodology (RSM) and regression approaches.
The following conclusions can be drawn:

e UPV consistently decreased with increasing CRA and RCWTB contents in concrete due to the reduction in
density and increase in porosity caused by both wastes. However, rebound index did not show such a clear
trend, presenting a greater experimental variability, as these wastes did not notably impact the hardness of the
cementitious matrix, the surface hardness of concrete being only affected by punctual particles of both wastes.

e The RSM models for predicting UPV from the contents of CRA and RCWTB were adequate, reaching R’
coefficients higher than 90%. However, the RSM models for rebound index were not significant, with R coef-
ficients of only around 50%. This discrepancy arose because UPV showed clear variation trends when both
wastes were added, while rebound index exhibited large experimental variability. An a value of+1 was the
most appropriate for the central composite design used for RSM development.

e RSM models showed an almost complete coincidence between the directions of maximum variation (gradi-
ents) of UPV and modulus of elasticity, which also coincided with those of compressive strength and tensile
splitting strength when high waste amounts were incorporated. The rebound-index gradient coincided with
that of compressive strength when low RCWTB contents were added. Thus, RSM demonstrated that UPV was
precisely related to these three mechanical properties, while rebound index only showed a connection with
compressive strength.

e Analyses through simple regression and linear multiple regression revealed that significant models to predict
Poisson’s coefficient and flexural strength could not be developed. UPV and rebound index did not properly
approach the stitching effect of the fibers from glass fiber-reinforced polymer contained in RCWTB, which im-
pacted these mechanical properties. Compressive strength, modulus of elasticity and tensile splitting strength
could be successfully estimated by UPYV, as these mechanical properties depended mainly on phenomena re-
lated to the cementitious matrix. The incorporation of rebound index to the models only improved the estima-
tion accuracy for compressive strength. Modulus of elasticity was always estimated with the highest accuracy.

e Non-linear multiple regression demonstrated the feasibility of accurately estimating compressive strength,
modulus of elasticity and tensile splitting strength of concrete made simultaneously with CRA and RCWTB
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through NDT. These models showed a linear nature in the study space, a feature also verified by correlations.
In addition, the safety factors for the minimum estimated values were always adequate, providing a greater
safety margin for the less accurate models.

Overall, it can be concluded that Poisson’s coefficient and flexural strength of concrete simultaneously containing
CRA and RCWTB could not be estimated by UPV and rebound index. However, the estimation of compressive
strength, modulus of elasticity and tensile splitting strength was accurate and safe, UPV being the NDT property
that was most effectively linked to these mechanical properties. The rebound index improved the estimation
accuracy of compressive strength, but it is advisable to reduce the experimentally measured value of this NDT
property to avoid overestimations.
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