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Abstract 

Polyurethane-based polymer concrete (PUC) has become a popular material for pavement repair. However, its 
compressive strength (fc) is essential to achieve effective repair work. This study predicted the compressive strength 
and evaluated the non-destructive test (NDT) properties of the PUC mixtures, prepared by mixing aggregate-to-poly-
urethane (PU) at 80/20, 85/15, and 90/10 ratios by weight. The experimental datasets from mechanical and NDT tests 
were utilized to train machine learning (ML) models, including multilinear regression (MLR), artificial neural network 
(ANN), support vector machine (SVM), Gaussian regression process (GPR), and stepwise regression (SWR) models 
for estimating the fc. Moreover, scanning electron microscopy (SEM) was employed to evaluate the microstructure 
of PUC. Feature selection tools were used to explore optimal input variables for estimating the (fc) of the PUC samples. 
The PUC-10 specimen revealed a maximum ultrasonic pulse velocity (UPV) value of 3.05 km/h. The microstructure 
analysis shows micro-voids with crack propagation between the aggregate and PU binder in the specimen contain-
ing 10% PU after testing. All the developed models showed high prediction accuracy. In addition, SVM outperformed 
other models at the training phase with R2 values of 0.9614, and ANN demonstrated the highest performance 
at the testing phase with R2 values of 0.9502.            
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1  Introduction
Concrete/flexible pavements are often prone to distress, 
such as rutting, aging, potholes, and cracks, during their 
life cycle due to environmental factors, including high 

temperature, impact, blast loads, chemical attacks, and 
moisture movement. However, conventional polymer 
modifiers can improve asphalt performance to a cer-
tain level; their stability under storage and aging resist-
ance remains an issue (Cong et al., 2019; Ibrahim Haruna 
et al., 2021; Jiang et al., 2022a). PU is commonly used in 
asphalt pavement as modified asphalt and a repair mate-
rial. It is formed by reacting polyols (including diols) with 
polyisocyanate (including diisocyanate). The block struc-
ture of PU is similar to that of styrene-butadiene rubber. 
Isocyanates and chain extenders produce a hard segment, 
while polyols have a soft segment (Li & Liu, 2002). Polyu-
rethane demonstrated good mechanical behavior, corro-
sion resistance, high elasticity, durability, fatigue, impact 
resistance, and fast setting, responsible for its broad 
applications including adhesive, thermoplastic, and 
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several industries (Al-Atroush et al., 2021; Junaedi et al., 
2023; Wang et  al., 2021). Carrera et  al. (2015) revealed 
that the asphalt mixture containing PU experienced sev-
eral degrees of modification in the asphalt matrix struc-
ture and investigated the possible way to formulate the 
modified asphalt emulsion with polyether polyurethane. 
Meng et  al. (2021) suggested that PU-modified asphalt 
is suitable for paving bridge decks. Moreover, different 
PU types have been used as modified asphalt, such as 
thermoplastic PU (Gallu et al., 2020) and MDI-polypro-
pylene glycol prepolymer (Sun et al., 2018). In addition, 
the mechanical and impact resistance properties of PUC 
were studied. For instance, Huang et  al. (2020a) inves-
tigated the hardened properties of PUC incorporated 
with ground glass fiber as pavement repair materials. 
Vasconcelos et  al. (2005) reported that the incorpora-
tion of milled fiber in the PUC improves the wearing and 
dynamic properties. Jung et  al. (2014) investigated the 
serviceability of PUC as repair materials for the runway. 
The author studied the mechanical properties, real-time 
degree of curing, and thermal expansion of the PUC 
specimen.

Over the decades, traditional linear and nonlinear 
methods have been utilized to estimate concrete prop-
erties. However, these methods have shortcomings in 
evaluating complex problems. Artificial intelligence-
based models are applied to offer solutions to several 
engineering problems. These include GPR (Hoang et al., 
2016), SVR (Chen et  al., 2022), emotional intelligence, 
and a traditional feedforward neural network (FFNN) 
(Haruna et al., 2021), deep neural decision forest (Alrayes 
et  al., 2023), Hammerstein–Wiener and SVM model 
(Adamu et al., 2021), ANN, regression tree, and random 
forest (Ehsani et  al., 2022) that are adopted. Kooshkaki 
et al. (2019) developed an ANN to study the influence of 
porosity on estimating the hardening behavior of cement 
mortar modified with nanomaterials. Recently, advanced 
and complex machine learning techniques, capable of 
handling linear and nonlinear datasets, have attracted the 
attention of several researchers to predict and optimize 
concrete properties. For instance, Gad et al. (2024) devel-
oped automated machine learning (AML) to estimate 
the engineered geopolymer composite’s compressive 
strength using the PyCaret library. The comprehensive 
datasets (132) of different mix design parameters from 
the experimental test conducted by the authors were 
utilized to train twenty (20) ML models. The result indi-
cated that gradient boosting regressor (GBR) and Cat-
Boost outperformed all other techniques in estimating 
the strength. Javid et  al. (2024) forecasted the compres-
sive strength of concrete containing silica fume using 
ensemble ML and gray wolf optimization techniques. The 
authors utilize a dual-objective optimization approach 

to study the difference between accurate forecasting and 
the simplicity of the models. The modeling task involves 
a 2995 dataset obtained from concrete specimens made 
from silica fume content of 5% to 30% by cement weight, 
collected from past studies. Song et al. (2021) developed 
ML models for estimating the compressive strength of 
concrete mixtures involving fly ash. Another study by 
Akber (2024) reported an improved forecasting of con-
crete strength related to model fitness and accuracy. The 
study involved a large dataset computing 26 input param-
eters based on mix proportions, engineered ratios, and 
environmental parameters. The compressive strength of 
self-compacting concrete involving recycled aggregate 
was predicted by Yang et al. (2024).

Similarly, previous studies have evaluated the mechani-
cal properties of PU-based cement concrete (PPC) 
through AI-based models. Gao and Sun (2020) devel-
oped theoretical and experimental techniques to evalu-
ate the PPC’s fatigue life under varying temperatures. 
The authors reported that the proposed formula has suc-
cessfully determined the PPC’s fatigue life. Diaconescu 
et al. (2013) developed an ANN model to investigate the 
impact of epoxy resin composition and crumb rubber 
on the hardened behavior of PPC. Marinela et al. (2012) 
utilized an artificial neural network technique to esti-
mate the strength of PPC modified with fly ash and resin 
content. However, to the best of the authors’ knowledge, 
ML models have never been applied so far to forecast the 
mechanical behavior of the PUC.

2 � Research Significance
Several studies have been carried out to evaluate the 
mechanical performance of PUC considering different 
parameters, particularly percentage PU binder compo-
sition (Huang et al., 2020b, 2021; Ibrahim Haruna et al., 
2021; Jung et  al., 2014; Wang et  al., 2021) and some 
admixtures to modify its performance and effect on 
hardness segment (Cong et al., 2019, 2021; Huang et al., 
2020a; Vasconcelos et al., 2005). While studying the effect 
of different PU content levels is beneficial, exceeding a 
certain PU binder content can lead to the development 
of more voids in the microstructure of PUC, resulting in 
strength loss; finding a trade-off involving optimum PU 
content that provides excellent performance is required 
to produce a sustainable PUC for pavement repair. This 
can be achieved by analyzing the results of the destruc-
tive and non-destructive tests and modeling.

In this respect, this work was conducted as the first 
study to predict compressive strength. PUC incorporated 
key input parameters related to material, non-destructive, 
and mechanical properties. The main aim of this study is 
to comprehensively forecast the compressive strength of 
PUC through linear and nonlinear regression models, 
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i.e., MLR, ANN, SVM, and GPR, based on the potential 
input parameters, including PU binder, density, flex-
ural strength, ultrasonic pulse velocity, amplitude, and 
travel time for an ultrasonic signal transmitted through 
PUC specimen. Moreover, the PUC’s microstructure was 
investigated using SEM.

3 � Materials and Methods
3.1 � Materials
3.1.1 � Aggregate
The PUC mixtures were prepared using natural river 
sand, washed, air-dried, and sieved using a large sieve size 
of 2.26  mm; these fine aggregates were selected follow-
ing Huang et  al., (2020a, Ibrahim Haruna et  al., (2021), 
and Jung et al., (2014). The aggregate has a particle size 
ranging from 0.3 to 2.26 mm with a fineness modulus and 
apparent density of 2.06 and 2650  kg/m3, respectively. 
The distribution of particles of the aggregate is shown in 
Fig. 1.

3.1.2 � PU Binder
The PU binders are produced through a polymerization 
reaction between polyol and isocyanates (Somarathna 
et al., 2018). The two components, namely polyol exhib-
iting hydroxyl group (–OH) and polymethylene poly-
phenylene isocyanate (PAPI), are used in this study, as 
presented in Fig. 2. Moreover, alkylene carbonate served 
as a diluent with a viscosity ranging from 5 to 15 CPS, a 
relative density of 1.18 g/cm3, and boiling point of 220 °C 
which was introduced to the PU resin mixture to improve 
its performance (Jiang et  al., 2021). The schematic pro-
cess for the preparation of PU binder, bond mechanism, Fig. 1  Particle size distribution of the aggregate

Fig. 2  Systematic procedure: a PU binder preparation, b molecular structure of PU, c PUC structure, and d bond structure between aggregate 
particle and PU material
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and PU binder’s microphase structure is shown in Fig. 2. 
The technical details of PU resin are listed in Table 1. In 
addition, the mixing ratio of 6:1 (polyol-to-PAPI) was 
adopted in this study. Figure  2d displays the bonding 
structure between the aggregate material and PU binder 
adhered by the powerful hydrogen bond contact close to 
the interface (Bistričić et al., 2010).

3.2 � Preparation of the PUC
Three different mix ratios (aggregate-to-PU binder), 
including 80/20, 85/15, and 90/10, were adopted to pre-
pare the PUC mixture. These mixing ratios adopted in 
this study were chosen following the past studies of Jung 
et al. (2014), Haruna et al., (2022), and Ibrahim Haruna 
et  al., (2021). The formulation for manufacturing the 
PUC mixture containing PU binder (alternative hard and 
soft segments) is listed in Table  2. First, the PU matrix 
was made by combining the two components of PU resin 

in the presence of a diluent and mixing vigorously in a 
cup for 2 min to obtain a homogeneous mixture.

To prepare the PUC mixture, PU binder was mixed 
with aggregate vigorously, using a mechanical hand 
mixer for 2 min according to mixing ratios at room tem-
perature placed in a container until a homogeneous mix 
was obtained, as depicted in Fig. 3. According to the mix-
ing ratios, the fresh PUC mixtures were poured into the 
metallic mold. The samples were demoted after 5 h and 
kept at room temperature for 3 days.

3.3 � Testing Procedure
3.3.1 � Compression and Flexural Tests
The mechanical properties of PUC samples were tested 
following (DL/T5126-2001) (DL & T5126-, 2001, Test 
code on polymer-modified cement martor 2001) using a 
universal testing machine (UTM) (20-ton loading capac-
ity), controlled at a speed rate of 0.2 mm/s for the flexural 
and compression test, respectively. The mechanical prop-
erties’ test setup is shown in Fig.  4. The prismatic sam-
ple 40 × 40 × 160 mm3 was used to measure the flexural 
strength of PUC samples. The samples were set up on 
two platforms with a 100 mm clear distance.

3.3.2 � Ultrasonic Pulse Velocity Test
The homogeneity and quality of PUC samples at 3 days 
of curing age were assessed using the UPV test. The 
PUC specimen’s strength and quality were determined 
by measuring the ultrasonic pulse velocity traveling 
through a cylindrical sample 100 mm × 75 mm (diame-
ter × height) using NM4B non-metal ultrasonic equip-
ment (Fig.  5). The sample was placed between a pair 
of ultrasonic transducers parallel to the PUC sample. 
Petroleum jelly was applied to the contact surface 
area between the test specimen and the transduc-
ers to ensure adequate pulse transmission. The signal 
was transmitted through the PUC, second transducer 
(received signal), and the travel time. The test was 

Table 1  Technical indexes of PU resins

PU resin Content/% Viscosity (CPS at 
25 °C)

Density (kg/m3)

Polyol 70–90 35,000 1.5

PAPI 60–100 250 1.2

PU binder (Polyol:PAPI)

Initial curing time Final curing time Flexural strength

3.5 h 72 h 5.50 MPa

Table 2  Formulation of PUC mixtures

Mixture ID Aggregate:PU PU binder

Polyol (g) PAPI (g) diluent (g)

PUC-20 80:20 167 33 8.35

PUC-15 85:15 167 33 8.35

PUC-10 90:10 167 33 8.35

Fig. 3  Preparation of PUC mixture
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repeated 12 times to achieve a reliable result. There-
fore, Eq.  (1) was used to determine UPV of the test 
samples:

where V (h, t) is the ultrasonic pulse velocity (km/h), h is 
the thickness of the specimen, and t is the travel time.

(1)V (h, t) = h/t

3.3.3 � Microstructure Analysis
The microstructure of the PUC specimens was ana-
lyzed using an SEM test. The TESCAN MIRA4 was 
employed for the micromorphology observation of 
PUC at an accelerating voltage of 15 kV. After the com-
pressive strength test, a PUC sample from each group 

Fig. 4  Experimental setup for mechanical properties test

Fig. 5  Experimental setup for ultrasonic pulse velocity
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was selected from the broken samples, cut into smaller 
pieces of 5 mm cubes, and used for the SEM test.

4 � Machine Learning Algorithms
This study employed five (5) ML algorithms to train 150 
experimental datasets to predict PUC’s compressive 
strength. The dataset consists of seven (7) input variables 

based on the feature selection technique. The dataset 
was developed from the different experimental tests con-
ducted in this study. The expressive statistic of the data-
set is summarized in Table 3. The structure of ML models 
is depicted in Fig. 6.

Table 3  Descriptive statistics of the dataset

Direction Parameters Symbols Units Mins max Mean SD

Inputs PU content PU % 10 20 15 4.09

Density ρ kg/m3 1730.5 2200 1967 97.16

Flexural strength fy MPA 3.9 11.68 1.76 3.09

UPV V km/h 1.736 3.23 2.69 0.37

Amplitude A dB 89.8 115.3 102.72 4.53

Travel time t μs 23.2 43.2 28.52 4.73

Output Compressive strength fc MPa 11.1 33.66 21.75 6.37

Fig. 6  Structure of ML models
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4.1 � MLR
MLR is a popular model used to establish the relation-
ship between input x, x ∈ Qn×m and output parameters 
labeled as y, y ∈ Qn×1 . Generally, multilinear regression 
can be illustrated mathematically, as in Eq. (2):

where c0 c1 …. cn are the model partial regression coeffi-
cient, and c0 is the intercept at the y-axis with x0 = 1. The 
solution of the multilinear regression technique is based 
on the least-squares approach, given in Eq.  (3). The fit-
ness of the model is accomplished by reducing the sum of 
the squares of the target and measured values Z:

4.2 � ANN
ANN is a robust model for simulating a complex prob-
lem, which uses a dataset to establish a relationship 
between the output and input variables (Alas et al., 2020; 
Haruna et  al., 2025a). The neural network consists of 
interrelated neurons at different levels, such as input, 
hidden, and output layers. The primary processing ele-
ments of an NN are referred to as nodes (Kumar et  al., 
2014). The inputs are reproduced by a changing weight to 
create the output for the neurons before being delivered 
to the transmission function, and the activation function 
combines the biased and weighted inputs. The two acti-
vation functions that are frequently used are those in Eqs. 
(4) and (5) are logistic and hyperbolic tangents:

where f(x) is the activation function.

4.3 � GPR
The GPR refers to a reliable nonlinear prediction and 
supervised algorithm that simplifies the complicated and 
nonlinear function mapping hidden in datasets. In recent 
years, researchers from several scientific and engineer-
ing fields have become increasingly interested in GPR to 
solve problems (Omran et  al., 2016). Due to the kernel 
functions, Gaussian process regression can handle non-
linear data. A Gaussian process regression model can 
also deliver an accurate response to input data, which 
is regarded as an advantage in modeling work (Pal & 
Deswal, 2010).

(2)
y = c0x0 + c1x1 + c2x2 . . . cnxn =

∑n

i=1
cixi = cT x

(3)Z =
(

y− Xc
)T (

y− Xc
)

(4)f (x) =

(

1

1+ e−r

)

(5)f (x) =

(

ex − e−x

ex + e−x

)

For a training set, K =
{(

zi, yi
)

|i = 1, . . . n
}

 . The input 
features Z ∈ RK×n are referred to as the design matrix, 
and y ∈ Rn is the output vector. The main theory of the 
GPR model is that the predicted parameter y is expressed 
as (Williams & Rasmussen, 2006)

where ε ∼ N (0, σ 2
n ) , ∈ R is the homoscedastic noise of all 

samples (zi).

4.4 � SVM
SVM was initially developed by Vapnik in 1995. It is 
a powerful and innovative supervised ML algorithm 
that provides conditions for solving several engineering 
problems. SVM model works on statistical theories and 
minimizes structural risk to achieve better generaliza-
tion performance. Linear support and nonlinear support 
vector regression are common SVM types (Abba et  al., 
2020). For instance, a set of training points of a dataset 
[(h1, q1 . . . , (hnqn)] is given, where h1 ∈ Rn and qi ∈ R1 are 
the input and output variables. The linear SVM function 
f (h) mapped the input vector hi in Eq. (7):

where ω is the support vector variable, b is the bias, 
and q is defined as the Ɛ-insensitive loss function (LƐ) 
expressed in Eq. (8):

4.5 � SWR
Regression analysis is a common method for describing 
the relationships between the output and input features. 
It is critical to obtain the best prediction set that yields 
high prediction accuracy concerning output parameters 
(Yasar et  al., 2012). Stepwise regression is a strategy for 
selecting the best set of independent parameters by add-
ing or eliminating variables that have the most significant 
impact on the sum of the remaining squares. Through re-
evaluating the quality of newly passed variables following 
their partial sum of squares, the SWR undertook a sys-
tematic refinement of the variable or multiple variables. 
If a base rule to fit the models is not satisfied when the 
partial sum of squares of any formerly included features 
is used, the collected values are shifted to the removal 
state, and the features mentioned above are eliminated 
stepwise until each remaining feature agrees with the 
base rule (Yasar et al., 2012). The stepwise synopsis can 
be created by employing the many linear regressions, as 
expressed in Eq. (9)

(6)y = f (z)+ ε

(7)y = f (h) = wφ(hi)+ b

(8)Lε(q) =
∣

∣q − f (h)
∣

∣

ε
=

{

0 if
∣

∣q − f (h)
∣

∣ ≤ ε
∣

∣q − f (h)
∣

∣

ε
otherwise
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The free parameters are involved in the expression, 
according to their effect on the output feature (y). To 
sustain the statistical significance of the input feature, 
numerous t-tests are conducted for each determined var-
iable once each input feature is added to the expression 
(Wu et al., 2020).

4.6 � Normalization
The experimental dataset of the PUC sample was normal-
ized using Eq. (10). To remove redundancy and improve 
integrity before modeling, the data were transformed to a 
dataset with a similar scale. The normalization technique 
reduces the computational expense and enhances model 
performance (Haruna et al., 2021):

where ynorm. is the normalized value, and y,ymin. , and 
ymax. are the measured, largest, and smallest values in the 
dataset, respectively.

4.7 � Hyperparameter Tuning and Cross‑validation
Hyperparameters controlled the procedure of the ML 
technique structure. It was thought to be the greatest 
technique to increase the estimation model accuracy. 
This study uses Random search (Fig. 7) to tune the ML 
model of hyperparameters (Farouk & Jinsong, 2022; 
Haruna et  al., 2025b). Cross-validation and tenfold 
validation were used to handle the model. The data-
set was proportioned into 70/30 for training and test-
ing, respectively. Table  4 shows the tuning procedure 
applied to calculate the maximum hyperparameters 
of the ANN, SVM, and GPR models to predict PUC’s 
compressive strength.

(9)y = c0 + c1x1 + c2x2 + . . . cixi

(10)ynorm. =
y− ymin.

ymax. − ymin .

4.8 � Performance Evaluation
To assess the ML algorithm’s performance, this study 
used five performance evaluation markers. These matri-
ces include the coefficient of determination, Pearson 
correlation coefficient, mean square error, root mean 
square error, and mean absolute error, as expressed in 
Eqs. (11) to (15). The mi and pi are the observed and 
predicted values, respectively; p is the number of pre-
dictors. m is the mean of the observed data, and n is the 
number of observations:

(11)R2 =

[

∑n
i=1 (mi −m)(pi − p)

∑n
i=1 (mi −m)2

∑n
i=1 (pi − p)2

]2

(12)MSE =
1

n

∑n

i=1
(mi −mi)

2

Fig. 7  Schematic illustration of the hyperparameter tuning process

Table 4  Model hyperparameter for modeling the compressive 
strength of the PUC with their corresponding search space for 
fine-tuning

Model Hyperparameter fc dataset

ANN Hidden layer size* (10, 10)

Max_iter 1000

Activation function tanh

Tolerance 0.001

SVM Kernel function* Gaussian

Kernel scale 2.4000

Regularization parameter C* 0.4202

Epsilon 0.042

Tolerance 0.001

GPR Basis function constant

Sigma 0.0637

Kernel function Matern52

Kernel scale 0.3353–5.1169
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5 � Results and Discussion
5.1 � Engineering Properties of PUC
The mechanical properties of the PUC samples are sum-
marized in Table  5. These samples represent those of 
other PUC samples for modeling tasks. The PUC’s aver-
age compressive and flexural strengths from each group 
were calculated at a 95% confidence level. The compres-
sive strength of the PUC-20 is 31.07 ± 1.2, which is 40.65 
and 98.53% higher than the samples containing 15 and 

(13)R =

∑n
i=1 (mi −m)(pi − p)

∑n
i=1 (mi −m)2

∑n
i=1 (pi − p)2

(14)RMSE =

√

1

n

∑n

i=1
(mi − pi)

2

(15)MAE =
1

2

n
∑

i=1

|mi − pi|

10% PU binder, respectively. The flexural strength of 
the PUC-20 was measured to be the peak strength of 
10.47 ± 0.50  MPa, which is significantly higher than the 
samples containing 15 and 10% PU binder, respectively. 
The result agreed with the result obtained in the litera-
ture (Huang et al., 2020a; Jung et al., 2014). The mixture 
with the highest density revealed high strength, as shown 
in Table 5. The modulus of elasticity and failure strength 
increases with an increase in PU matrix content. The 
elastic modulus of the PUC-20 is 50.45  MPa, which is 
102 and 125.4% higher than that of samples containing 
10 and 15% PU binder, respectively. Upon reviewing the 
past study by Jung et  al. (2014), utilizing epoxy resin to 
produce polymeric concrete indicated that the mechani-
cal properties increase with epoxy content. PU binder 
content influences the mechanical properties and failure 
mechanism of the PUC specimens. Higher PU binder 
content led to the dense microstructure of the PUC, 
resulting in improved mechanical properties. This phe-
nomenon was explained by microstructure analysis pre-
sented in Sect. 5.4, indicating that void and micro-crack 

Table 5  Engineering properties of PUC

Mixing ratio Code Compressive strength (MPa) Elastic modulus (MPa) Failure strain (mm) Density (kg/m3)

Compression test

PUC-20 1 32.46 63.51 1.08 2200

2 30.89 41.51 1.06 2048

3 29.87 46.32 1.22 2082

Confidential level (95%) 31.07 ± 1.2 50.45 ± 10.68 1.12 ± 0.08 2076.67 ± 24.39

PUC-15 1 22.75 30.29 0.93 2048

2 21.30 20.79 1.03 2032

3 22.23 23.89 1.2 2051

Confidential level (0.95) 22.09 ± 0.68 24.99 ± 4.47 1.05 ± 0.12 2059.7 ± 32.42

PUC-10 1 16.62 25.92 0.98 1939

2 15.84 21.29 1.04 1989

3 14.22 19.94 0.93 1936

Confidential level (0.95) 15.65 ± 1.13 22.38 ± 2.89 0.98 ± 0.05 1954.7 ± 54.61

Mixing ratio Code Flexural strength (MPa) Secant modulus (GPa) Max. deflection (mm) Density (kg/m3)

Flexural (3-point bending) test

PUC-20 1 10.47 1.98 0.74 2156

2 9.93 2.28 0.61 2175

3 11.02 2.62 0.60 2191

Confidential level (0.95) 10.47 ± 0.50 2.29 ± 0.29 0.65 ± 0.07 2174 ± 16.18

PUC-15 1 6.86 1.35 0.77 2041

2 6.42 0.98 0.91 2071

3 6.65 0.97 0.81 2080

Confidential level (0.95) 6.64 ± 0.26 1.1 ± 0.2 0.83 ± 0.06 2064 ± 31.68

PUC-10 1 5.01 0.36 3.09 1902

2 4.17 0.47 1.58 1984

3 5.33 0.21 4.45 1996

Confidential level (0.95) 4.83 ± 0.55 0.35 ± 0.12 3.04 ± 1.32 1961 ± 47.26
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propagation have disappeared due to the increasing PU 
binder content. However, a specific limit for PU binder 
content is required because very high PU binder content 
in the PUC mixture can lead to the propagation of more 
voids in the microstructure, thereby making the PUC 
specimen expand beyond its original shape, as reported 
in the literature (Jiang et al., 2022b). Due to the viscoelas-
tic nature of PU binder, PUC specimens exhibit different 
failure mechanisms under ultimate load, which is influ-
enced by PU binder content. The specimen with low PU 
binder content (PUC-10) exhibited brittle failure under 
flexural load, while the PUC specimen with high PU 
binder content showed elastic deformation before com-
plete failure. Under compression load, all the specimens 
revealed crushing failure modes.

5.2 � Ultrasonic Pulse Velocity
The homogeneity and quality of PUC samples were 
assessed using the UPV test. The ultrasonic wave veloc-
ity during the test depends on the material’s density and 
elastic modulus. The high UPV value revealed good qual-
ity and homogeneity of the testing material, whereas the 
low pulse velocity revealed non-homogeneity (Ghosh 
et al., 2018).

Figure 8 shows the variation of UPV value among the 
three groups of PUC samples. The PUC-10 specimen 
exhibited the highest average UPV value of 3.05  km/h, 
which is higher by 22.53 and 20% compared to that of 
PUC-15 and PUC-20 specimens, respectively. The ultra-
sonic velocity through voids in the material is lower than 
that through the solid material. Therefore, in this study, 
PUC-10 specimens appeared to have more solid material, 
because of the high aggregate content, compared to the 
PUC-15 and PUC-20 specimens. Due to the presence of 

high fine aggregate materials consisting of silt material 
(0.3 mm particle size) and lesser PU binder content, the 
microstructure of the PUC-10 specimen is more homo-
geneous than the PUC-15 and PUC-20, and the homo-
geneity of the materials influences its UPV value. For this 
reason, PUC-10 demonstrated the highest UPV value. 
Although PUC-10 exhibits lower mechanical proper-
ties when compared to PUC-15 and PUC-20, it is clear 
that polymer concrete revealed low ultrasonic velocity 
compared to ordinary concrete as obtained in this study, 
and this finding agrees with the result obtained in the lit-
erature (Ghassemi & Toufigh, 2020; Ghosh et al., 2018). 
The UPV in ordinary concrete increases with increas-
ing strength, which is attributed to material properties, 
mainly consisting of solid materials such as aggregate, 
sand, and cement interlocking each other, resulting in a 
dense concrete.

5.3 � Relationship Between UPV and Compressive Strength
The possibility of adopting the ultrasonic techniques for 
the non-destructive evaluation of the hardening proper-
ties of PUC relies upon obtaining a sufficient regression 
function with a high correlation coefficient value near 
1, considering the behavior of the PUC specimen con-
cerning UPV. When a good relation is achieved between 
the UPV and any other parameter, such as compressive 
strength, flexural strength, density, and elastic modu-
lus (Garbacz & Garboczi, 2003), the application of pulse 
velocity can be employed to evaluate PUC’s mechanical 
properties of the PUC. This study evaluated the relation-
ship (see Fig.  9) between the UPV and the compressive 
strength. The analysis result showed that the data point 
fitted the line using the linear regression function for the 

Fig. 8  Ultrasonic pulse velocity of PUC samples
Fig. 9  Regression function between the UPV and compressive 
strength
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compressive strength, and best fits were obtained from 
PUC-15 specimens with R2 = 0.9976. The linear rela-
tionship between the UPV and compressive strength of 
PUC-10 and PUC-20 has a correlation factor of 0.6745 
and 0.9833, respectively. The standard error in determin-
ing the compressive strength from the UPV was 0.4241–
0.7532  MPa. This result indicated that the mechanical 
properties of PUC can be estimated using UPV with rea-
sonable accuracy.

5.4 � SEM Analysis of PUC
Figure  10 shows the SEM images of the microstructure 
of the PUC samples according to the mixing condition 
after compressive strength tests. These SEM images focus 

on the morphology of the interfacial adhesion between 
the aggregate and PU matrix to better understand their 
bonding performance. From Fig. 10a, b, the samples pre-
pared with 10% PU binder (PUC-10) specimens showed 
the existence of micro-voids and the progression of 
cracks in the specimen’s microstructure. This behavior 
is due to the low percentage of PU binder content used 
to prepare the sample. The microstructure showed that 
little PU binder had covered the aggregate surface; this 
finding agreed with Huang et al., (2020a) and Jung et al., 
(2014). Upon increasing the PU matrix content by 5%, 
a nearly dense structure (Fig. 10c, d) was achieved with 
nearly no micro-voids at the interface. However, craze-
like structures appeared at the aggregate interface. This 

Fig. 10  SEM image of PUC after compressive strength test
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phenomenon was explained by the viscoelastic behavior 
of PU composites, as found in the literature (Shao et al., 
2020). The micro-void disappeared, and the width of the 
crack became narrow. The microstructure analysis of 
PUC-20 is depicted in Fig. 10e, f. Due to the high PU con-
tent, the SEM image displayed no visible cracks with a 
highly dense structure. The PU matrix in PUC-20 is suffi-
cient to cover all the rough surfaces of the aggregate, sug-
gesting a stronger bond strength leading to significantly 
improved PUC’s mechanical properties.

5.5 � Selection of Optimal Input Parameters
For any data-driven model to produce desired and relia-
ble prediction results, an appropriate selection of relevant 
input variables is required. The feature section algorithm 
can be used to achieve the choice of input parameters. To 
decide the best input variables to model the PUC com-
pressive strength, a sensitivity analysis utilizing Pearson 
correlation, mutual information, and minimum redun-
dancy maximum relevance methods was applied. The 
nature of the experimental dataset is described using a 
distribution plot, as shown in Fig. 11. Some of the input 
variables follow a normal distribution, as in the case of 
density and amplitude depicted in Fig.  11b, e. The flex-
ural and compressive strength datasets barely follow the 
normal distribution (Fig. 11c, g). Conversely, PU content, 
ultrasonic velocity, and travel distance do not follow the 
normal distribution; hence, most data are located away 
from the mean value in the superimposed normal curve, 
as shown in Fig. 11a, d, and f.

5.5.1 � Sensitivity Analysis
Sensitivity analysis datasets have been widely used in 
research to handle inappropriate input parameters in 
the modeling work. Involving an unnecessary param-
eter reduces prediction accuracy and increases process-
ing demand in an artificial intelligence model (Nourani & 
Sharghi, 2020). As shown in Fig. 12, the PC matrix was 
used to investigate the experimental dataset’s most influ-
ential parameters. As a parameter approaches zero and 
closer to − 1 or + 1, its importance decreases. The positive 
value signified a direct relation and vice versa between 
the measured and predicted feature. As shown in Fig. 12, 
flexural strength and PU content were revealed to be 
the most sensitive parameters with a value of + 0.9548 
and + 0.9102, respectively. In contrast, the ultrasonic 
pulse velocity indexes are inversely related to the target 
parameter, except for travel time.

5.5.2 � Minimum Redundancy Maximum Relevance (mRMR)
The mRMR, developed by Peng et al. (2005), is regarded 
as one of the most powerful filter algorithms. It has been 

used to rank input feature sets according to their sig-
nificance to the predicted parameter while penalizing 
input variable redundancy. The primary goal of mRMR 
is to establish the mutual information-based maximum 
dependency between the input feature X and the tar-
get feature P. The maximum relevance work is based on 
searching features that fulfilled Eqs. (16) to (18):

According to Peng et al. (2005), a minimal redundancy 
criterion is necessary since the greatest relevance condi-
tion can result in large redundancy when selecting poten-
tial input parameters:

The mRMR was produced by linking the D and R crite-
ria in Eqs. (16) and (17) and optimizes the outcomes. The 
greedy algorithm could also be applied in real situations, 
where S is the set of selected input parameters:

Figure 13 shows the result of feature selection to deter-
mine the optimal input parameter based on the mRMR 
method. The mRMR uses the predictor score to rank 
the parameters. As shown in Fig.  13, flexural strength 
is ranked first and has the highest importance score. 
The ultrasonic pulse velocity index (travel time) had the 
lowest importance score. On the other hand, amplitude 
appeared to be irrelevant to the compressive strength 
prediction of PUC concrete.

5.5.3 � Mutual Information
The MI approach establishes statistical dependence 
between two measured features. The zero MI value 
denotes the absence of any statistical dependence 
between the two parameters. The dependency increases 
as the distance from zero increases (Umar et al., 2021):

where f(x) is the entropy function of x, and the joint 
entropy between the two features x and y is represented 
by f (x, y) and can be expressed in Eq. (17):
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Figure 14 demonstrates the dependence of each input 
parameter using the mutual information method. There-
fore, the higher relevance input parameter is obtained 
with the MI value being higher than 0. As shown in 
Fig.  14, density, flexural strength, and amplitude turned 

out to be the most relevant variables based on the mutual 
information, with values of 1.6421, 1.4984, and 1.6443, 
respectively. This is attributed to the less scattered 
result obtained in these input parameters, which is nor-
mally distributed (Fig.  11b, c, and e). The least relevant 

Fig. 11  The frequency distribution plots of the experimental datasets



Page 14 of 23Haruna et al. Int J Concr Struct Mater           (2025) 19:62 

parameter was PU content, with an MI value of 0.4202; 
this parameter is not normally distributed. Based on the 
result obtained in mutual information computation, it 
can be concluded that selecting potential parameters in 
terms of mutual information largely depends on the data-
set’s scatter.

The feature selection result indicated that travel time 
appeared to have a low relevance in modeling the com-
pressive strength of PUC. However, mRMR showed 
that amplitude is a redundant parameter among the 
input parameters and is inversely related to the output 

parameter, as indicated in the Pearson correlation analy-
sis. According to the results obtained from feature selec-
tion approaches; thus, it is essential to utilize linear and 
nonlinear approaches to select optimal input variables. 
Artificial intelligence models can involve linear and non-
linear relations parameters with the output parameters. 
All the parameters are significant, according to the out-
come of the t-test between compressive strength and 
input variables.

6 � Result of ML Algorithms
The model development was performed using MATLAB 
(2021a), and the model validation was executed utilizing 
a tenfold cross-validation approach (Farouk & Jinsong, 
2022; Ibrahim Haruna et al., 2021). The datasets obtained 
experimental program include polyurethane content, 
density, flexural strength, ultrasonic pulse velocity, ampli-
tude, and travel time, which were used as input param-
eters for the development of the ML model to predict the 
compressive strength of the PUC. Table 6 summarizes the 
results of the evaluation matrices of the ML models at the 
training and testing stages. As summarized in Table 6, the 
MSE, RMSE, MAE, and R measure the variation between 
the experimental and target values. Low MSE, RMSE, 
and MAE values translate to high estimation skills, and 
high R2 and R values reveal high prediction skills. As 
presented in Table  6, all the developed ML algorithms 
predicted compressive strength with high accuracy at 

Fig. 12  Pearson correlation matrix

Fig. 13  Selection of optimal input parameters using mRMR 
techniques
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the modeling stages, with an R2 value higher than 90%. 
In addition, SVM turned out to be the best model, based 
on the training value of R2 = 0.9614, MSE = 0.0031 MPa, 
RMSE = 0.1352  MPa, and MAE = 0.0441  MPa. Gener-
ally, the evaluation matrices presented in Table 6 revealed 
insignificant differences among the developed ML algo-
rithms. These selected ML algorithms have nearly equal 
performance for forecasting PUC’s compressive strength. 
The result from the ML models showed that the number 
of samples and input parameters considered for the train-
ing is adequate without an overfitting problem.

The scatter plots between the measured and predicted 
values in the training stage are shown in Fig. 15. The data 
point was concentrated along the fitted line, indicating 
the higher goodness of fit of the ML models. The accu-
racy of the ML models was checked by determining R2 
values of the models at the modeling stages, as shown 
in Figs.  15 and 16. All the machine learning algorithms 
predicted compressive strength with high accuracy. 
Conversely, the ANN model demonstrates higher per-
formance with an R2 value of 0.9502 at the testing phase 
than other models, as shown in Fig. 16a. Previous stud-
ies have also indicated variations in the robustness of the 
model, as found in Hoang et al., (2020) and Thakur et al., 

(2021). In addition, the difference in model performance 
between SVM and ANN during training and testing can 
be explained by the fact that SVM, which appeared to be 
best in training accuracy, is due to its robust optimiza-
tion strategy, may not always generalize well if overfit-
ting occurs. In contrast, with appropriate training and 
regularization, ANN can achieve better generalization 
and hence outperform in the testing data. This aligns 
with established theoretical insights and underscores the 
importance of model selection and tuning based on both 
training and testing behavior,

The relative error distribution was used to check the 
accuracy of each developed ML model at the training 
and testing stages with the aid of a Boxplot, as shown in 
Fig. 17. The SVM model (Fig. 17a) exhibited good accu-
racy in predicting the strength of PUC at the training 
stage. The first- and third-quartile values of − 8.2 and 
6.3% are found in the SVM model. In addition, the error 
distribution exhibited by all the ML models was rea-
sonably low at the two modeling stages (Fig.  17a), indi-
cating the estimation skills of the models in computing 
the compressive strength of PUC. GPR also revealed a 
lower relative error distribution of 8.4%, while MLR and 

Fig. 14  Relevancy of input features using the MI method

Table 6  Evaluation metrics results for the different models

Models Training Testing

MSE RMSE R2 R MAE MSE RMSE R2 R MAE

ANN 0.0037 0.0879 0.9566 0.9780 0.0493 0.0043 0.0811 0.9502 0.9748 0.0502

MLR 0.0055 0.0591 0.9324 0.9656 0.0566 0.0045 0.0584 0.9396 0.9693 0.0503

SVM 0.0031 0.1352 0.9614 0.9805 0.0441 0.0048 0.2842 0.9345 0.9667 0.0540

GPR 0.0032 0.0004 0.9606 0.9801 0.0434 0.0038 0.0458 0.9482 0.9738 0.0481

SWR 0.0047 0.0903 0.9424 0.9707 0.0518 0.0049 0.33072 0.9360 0.9675 0.0522



Page 16 of 23Haruna et al. Int J Concr Struct Mater           (2025) 19:62 

ANN models have approximately equal relative error 
distributions.

Figure  17b shows lower error distribution in MLR, 
ANN, and SWR models during the training phase. 
Farouk and Jinsong, (2022) found a lower relative error 
distribution of MLR and ANN models among the ML 

models developed for estimating interface bond strength 
of UHPC-NSC. The minimum and maximum relative 
error distributions of − 10.6 and 6.8% are obtained in 
ANN, respectively. The minimum and maximum rela-
tive error distributions of the MLR in the first and third 
quartiles are − 8.7 and 6.7%, respectively. Generally, all 

Fig. 15  Scatter plots between the experimental and predicted fc values at the training stage for a ANN, b MLR, c SVM, d GPR, and e SWR models
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predicted the strength with a lower minimum and maxi-
mum relative error. This result was in agreement with the 
ANN model’s good performance shown in a scatter plot 
during the testing phase compared to other models.

In addition, the Taylor diagram was used to com-
pare model performance (Fig.  18a, b). The Taylor dia-
gram is a comprehensive technique for comparing the 
model performance through three statistical indices, 

Fig. 16  Scatter plots between the experimental and predicted fc values at the testing stage for a ANN, b MLR, c SVM, d GPR, and e SWR model
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including RMSE, R2, and standard deviation. The rela-
tionship between the target and the experimental values 
is described by the azimuthal location. The RMSE is cor-
related with the point where the observed and predicted 
fields meet, and the relation increases with a decrease in 
RMSE. Thus, the radial point determined from the origin 
increases as the standard deviation trend increases (Tay-
lor, 2001). The model is referred to as the best by point 
when R2 = 1 (Yaseen et al., 2018).

From Fig. 18a, b, all the ML models demonstrate high 
performance in forecasting fc with RMSE, correlation 

coefficient, and standard deviation closer to that of 
observed (Obs) data at two modeling phases. The SVM 
and ANN performed better than all other models 
concerning performance indicators. The developed 
ML models were clustered very closely, demonstrat-
ing the models’ superior performance. The standard 
deviation of established models is lower than that of 
the observed data, explaining that the model’s perfor-
mance is not influenced by overprediction. However, 
error plots comparing model performance can be 
found in Long et al., (2023a) and Long et al., (2023b).

Fig. 17  Boxplot showing relative error distribution at a training and b testing stage

Fig. 18  Taylor diagram showing performance of the model at a training, b testing stage
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To further compare the performance of the devel-
oped ML models, a radar plot was employed to assess 
model performance (Fig. 19). The performance matri-
ces were illustrated in the plots, revealing that some 
indicators have nearly equal matrices at the two mod-
eling stages. However, some indicators revealed differ-
ent values recorded at the training and testing stages, 
as indicated in Fig. 19c, e.

6.1 � Characterization of the Effect of Input Variables 
on the Compressive Strength

6.1.1 � Partial Dependence Plots for Input Variables
A partial dependence plot is used to interpret the black-
box model for the best developed model that predicted 
the compressive strength in the overall dataset, which 
turned out to be the ANN model. The influence of each 
input variable can be determined primarily by how 
the pattern of the input variable affects the output (lin-
ear, monotonic, or complex). A partial dependence plot 
can view and analyze the interaction between the target 

and input parameters (Hastie et  al., 2009). The effect of 
six input parameters from the experimental dataset for 
predicting PUC compressive strength was pictorially 
presented using partial dependence plots, as depicted in 
Fig. 20. Similar to the result obtained in feature selection 
of relevant variables, it can be seen from Fig.  20a that 
partial dependence plots identify the flexural strength as 
the optimal parameter that provides the highest predic-
tion and distinct the influencing parameters. The inter-
action effects between the compressive strength and the 
input variables demonstrate a linear relationship except 
for PU content, as shown in Fig. 20b.

Moreover, the flexural strength, density, and travel time 
(Fig. 20a, c, and d, respectively) are directly proportional 
to the target response. At the same time, amplitude and 
velocity revealed an indirect relationship. This is simi-
lar to the result obtained in Sect. 4.2.1. The second and 
third optimal parameters are PU content and density, as 
indicated in partial dependence plots, and amplitude (see 
Fig. 20e) was found to be the least important parameter.

Fig. 19  Evaluation of the performance indicator for a ANN, b MLR, c SVM, d GPR, and e SWR model
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7 � Conclusion
In this study, PUC mixture was developed by mixing 
aggregate and polyurethane using three mix ratios at 
80/20, 85/15, and 90/10 by weight and tested for mechan-
ical and non-destructive tests to obtain experimental 
datasets for the development of machine learning algo-
rithms to predict the compressive strength. Microstruc-
ture analysis was performed on the PUC samples using 
scanning electron microscopy. The following highlight 
summarizes the conclusions of this study:

1.	 The PUC specimens with the better density revealed 
improved mechanical behavior. The average com-
pressive strength and elastic modulus of the PUC-20 
are 99.1% and 125.4% higher than those of PUC-10, 
respectively. On the other hand, PUC-10 demon-

strates the highest UPV value of 3.0494  km/h. The 
SEM analysis indicates the presence of micro-voids 
in the PUC-10 microstructure. Conversely, PUC-20 
specimens revealed a dense microstructure with the 
absence crack propagation after testing.

2.	 The high coefficient correlation values were achieved 
between the compressive strength and UPV. The fea-
ture selection and partial dependence plots showed 
that the flexural strength is the most relevant and 
optimal parameter among the input parameters 
obtained from the mechanical and non-destructive 
test properties for predicting the compressive. The 
t-test performed between the compressive strength 
and the potential input parameters revealed that all 
the parameters are significant.

3.	 The five developed ML models predicted the PUC’s 
compressive strength with high accuracy. Moreover, 

Fig. 20  Partial dependence plots of the ANN model
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the SVM outperformed other models at the training 
phase, and the ANN is the best model in the testing 
phase. Taylor’s diagram demonstrates that the stand-
ard deviation of all developed models is less than that 
of the observed data, explaining that the model is not 
overfitted.

4.	 The nonlinear models revealed higher estimation 
accuracy compared to the MLR model due to their 
robustness in dealing with complex engineering 
problems. However, all models estimate the strength 
with higher accuracy, greater than 90%

5.	 Investigating different parameters obtained from the 
modified PUC through admixtures such as crumb 
rubber, milled fiber, and ground glass fiber, and 
adjusting the hard segment by optimizing PUC’s mix 
formulation is significant. Thus, it is recommended 
to involve and estimate the overall behavior of the 
PUC composite considering these ingredients. More-
over, future research should focus on comprehensive 
non-destructive tests on the PUC to establish its cor-
relation with compressive strength.
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