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Vp Porosity of the pervious concrete

1. Introduction

Pervious concrete has a voided structure consisting of cement, coarse aggregate, and water. This is
most relevant for use in permeable pavements, and due to its diverse pore structure, it possesses
several environmental benefits (Li et al., 2023). Pavements made of pervious concrete allow water
to permeate through the paved surfaces and pass into the ground, potentially reducing flash floods
and erosion (Abdelhady et al., 2021; Seifeddine et al., 2023; Singh et al., 2023). Moreover, pervious
concrete can absorb and dissipate heat, unlike conventional pavement materials (Wang et al., 2019).
The presence of many interconnected pores makes pervious concrete suitable for sound insulation
(Zhang et al., 2020). Along with enhancing all the advantages obtained from pervious concrete and
reducing the demand for conventional stormwater management systems, pervious concrete is most
suitable for pavement construction (Mazur & Kotwa, 2019). Porosity (vp) and compressive strength
(fep) are two critical indicators of the performance of the pervious concrete (Chandrappa & Biligiri,
2019; Radlinska et al., 2012; Sriravindrarajah et al., 2012). The v,, varies within 15-35% (Elango et al.,
2021; Neithalath etal., 2010; Pradhan & Behera, 2022), whereas the fp, lies within arange of 2.8 - 28 MPa
(ACI-522R, 2010). These properties are dependent on aggregate size, aggregate-to-cement (AC) ratio,
water-to-cement (W/C) ratio, and compaction energy (Anburuvel & Subramaniam, 2022a; Liu et al.,
2024).

The aggregate-to-cement ratio is one critical factor influencing pervious concrete properties (Lyu
etal., 2024). This ratio directly affects the thickness of the cement paste coating the aggregates (Seifed-
dine etal., 2022; Xiong et al., 2023). Numerous studies (Najah et al., 2021) have shown that a higher AC
ratio leads to increased vy, which is desirable for water infiltration but comes at the expense of lower
fcp. This occurs because, with a higher AC ratio, there is limited cement paste to adequately coat the
aggregates and develop a strong bond. Consequently, the thin paste layer struggles to resist applied
pressure, leading to premature failure of the pervious concrete (AlShareedah & Nassiri, 2021). While
fcp of pervious concrete can be modelled using exponential functions (Ryshkewitch, 1953; Yahia &
Kabagire, 2014), it's important to note that excessively low AC ratios (below 3.0) can also be detrimen-
tal. This can be attributed to the excessive amount of cement paste, which leads to the formation of
voids and a decrease in the packing density of the aggregates (Wijekoon et al., 2023). Subramaniam
and Sathiparan (2022) attributed a reduction in packing density and a consequent weakening of the
concrete to an excess of cement paste. This excess paste was found to create gaps within the concrete
matrix.

Pervious concrete typically utilises single-sized aggregates (Xie etal., 2019; Zhong et al., 2018). How-
ever, the influence of aggregate size on f, remains a topic of debate within current research. Specific
investigations show smaller uniform-sized aggregates increased the f¢,, enhancing the total perfor-
mance of pervious concrete (Cosi¢ et al., 2015; Furkan Ozel et al., 2022; Yu et al., 2019b). The smaller
aggregates enhance f ¢, by increasing their contact area with the cement paste, leading to a stronger
bond ((Agar-Ozbek et al., 2013; Chindaprasirt et al., 2009; Kant Sahdeo et al., 2020; Yang & Jiang, 2003;
Zhong & Wille, 2016). This logic holds, but only when there’s sufficient cement paste in the mix, as
dictated by the AC ratio. Conversely, some studies advocate for using larger aggregates to enhance
concrete strength (Huang et al.,, 2020b). This argument centres on the reduced requirement for cement
paste to coat larger aggregate surfaces. Consequently, a thicker and potentially stronger paste layer
form between the aggregates, potentially contributing to improved overall strength. This implies that
pervious concrete with larger aggregates might outperform smaller ones, but only at higher AC ratios
(Chindaprasirt et al., 2009). Further complicating the picture, Yu et al. (2019a) observed that larger
aggregates reduce the amount of small voids within the concrete. The influence of tiny voids on over-
all vp necessitates consideration of an additional factor impacting the relationship between aggregate
size and compressive strength in pervious concrete. This highlights the importance of balancing the
AC ratio and cement paste content to optimise aggregate size selection. Studies suggest a 9.5 mm
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aggregate size might be a suitable starting point for achieving this balance (Elango & Revathi, 2017).
However, further research is needed to establish the ideal size based on specific project requirements
(Bright Singh & Madasamy, 2022).

Effective compaction energy plays a critical role in shaping the properties of pervious concrete. It
influences the arrangement of the binder-coated aggregates and the overall structure (Kevern et al.,
2009; Lian & Zhuge, 2010). Compaction ensures uniform aggregate distribution and even binder coat-
ing, both essential for optimal performance. However, there’s a catch: excessive compaction can clog
the pores, hindering the permeability that defines pervious concrete ((Kevern et al., 2009; Lian & Zhuge,
2010; Pieralisi et al., 2016). Therefore, striking a balance during compaction is crucial. Several com-
paction methods exist, including static loading, standard Proctor rammer, vibration, rodding, and
Marshall rammer (Kant Sahdeo et al., 2020; Lian & Zhuge, 2010; Putman & Neptune, 2011). Standard
Proctor compaction is favoured for its consistent and uniform results (Putman & Neptune, 2011). The
key is understanding the impact of compaction energy. As compaction increases, the aggregates pack
tighter within the cement paste matrix. This translates to higher density and f,, but unfortunately,
it comes at the expense of reduced v,. Research suggests a ‘sweet spot’ exists where both porosity
and fp reach a stable value. Using a standard Proctor hammer, this balance can be achieved with 30
to 45 blows of compaction (Anburuvel & Subramaniam, 2022b). The compaction energy also affects
the functional qualities of pervious concrete. The packing of aggregates is adversely impacted by low
AC ratios when accompanied by reduced compaction effort. The elimination of voids is hindered by
insufficient compaction effort (Alimohammadi et al., 2021; Feri¢ et al., 2023).

Recent research has yielded substantial findings on the impact of aggregate size, aggregate-
to-cement ratio, and compaction effort on the characteristics of pervious concrete (Anburuvel &
Subramaniam, 2023). The authors believe that v, and f¢, are influenced by each of these elements
individually and emphasise the need to address the combined impact of these three design factors
due to their interdependent nature (Cai et al., 2024; Li et al., 2021). Based on the empirical relationship
between aggregate size (S in mm), aggregate-to-cement ratio (AC), compaction effect (B in number of
blows), porosity (v, in %) and compressive strength (f¢p in MPa), Wijekoon et al. (2023) proposed the
Equations (1) and (2) for vy and f, pervious concrete, respectively.

Vp = —6.93 + 0.425 + 4.85AC + (28.95 + 10.18/S — 3.20AC)e(~00102-0.00235-0.00554C)8 (1)

fep = 10.59 — 0.225 — 0.51AC + (470.07 x 0.96° x ACT3) (1 — ¢(~00BSI-OLVTSHO1N/ACE) ()

While the equation developed in the study demonstrates a satisfactory fit with the experimental
data at hand, it should be noted that the equation is highly intricate and only exhibits a mod-
est fit compared to existing literature. In contemporary engineering, surface regression models and
machine learning methodologies have gained significant traction in forecasting the properties of con-
struction materials (Ahmad et al., 2022; Feng et al., 2020; Marani & Nehdi, 2020; Song et al.,, 2021;
Zhang et al,, 2022b). Response Surface Methodology (RSM) primarily utilises the statistical regres-
sion method because of its practicality, cost-effectiveness, and relative ease of implementation. The
first- and second-order polynomial equation was developed using RSM (Nooraziah & Tiagrajah, 2014;
Veza et al., 2023). The term ‘polynomial model’ is commonly used to denote a regression model.
Because the properties of pervious concrete are highly dependent on how it's mixed and influenced
by many factors, machine learning can be a powerful tool to predict its characteristics (Sathiparan
et al., 2024b; Sathiparan et al., 2024c). Also, machine learning models are becoming more accessible
to users with open-source software while also addressing the limitations of mathematical modelling
(Lietal.,, 2022; Sun etal.,, 2019; Zhang et al., 2020). Machine learning adaptation over traditional statisti-
cal methods, especially in concrete science, can model non-linear data with complex interactions and
missing values (Boddy & Morris, 1999; Zhao & Du, 2016). Table 1 summarises the machine learning
technique used to predict the characteristics of pervious concrete. Although some research focuses
on predicting f¢, using the aggregate size and aggregate-to-cement ratio, compaction energy was
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still not considered in these studies. As published literature shows, compaction energy is a significant
parameter influencing the vy, and fp.

Predicting pervious concrete’s porosity and compressive strength through machine learning and
statistical models based on mix design is a significant advancement. This allows engineers to optimise
concrete performance for specific projects, reduce trial-and-error approaches, and promote sustain-
able construction by ensuring effective stormwater management through targeted porosity levels.
The major research question is how effective the response surface regression and machine learning
models are for accurately predicting the porosity and compressive strength of pervious concrete based
on the chosen mix design parameters. To develop models using these techniques and evaluate their
effectiveness in predicting the two key performance indicators (porosity and compressive strength) of
pervious concrete based on the variables used in designing the mix (aggregate size, AC ratio and com-
paction energy). This study investigates using two modelling approaches to predict the porosity and
compressive strength of pervious concrete. The first approach involves developing response surface
models with varying levels of complexity (linear, interaction, quadratic, and cubic). The second lever-
ages machine learning algorithms like linear regression, artificial neural networks, and decision tree
regressions. To train and test these models, an experiment was conducted using fifteen mix designs
in total consisting of three aggregate sizes (8.5, 15.0 and 21.5 mm) and five aggregate-to-cement
ratios (3.0, 3.5, 4.0, 4.5 and 5.0) with seven-level of compaction energy (by varying compaction blow
of 0, 15, 30, 45, 60, 75 and 90). The performance of all models was compared using metrics like root
mean squared error (RMSE) and R?, with lower RMSE and higher R-squared indicating better perfor-
mance. Ultimately, the goal is to establish models that can accurately predict the properties of pervious
concrete based on its mix design.

2. Experimental programme
2.1. Material used

The composition of pervious concrete mixture typically consists of cement, aggregates, and water.
The selection of the coarse aggregate for this study was igneous granite-gneisses rock. For the
preparation of pervious concrete mixes, the chosen binder material was 43-grade ordinary Portland
cement (OPC), complying with IS 269 (2015) standards. The bulk density and specific gravity of the
cement employed in this research were 1280 kg/m> and 3.15, respectively. The aggregates under-
went a sieving process and were subsequently categorised into three distinct size ranges: 5-12 mm,
12-18 mm, and 18-25 mm. The quality of the aggregates was assessed and the findings are displayed
in Table 2. Aggregates used was meeting the specifications outlined in BIS 383 (2016) for construction
applications.

2.2. Mix design

A total of 315 cubes were produced for the experimental study. Fifteen different mix designs, includ-
ing three different aggregate sizes (5-12mm, 12-18 mm and 18-25 mm) and aggregate-to-cement
ratios, were altered across a range of 3.0, 3.5, 4.0, 4.5, and 5.0. Additionally, the compaction energy
was varied by applying seven different levels of blows, namely 0, 15, 30, 45, 60, 75 and 90 from a stan-
dard proctor rammer. As per the existing body of literature, the water-to-binder ratio was consistently
maintained at 0.3 throughout all mix proportions to achieve a slump value of zero. Table 3 displays the
mix design of the pervious concrete. The necessary quantities of cement, water, and coarse aggregates
were determined and measured individually using an electronic balance with a minimum precision of
0.1 mg based on the AC ratio and W/C ratio. These materials were then combined in an electrically
operated concrete mixer.

Pervious concrete relies on a delicate balance between strength and permeability, achieved
through the AC ratio and specific aggregate size. For a particular aggregate size in each mix design,
aggregate and cement content weight operate in opposite directions as the AC ratio changes. With



Table 1. Summary of machine learning methods used to predict the properties of pervious concrete.

Ref.

Input parameters

Response parameters

Machine learning method used?

No. of data used

Sun et al. (2019)

Sathiparan et al. (2023a)

Subramaniam et al. (2023)

Huang et al. (2020a)

Malami et al. (2022)

Sudhir Kumar et al. (2024)

Huang et al. (2022)

Le et al. (2022)

Ahmad et al. (2023)

Aggregate size
Aggregate-to-cement ratio

Water-to-cement ratio
Aggregate size

Aggregate-to-cement ratio
Compaction energy
Aggregate size
Aggregate-to-cement ratio
Compaction energy
Aggregate-to-cement ratio
Aggregate grading

Curing days

Rice husk ash content

Calcium carbide waste content
Aggregate size

Ground Granulated Blast-furnace
Slag content

Curing days

Aggregate size

Sample thickness

clogging sands

Aggregate size
Aggregate-to-cement ratio
Water-to-cement ratio

Silica fume content

Sand content
Cement content

Gravel content

Waste glass power content
Water-to-cement ratio
Curing period

Permeability
Compressive strength

Ultrasonic pulse velocity

Electrical resistivity

Permeability

Flexural strength

Compressive strength
Flexural strength
Permeability
Permeability

Porosity
Compressive strength

Compressive strength

SVR

LR, ANN, BTR, RFR, SVR and XG boost

LR, ANN, BTR, KNN, RFR and SVR

RFR

ANN, SVR and ANFIS

ANN

SVR

ANN, RFR, SVR, XGN

ANN

90

75

75

69

42

36

84

164

929

3LR: Linear Regression, ANFIS: Adaptive Neuro-Fuzzy Inference System, ANN: Artificial Neural Network, BTR: Boosted Tree regression, KNN: K-Nearest Neighbors' regression, RFR: Random Forest
Regression, SVR: Support Vector Regression, and XGboost: EXtreme gradient boosting

IV LINVEVAIHLYS N (%) z29
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a lower AC ratio, meaning less aggregate compared to cement, the total weight of aggregate used is
lower. This allows more cement paste to fill the voids between aggregate particles, creating a stronger,
denser structure. However, this comes at the cost of reduced permeability. On the other hand, a higher
AC ratio necessitates more aggregate by weight. This allows for the interconnected voids that pervi-
ous concrete needed for drainage. While this increases permeability, it comes with a trade-off. Less
cement is proportionally required, which can be cost-effective. However, it’s crucial to remember that
pervious concrete already has lower inherent strength than regular concrete. An excessively high AC
ratio can jeopardise the structural integrity of the mix if not carefully balanced.

The preparation procedure for the pervious concrete mix is illustrated in Figure 1. The freshly pre-
pared mixture underwent a rigorous mixing process to achieve a uniform consistency. The mortar mix
was initially subjected to slump test as per BS 1881-102 and then transferred into 150 mm3 molds.
The mix was placed in three layers of equal height and compaction was applied to each layer using a
standard protector compaction hammer that fell freely from 300 mm above the mix surface (5.08 cm
diameter face and weighs 2.5 kg). Compaction energy due to a hammer blow is calculated using poten-
tial energy. The potential energy (PE) stored in the hammer due to its position at the top is calculated
using Equation (1). This assumes negligible energy loss due to air resistance or other factors during
the fall. Therefore, the compaction energy delivered by the hammer blow can be estimated as the
potential energy calculated in Equation (3).

PE=nsm=xg *h (3)
where: PE is the potential energy in Joules (J), n is the number of blows, m is the mass of the hammer

in kilograms (kg), g is the acceleration due to gravity (usually 9.81 m/s?) and h is the drop height in
metres (m)

Table 2. Property of the coarse aggregate.

Properties Aggre.5-12mm Aggre.12-18 mm Aggre.18-25 mm Test standard

Bulk density (kg/m3) 1498 1491 1480 BS-EN-1097 (2020)
Specific gravity 2.73 2.72 272 BS-EN-1097 (2020)
Moisture content (%) 0.40 0.35 0.32 BS-EN-1097 (2020)
Absorption (%) 1.35 1.20 1.10 BS-EN-1097 (2020)
Flakiness Index 14.8 14.7 14.2 BS-EN-933 (2017)
Aggregate Impact value — AlV (%) 25.6 255 253 BS-EN-1097 (2020)
Aggregate Crushing Value — ACV (%) 30.5 30.5 30.4 BS-EN-1097 (2020)
Elongation Index (%) 23.95 24.02 24.80 BS-EN-933 (2017)

Table 3. Mix design for 1 m? pervious concrete mix.

Aggregate Aggregate Aggregate
Mix ID AC ratio Cement (kg) 5-12mm (kg) 12-18 mm (kg) 18-25 mm (kg) Water (L)
S-3.0 3.0 466.8 1400.3 140.0
S-3.5 35 4133 1446.5 124.0
S-4.0 4.0 370.8 1483.2 11.2
S-4.5 45 336.2 1513.0 100.9
S-5.0 5.0 307.6 1537.8 92.3
M-3.0 3.0 466.8 1400.3 140.0
M-3.5 35 4133 1446.5 124.0
M-4.0 4.0 370.8 1483.2 11.2
M-4.5 45 336.2 1513.0 100.9
M-5.0 5.0 307.6 1537.8 92.3
L-3.0 3.0 466.8 1400.3 140.0
L-3.5 35 4133 1446.5 124.0
L-4.0 4.0 370.8 1483.2 11.2
L-4.5 45 336.2 1513.0 100.9

L-5.0 5.0 307.6 1537.8 923
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Figure 1. Preparation procedure for pervious concrete mix.

Following the third layer, an iron rod was used to level and remove the extra mix. The cast cubes
were air-dried for one day and then transferred to the curing tank for 28 days.

2.3. Testing

2.3.1. Porosity

Following ASTM C1754 (2012), the porosity of each pervious concrete cube specimen was measured.
This involved weighing the specimens in air and submerged in water to determine the amount of
water absorbed through the pores. The test setup are presented in Figure 2(a) and 2(b). The weight
difference between the dried sample and the sample dipped in water was used to compute the v, of
the pervious concrete. The formula for the v, of pervious concrete is represented by Equation (4).

1 Wa—Ww
P (1 pwV ) @

where, v: total void ratio, wq: weight of oven-dried sample [kg], wy,: weight of sample in water [kg], V:
volume of the sample [m3] and p,,: density of water [kg/m3]

2.3.2. Compressive strength

The measurement of f ., was conducted following the guidelines described in BS1881. Upon extraction
from the curing tank after a curing duration of 28 days, the specimens were subjected to desiccation
inside the laboratory environment. Subsequently, a f¢, assessment was conducted. The experiment
utilised a Universal Testing Machine (UTM) to achieve the objective. The specimens were subjected to
loading at a 1 mm/min rate, with displacement control, as depicted in Figure 2(c). The mean value of
six specimens was calculated and subsequently utilised for subsequent analysis.
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Figure 2. (a) Equipment used for porosity, (b) porosity measurement setup, and (c) compression test.

3. Statistical analysis and modelling techniques
3.1. Statistical analysis

A correlation analysis was performed on the experimental data to understand the relationships
between mix design choices and the resulting properties of pervious concrete. This analysis explored
the connections between three input variables and two output variables. The input variables, consid-
ered independent, were aggregate size (S: Ranging from 8.5 mm to 21.5 mm), Aggregate-to-cement
ratio (AC: Varying from 3.0 to 5.0) and compaction energy (CE ranging from 0 to 673 J and equivalent to
0to 90 number of blows). The output variables, considered dependent, were Porosity (vp: Values rang-
ing from 11.2% to 43.4%) and Compressive strength (fc,: Corresponding to a range of 2.3 to 28.4 MPa)
Pearson’s correlation coefficient was used to assess the strength and direction of the relationships.

3.2. Response surface model

A response surface model is a mathematical and statistical technique that explores the relationship
between one or more response variables and several explanatory variables. To effectively address
prediction challenges, it is advised to minimise the complexity of the model (Veza et al., 2023). The
selection of a higher-order model may be considered inappropriate when doing regression analysis.
Simultaneously, a simple model, such as a linear model, often experiences a deficiency in its ability to
represent the data accurately. The present study used four response surface models from the basic lin-
ear model to a more complex cubic model. The data from the present experiment was used to predict
the model parameter for the best-fit formula, and then data from published literature (Table 4) was
used to validate the proposed formula.

3.2.1. Linear model

Linear regression (LR) is a statistical method used to describe the relationship between a dependent
variable and one or more independent variables. The process involves determining the best-fitting
linear regression model that accurately represents the relationship between the dependent and inde-
pendent variables, as seen in Equation (5) (Forthofer et al., 2007). Within this context, the variables ag
to as represent model parameters. In the present study, aggregate size (S), aggregate-to-cement ratio
(AC), and compaction energy (CE) are independent variables, and v, and f, are dependent variables.

vp orfep = ag + a1(S) + a2(AC) + a3 (CE) (5)



Table 4. Validation data set collected from published literature.

Aggregate size (mm) AC ratio compaction energy (J) Porosity range (%) Compressive strength range (MPa)

Feri¢ et al. (2023) 6.0-12.0 3.5-45 111.2-561.0 11.2-27.3 7.68-24.40

Anburuvel and Subramaniam (2022b) 17-23 5.0 0-374.0 18.6-39.7 5.95-11.31

Elango and Revathi (2017) 6.3-12.5 33 224.4 14.8-19.5 14.00-22.00
Joshaghani et al. (2015) 7.0-16.0 3.5-6.9 0 32.6-37.6 5.50-8.20

Torres et al. (2015) 6.3-9.5 3.6-6.5 37.4-2244 18.0-31.3 5.20-18.60

Arcolezi (2022) 4.75-19 5.0 74.8 28.4-33.9 9.28-13.70
Elizondo-Martinez et al. (2021) 9.5 5.0 74.8-374.0 21.4-339 -

Dall Bello De Souza Risson et al. (2021) 19 33 0-374.0 16.2-33.3 7.02-15.81

Joshi and Dave (2016) 8-15 4.0 0 30.2-35.1 9.33-10.37

IV LINVEVAIHLYS N (%) 929
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3.2.2. Two-factor interaction (2Fl) model

The 2Fl response surface method is a statistical technique employed to model the correlation between
many independent variables and a single dependent variable. The approach relies on the utilisation
of the hypergeometric function 2Fl and is used to fit a polynomial of the second degree to the given
dataset, as demonstrated in Equation (6) (Hedayat & Pesotan, 1997). The resultant model can forecast
the value of the dependent variable for any amalgamation of the independent variables.

vporfep = fo + B1(S) + B2(AC) + B3(CE) + Ba(S)(AC) + B5(S)(CE) + Bs(AO) (CE) 6)

3.2.3. Quadratic model

The regression models were developed using the response surface method, namely the quadratic
model, as described by Mao (Mao, 1981) and Khuri and Cornell (Khuri & JA, 1996). The mathematical
representation of the model can be expressed as Equation (7) (Tan et al., 2008):

Y= bo+Zb,x,+Z Z bijxix; )

i=1 j=1,i>j

The regression coefficients, b, b and bj; represent the parameters of the regression model. The input
variables in the regression function are denoted as x; and x;. The total number of variables in the model
is n. The response variable is represented as Y.

In the present study, the number of variables (n) are three, namely: aggregate size (S), aggregate to
cement ratio (AC) and compaction energy (CE). The response variable is v, and f . The mathematical
representation of the quadratic model can be expressed as Equation (8):

Vporfey = bg + b1 () + by(AC) + b3(CE) + b11(5)* + by (AC)?
+ b33(CE)” + b12(S)(AC) + br3(S)(CE) + by3(AC)(CE) (8)
3.2.4. Cubic model
The cubic regression model is a statistical strategy that aims to identify the cubic polynomial, which is

of degree 3, that provides the optimal fit for a given dataset. The general mathematical representation
of the cubic model can be expressed as Equation (9) (Kumar et al., 2020):

Y =0by+ Z bixi + Z Z bjjxix; + Z Z z bijkxiXjxk 9)

i=1 j=1,i>j i=1 j=1 k=1,i>j>k

The regression coefficients, bg, bj, bjj and b represent the parameters of the regression model. The
input variables in the regression function are denoted as x;, x; and x,. The total number of variables in
the model is n. The response variable is represented as Y.
In the present study, the mathematical representation of the cubic model can be expressed as
Equation (10):
Vporfep = bo + b1(S) + b2(AC) + b3 (CE) + b11(S)? + baa(AC)?
+ b33(CE)? + b12(S)(AC) + b13(S)(CE) + b23 (AC)(CE)
+b111(5)* + b222(AC)? + b333(CE)® + br22(S)(AC)?
+ b133(S)(CE) + b112(S)*(AC) + b113(5)* (CE)
+ b223(AC)* (CE) + b233(AC) (CE)? + br23(S)(AC) (CE) (10)
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3.3. ML modelling

Figure 3 presents a comprehensive view of the workflow diagram for machine learning modelling.
An extensive collection of 315 datasets was obtained from the experimental programme to establish
a robust model for predicting the properties of pervious concrete. Out of the 315 available datasets,
the researcher used 210, representing two-thirds of the data, to train the model. The remaining 105
datasets, constituting one-third of the data, were reserved for testing its performance. To validate
the proposed model, data collected from published literature were utilised. Specifically, the dataset
consisted of 92 observations for v, and 80 observations for f¢p. In the current study, four machine
learning techniques, including linear regression, artificial neural network, random forest regression,
and boosted decision tree model, are employed to forecast the v, and fp,. Researchers utilised several
evaluation criteria to assess and compare the various models’ performance. These criteria focus on
a model’s scientific accuracy. A key indicator is the error percentage between predicted and exper-
imental data — a lower percentage signifies better alignment. Another metric is the coefficient of
determination (R?), which approaches one as the model explains more of the data’s variation. Addi-
tionally, Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) measure the difference
between predicted and actual values, with lower values indicating better agreement. Furthermore,
researchers considered the a20 index, which reflects the proportion of predictions falling within an
acceptable 20% deviation from experimental values (Sathiparan et al., 2024c). Finally, a Taylor diagram
was employed to provide a comprehensive view of how each model performs across these metrics.

3.3.1. Linear regression

Linear regression is a fundamental machine learning approach employed to predict numerical values
by utilising input information. The assumption is that a linear relationship exists between the features
and the target variable. The model is trained to optimise the coefficients that best fit the given data,
enabling it to generate predictions for novel inputs (Miller, 2023).

3.3.2. Artificial neural networks

Artificial neural networks (ANNs) are highly parallelised systems consisting of numerous intercon-
nected elementary processors. ANNs are widely employed as a machine learning technique in various
disciplines within the sciences and engineering domains (Hedayat & Pesotan, 1997). ANNs possess
two primary hyperparameters that govern the network’s architecture or topology: the number of lay-
ers and the number of nodes within each hidden layer. When setting your network, it is imperative to
provide explicit values for these parameters (Montesinos Lépez et al., 2022). The optimal approach for
determining the appropriate hyperparameters for your particular predictive modelling task is through
methodical testing using a reliable test framework. After doing multiple iterations, it has been shown
that employing a two-layer architecture with six nodes per layer yields superior performance for the
models.

3.3.3. Boosted decision tree

Boosted decision trees are an ensemble learning technique that amalgamates many decision trees
to enhance the model’s predictive accuracy. Boosting is an iterative strategy that involves training
weak models on several data subsets and merging them to form a robust model (de Zarza et al., 2023).
Ensemble learning techniques like boosted decision trees utilise decision trees as base learners. These
base learners are often called ‘weak models’ due to their limited individual accuracy. However, the
boosting algorithm leverages this by iteratively focusing on previously misclassified instances. Dur-
ing each iteration, the weights of data points incorrectly classified by the preceding model increase.
Subsequently, a new decision tree is trained on this weighted dataset, prioritising the learning of
these challenging samples. This iterative process progressively improves the ensemble’s overall per-
formance, transforming a collection of weak learners into a robust prediction model (Alsahaf et al.,
2022).
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Figure 3. Outline of the ML modelling flowchart.

3.3.4. Random forest regression

Random forest regression, an ensemble learning technique, leverages the combined predictive power
of multiple decision trees to enhance model precision. Similar to boosted decision trees, it utilises deci-
sion trees as weak learners. However, key distinctions exist in their training processes. Random forest
trains each tree on a subset of data points and features (Khan et al., 2024). This approach, known as
bagging, mitigates overfitting and improves model generalizability. The final prediction is the aver-
age of all individual tree forecasts. Conversely, boosted decision trees train sequentially, with each
tree focusing on correcting the errors of its predecessor. This is achieved by assigning higher weights
to misclassified samples in the training data (Durap, 2023). The final prediction aggregates all tree
predictions, weighted based on their performance.

3.4. Performance indicators

Various performance indicators are employed to assess the efficacy of developed models, such as R?,
RMSE, MAE, and a20 index. In the scenario of an ideal prediction model, it is anticipated that the R? and
a20 index values will converge towards a unity value. The a20 index quantifies the count of samples
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that satisfy specific requirements, specifically predicted values that fall within a 20% margin of experi-
mental values. Equations (11) through (14) are employed for the computation of each of these criteria
(Sathiparan et al., 2024b).

2

R2 = Z"(P"__ZP)(E’ =5 — (1)
/3 e -pA/> 6 -
n . p)2
RMSE = ZH(E# (12)
MAE = 2= (1B = Pil) ('Ifl" —Fib (13)
N20
a20index = T (14)

where, Pi: predicted value, Ei: experimental value, P: mean of predicted value, E: mean of experimental
value, N: total number of datasets, Nog: total number of predicted to the measured data of value ratio
ranged from 0.8 to 1.2.

The R? coefficientand the a20 index exhibit a numerical scale ranging from zero to one, wherein one
value is regarded as the optimal outcome. The RMSE and MAE values encompass the entire numerical
range, ranging from zero to infinity. It is advisable to maintain low values, with zero being the optimal
outcome (Sathiparan & Jeyananthan, 2024).

In addition, a statistical analysis was conducted for the response surface models to assess the rela-
tionships between the independent variables (e.g. aggregate size, AC ratio and compaction energy)
and the dependent variable (e.g. porosity and compressive strength) of the pervious concrete mixes.
This analysis involved two key steps:

e Model Sum of Squares: This test will evaluate the variation in the dependent variable explained by
the fitted model compared to the total variation. A higher model sum of squares indicates a better
fit of the model to the data.

o Model Summary Statistics: This will provide information about the model’s overall performance,
including parameters like R? (coefficient of determination). The R? represents the proportion of vari-
ance in the dependent variable explained by the model. Additionally, the model summary statistics
will likely include F-statistic and p-value, which can be used to assess the significance of the model
and individual predictor variables.

These statistical tests are used to understand the strength of the relationships between the
variables and the overall effectiveness of the model in predicting the properties of pervious concrete.

3.5. Validation of the models

During the verification phase of validating v, and f, predicted by the model, the analysis utilised
data gathered from existing literature sources. Ninety-two data points for v, and eighty data points
for f, were obtained through a comprehensive review of nine published literature sources. This pro-
cess began by collecting data on pervious concrete through an extensive search for relevant research
articles. Scopus and Google Scholar databases were utilised to identify articles containing the terms
‘pervious concrete,’ ‘compressive strength,’ ‘aggregate size,’ ‘aggregate to cement ratio,” and ‘com-
paction’ within their titles, abstracts, or keywords. Following the initial search, a screening process was
implemented to eliminate duplicate articles and ensure the data originated from unique studies. The
data were compiled and presented in Table 4, focusing on the variables of aggregate size, A/C ratio,
and compaction energy. The study encompassed diverse aggregate sizes ranging from 4.75 mm to
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23 mm, A/C ratios ranging from 3.3 to 7.0, and compaction efforts ranging from 0 to 561 J. The v, and
fp exhibited a range of values, with v, ranging from 11.2% to 39.7% and f, ranging from 5.2 MPa to
24.4 MPa.

3.6. Sensitivity analysis

Machine learning models, particularly those with complex structures, can sometimes exhibit opaque
behaviour, making it difficult to understand how they arrive at their predictions (Shah et al., 2022). We
employed the SHAP (SHapley Additive exPlanations) analysis method to address this issue. This tech-
nique helps us evaluate the significance and impact of individual input parameters on the predicted
compressive strength of pervious concrete (Quan Tran et al., 2022; Zhang et al., 2022a). This study uses
SHAP analysis to gain insights into the behaviour of our high-performing machine learning model for
predicting compressive strength in pervious concrete. Analysing the SHAP values can identify which
input factors have the most significant influence on the model’s predictions.

4. Experimental results

Figures 4 and 5 illustrate the discrepancy of v, and f¢, with AC ratios and compaction energy for var-
ious aggregate sizes, respectively. Figure 4 reveals a consistent increasing trend for v, as the AC ratio
increased. This relationship has been observed in numerous studies (Chandrappa & Biligiri, 2016; Deb-
nath et al., 2023; Sata & Chindaprasirt, 2020). Singh et al. (2020) highlights the established concept
of A/C impacting porosity. With a higher A/C, there's less paste to fill the gaps, leading to increased
void content. Through their experimental results, Le et al. (2022) demonstrates the positive correla-
tion between A/C ratio and porosity. Luo et al. (2023) explore the impact of A/C (indirectly through
binder content) on porosity, concluding that a higher A/C leads to higher porosity. This pattern is
primarily attributed to the fact that as the AC ratio increases, there is insufficient paste to coat the
aggregates adequately. Consequently, the aggregate mass per unit volume becomes higher, while
the cement mass is compromised (Chindaprasirt et al., 2008; Khankhaje et al., 2024). This imbalance
results in a greater void volume, leading to an increased v,. Furthermore, when the aggregate size
increases, there is a corresponding increase in v, however, this is not gradual (Fu et al., 2014). Several
studies have observed this trend, such as Huang et al. (2020b) and Luo et al. (2023), which found a direct
correlation between the size of coarse aggregates and porosity in pervious concrete mixes. This phe-
nomenon occurs because smaller aggregates provide a larger contact area, effectively reducing the
voids within the mixture. For a given AC ratio, v, declines with increased compaction effort (Ibrahim
etal, 2014). This is because compaction leads to enhanced aggregate packing density, thereby reduc-
ing the overall pore volume within the material. Chandrappa and Biligiri (2016) found an apparent
decrease in porosity with increasing compaction effort, highlighting the trade-off between achieving
the desired strength and maintaining sufficient permeability. Debnath et al. (2023) observed a similar
trend, where higher compaction resulted in denser pervious concrete with lower porosity.

This experiment investigated the effects of aggregate size, water-cement ratio, and compaction
energy on porosity. The minimum porosity, measured at 11.2%, was observed for a combination of
8.5 mm aggregate size, water-cement ratio of 3, and compaction energy of 448.8 J (equivalent to
60 blows). In contrast, the maximum porosity of 43.4% was obtained with a larger aggregate size of
21.5mm, a higher water-cement ratio of 4.5, and no compaction applied.

As shown in Figure 5, a reduction in fc, was observed as AC ratio increased. Several studies have
documented this relationship, as Furkan Ozel et al. (2022), Xu et al. (2023) and Shilar et al. (2022) found
that a higher A/C ratio resulted in lower compressive strength for pervious concrete mixes. This out-
come stemmed from the content of the cement paste and aggregates present in the mix. Specifically, a
low ACratio allowed higher cement paste to envelop the aggregates and occupy the interstitial spaces,
forming a dense and stronger pervious concrete matrix. However, as the ACratio increased, insufficient
cement paste became available to comprehensively coat the aggregates (Yahia & Kabagire, 2014). This
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Figure 4. Variation of porosity of the pervious concrete with compaction energy and A/Cratio for the aggregate size of (a) 5-12 mm,
(b) 12-18 mm, and (c) 18-25 mm.

deficiency in paste coverage translated into reduced structural integrity. As aggregate content or size
increases within a reasonable range, the resistance to cracking generally increases. Larger aggregate
particles can distribute the load over a larger area than smaller ones. This reduces stress concentra-
tion points within the concrete matrix (Feri¢ et al., 2023). A stronger interfacial transition zone (ITZ) is
crucial as The ITZ is the zone between the cement paste and aggregate. Its strength is vital for load
transfer between them (Li et al., 2012). The key is understanding that increasing aggregate content
or size isn't always beneficial. An excessive amount of aggregate can lead to a very stiff mix with less
cement paste. This can result in a poorly bonded matrix, creating weak spots and potentially increas-
ing overall cracking (Li et al., 2021). Increasing aggregate content or size won't necessarily improve
crack resistance if the ITZ is weak (due to poor mix design or improper curing). Larger cracks might
propagate more easily through a weak ITZ.
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Figure 5. Variation of compressive strength of the pervious concrete with compaction energy and A/C ratio for aggregate size of
(@) 5-12mm, (b) 12-18 mm, and (c) 18-25 mm.

An intriguing observation was made when smaller aggregate sizes were employed with higher
AC ratios. In such cases, a slightly enhanced strength was evident. This phenomenon was attributed
to the increased contact area between the cement paste and smaller aggregates, promoting supe-
rior interfacial adhesion and improved material properties. As the AC ratio continued to increase, the
disparities in strength between pervious concrete compositions featuring smaller and larger aggre-
gates diminished. The decrease in the difference in strength between concrete with smaller and larger
aggregates was because the smaller aggregates needed more cement paste to cover their increased
surface area (Jebli et al,, 2018; Yap et al., 2018). However, this was challenging to achieve with higher
AC ratios, which made the concrete weaker. While maintaining a consistent AC ratio, the f, exhibited
an increment with increasing compaction energy. Several studies support this observation as Sahdeo
et al. (2021), Debnath et al. and Feri¢ et al. (2023) demonstrate a positive correlation between com-
paction energy and compressive strength in pervious concrete mixes. The enhancement in aggregate
packing density brought about by increasing the number of blows compaction strengthened the mix-
ture’s capacity to endure elevated compressive forces. With low AC ratios and lesser compaction, it
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Table 5. Summary of performance indicators for response surface models.

Test Valid
R? RMSE MAE a20 R? RMSE MAE a20
Vp Linear 0.68 3.79 2.96 0.82 0.77 3.88 3.17 0.70
SF1 0.69 3.73 2.95 0.79 0.75 401 3.34 0.71
Quadratic 0.89 223 1.73 0.95 0.85 3.04 2.46 0.84
Cubic 0.94 1.63 1.28 0.98 0.02 777.88 601.09 0.01
fep Linear 0.75 3.02 2.36 0.67 0.74 2.54 1.95 0.69
SF1 0.81 2.64 2.1 0.73 0.78 2.08 1.65 0.76
Quadratic 0.90 1.91 140 0.81 0.72 2.57 2.05 0.61
Cubic 0.93 1.58 1.1 0.88 0.05 868.74 661.55 0.01

forms too much cement paste, which creates empty spaces and makes it difficult for the aggregates
to fit together correctly. However, weak compaction cannot remove these empty spaces (Feric¢ et al.,
2023). However, as with the increment of the compaction energy, the aggregates moved around in
the cement paste and came together more tightly, which led to significant differences in strength for
concrete with low AC ratios at different compaction levels.

This experiment investigated the influence of aggregate size, water-cement ratio, and com-
paction energy on compressive strength. The highest strength, reaching 28.4 MPa, occurred with
a combination of 8.5 mm aggregate, water-cement ratio of 3, and strong compaction (561 J or 75
blows). Conversely, the lowest strength of 2.3 MPa resulted from larger aggregates (21.5 mm), higher
water-cement ratio (5), and no compaction applied.

5. Statistical analysis

Correlation between input (independent) variables and output (dependent) variables within the
context of pervious concrete mix design from present experimental results was investigated and illus-
trated in Figure 6. Upon conducting statistical analysis, it was observed that the Pearson Correlation
revealed a relatively weak correlation among the input parameters (S, AC, and CE), indicating a high
degree ofindependence between them. Conversely, there was a more substantial correlation between
the output variables, specifically between v, and f¢p. As anticipated, the independent parameters
showed lesser dependence, while the dependent variables exhibited dependencies on both inde-
pendent and dependent variables. Furthermore, compaction energy displayed a moderate correlation
with both v, and f¢p, whereas the AC Ratio demonstrated a relatively weaker correlation with these
variables.

6. Response surface models

Three key elements that influence the vj, and f, are the aggregate size (S), the aggregate-to-cement
ratio (AC), and the compaction energy (CE). Therefore, in the current study, the independent variables
selected were S, AC, and CE, whereas the dependent variables were vj, and f¢p. Table 5 present the
model performance indicators, which are calculated using Equations (11)-(14).

In response surface methodology, mathematical equations were developed to describe the rela-
tionship between independent variables (aggregate gate size, AC ratio and compaction energy)
and a desired outcome (porosity and compressive strength). This equation is built using a specific
technique called data fitting. Data fitting techniques analyse the present experimental dataset to iden-
tify a mathematical equation that best captures the observed trends. Once a candidate equation is
obtained through data fitting, it's crucial to validate its accuracy and generalizability. This validation
step involves using data collected from published literature. In this research, predictions made by
equations were compared with those reported in other published studies (provided in Table 4). This
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Figure 6. Data distribution and Contour maps of porosity and compressive strength of pervious concrete from experimental
datasets.

two-pronged approach helps ensure that the developed equation is not just an artefact of the specific
experiments conducted but reflects a more generalisable relationship.

Two distinct tests were performed to assess the accuracy of the model in predicting v, and fcp:
the sequential model sum of squares and the model summary statistics. The results are presented in
Tables 6-8. The model’s fitness was assessed using various metrics, including R2, RMSE, MAE, and the
a20 index. A model is considered better when the values of R? and the a20 index approach unity. In
a similar vein, a model is considered to be better when it exhibits lower values of root mean squared
error (RMSE) and mean absolute error (MAE) (Sathiparan & Jeyananthan, 2023).

6.1. Linear model

The linear equation used to forecast the empirical relationship between the response variable and the
independent variables in the experimental data was denoted as Equation (15) and Equation (16) for
vp and f¢p, respectively. The examination of the relationship revealed a positive correlation between
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Table 6. ANOVA analysis for the linear model.

Source Sum of Squares df Mean Square F-value p-value
Vp Model 9667.58 3 3222.53 221.15 < 0.0001
(S) 763.09 1 763.09 5237 <0.0001
(AC) 2098.84 1 2098.84 144.03 <0.0001
(CE) 6805.65 1 6805.65 467.04 <0.0001
Residual 4531.85 3N 14.57
Lack of Fit 421543 101 41.74 277 <0.0001
Pure Error 316.42 210 1.51
Cor Total 14199.42 314
fep Model 8508.94 3 2836.31 307.47 <0.0001
(S) 1562.49 1 1562.49 169.38 <0.0001
(AC) 3123.21 1 3123.21 338.57 <0.0001
(CE) 3823.24 1 3823.24 414.46 <0.0001
Residual 2868.87 3N 9.22
Lack of Fit 2440.28 101 24.16 11.84 <0.0001
Pure Error 428.59 210 2.04
Cor Total 11377.81 314

Table 7. ANOVA analysis for 2F1 model.

Source Sum of Squares df Mean Square F-value p-value
Vp Model 9816 6 1636 114.95 < 0.0001
(S) 2.07 1 2.07 0.1457 0.7029
(AC) 15.46 1 15.46 1.09 0.2981
(CE) 522.72 1 522.72 36.73 <0.0001
(S)(AC) 35.68 1 35.68 2.51 0.1144
(AC)(CE) 110.22 1 110.22 7.74 0.0057
(S)(CE) 2.52 1 2.52 0.1772 0.6741
Residual 4383.42 308 14.23
Lack of Fit 4067 98 41.5 27.54 <0.0001
Pure Error 316.42 210 1.51
Cor Total 14199.42 314
fep Model 9189.16 6 1531.53 215.53 <0.0001
(S) 71.07 1 71.07 10 0.0017
(AC) 126.89 1 126.89 17.86 <0.0001
(CE) 1213.06 1 1213.06 170.71 <0.0001
(S)(AC) 27.92 1 27.92 3.93 0.0484
(AC)(CE) 485.65 1 485.65 68.34 <0.0001
(S)(CE) 166.66 1 166.66 23.45 <0.0001
Residual 2188.65 308 711
Lack of Fit 1760.06 98 17.96 8.8 <0.0001
Pure Error 428.59 210 2.04
Cor Total 11377.81 314

the variables S and AC with vy, while a negative correlation was observed with fp.

v, = 10.81 + 0.29(5) + 3.65(AC) — 0.02(CE) (15)
fop == 32.74 — 0.42(S) — 4.45(AC) + 1.55E — 02(CF) (16)

The findings of the analysis of variance (ANOVA) for the linear equation are displayed in Table
6. The analysis of variance (ANOVA) indicates that the equation adequately represents the connec-
tion between the response variable and the significant variables. The coefficient term’s significance
increases when the value of F increases and the value of p decreases (Amini et al., 2008; Kalavathy
et al., 2009). The p-value was less than 0.05, suggesting that the model has a statistical significance of
more than 95% confidence (Di Leo & Sardanelli, 2020).

For the v, and f¢p, the ANOVA results indicated that the F-value for the model was 221.15 and
307.47, respectively, implying that most of the variation in the response could be explained by the
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Table 8. ANOVA analysis for the quadratic model.

Source Sum of Squares df Mean Square F-value p-value
Vp Model 12631.56 9 1403.51 273.03 < 0.0001
(S) 110.62 1 110.62 21.52 < 0.0001
(AC) 81.96 1 81.96 15.94 <0.0001
(CE) 1969.42 1 1969.42 383.12 <0.0001
(5)? 144.85 1 144.85 28.18 <0.0001
(AC)? 69.77 1 69.77 13.57 0.0003
(CE)? 2600.94 1 2600.94 505.97 <0.0001
(S)(AQ) 35.68 1 35.68 6.94 0.0089
(AC)(CE) 110.22 1 110.22 21.44 <0.0001
(S)(CE) 2.52 1 2.52 0.4907 0.4842
Residual 1567.86 305 5.14
Lack of Fit 1251.44 95 13.17 8.74 <0.0001
Pure Error 316.42 210 1.51
Cor Total 14199.42 314
fep Model 10228.46 9 1136.5 301.59 <0.0001
(S) 0.8268 1 0.8268 0.2194 0.6398
(AC) 0.074 1 0.074 0.0196 0.8886
(CE) 2069.55 1 2069.55 549.19 <0.0001
(5)? 54.78 1 54.78 14.54 0.0002
(AC)? 9.44 1 9.44 2,51 0.1145
(CE)? 975.07 1 975.07 258.75 <0.0001
(S)(AC) 27.92 1 27.92 741 0.0069
(AC)(CE) 485.65 1 485.65 128.87 <0.0001
(S)(CE) 166.66 1 166.66 44.23 <0.0001
Residual 1149.35 305 3.77
Lack of Fit 720.76 95 7.59 3.72 <0.0001
Pure Error 428.59 210 2.04
Cor Total 11377.81 314

regression equation and that the model was significant. Furthermore, the probability p < 0.0001 for
all input parameters also suggested that the model was significant.

The model summary statistics shown in Table 5 show that the R? for the v, and fc, was in moderate
accuracy. Asillustrated in Figure 7(a) and 7(b), the data were further examined to assess the association
between the experimental and predicted vp, and fp, respectively. The scatter plot illustrates that the
data points exhibit a moderate distribution with a straight line. Based on the present experimental
data, the R? values for vp and f, prediction are 0.68 and 0.75, respectively. Similarly, when validated
with published literature data, the R? values for vp and f, predictions are 0.77 and 0.74, respectively.
These R? values indicate a moderate relationship between the experimental and predicted values of
the response. Additionally, the findings suggest that 81.9% and 66.7% of the data fell within a 20%
margin of error for v, and f¢, respectively. The analysis indicates that the chosen linear model was
insufficient in accurately predicting the response variables based on the experimental data.

6.2. Two-factor interaction (2FI) model

The 2FI equation used to forecast the empirical relationship between the response variable and the
independent variables in the experimental data was denoted as Equation (17) and Equation (18) for
vp and fep, respectively.

Vp = 21.6 — 0.09(S) + 1.05(AC) — 0.04(CE) + 0.09(S)(AC)

+7.51E — 05(S)(CE) + 3.73E — 03(AC)(CE) (17)
f.p == 23.88 — 0.53(S) — 3.01(AC) + 0.06(CE) + 0.08(S5)(AC)

— 6.11E — 04(S)(CE) — 0.01(AC)(CE) (18)
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Figure 7. Predicted vs. measured porosity and compressive strength for different response surface models
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The outcomes of the analysis of variance (ANOVA) for the 2F| equation are displayed in Table 7.
The analysis of variance (ANOVA) indicates that the equation adequately represents the connection
between the response variable and the significant variables. The ANOVA analysis revealed that the F-
values for the model were 114.95 and 215.33, respectively, indicating that a substantial portion of the
variability in the response variables, namely v, and f,, could be accounted for by the 2FI equation.
These findings suggest that the model holds statistical significance. In addition, the probability value
of p < 0.0001 further reinstates the statistical significance of the model. The significance of v, is highly
influenced by the (CE), whereas the interception of parameters of the (AC)(CE) was shown to be sig-
nificant. The additional model terms indicated by their p-values of more than 0.05 did not exhibit
substantial influence. Regarding fp, the parameters (AC), (CE), (AC)(CE), and (S)(CE) exhibit a high level
of significance. The remaining model components shown in Table 7 with p-values below 0.05 were
also significant factors.

The model summary statistics shown in Table 5 show that the R? for the v, and f, was in moderate
accuracy. As illustrated in Figure 7(c) and 7(d), the data were further examined to assess the associa-
tion between the experimental and predicted vp, and fp, respectively. The scatter plot illustrates that
the data points exhibit a moderate distribution with a straight line. Based on the present experimental
data, the R? values for vp, and fp prediction are 0.69 and 0.81, respectively. Similarly, when validated
with published literature data, the R? values for v, and fcp prediction are 0.75 and 078, respectively.
Although these values are slightly better than the linear model, these R? values indicate a moderate
relationship between the experimental and predicted response values. Additionally, the findings sug-
gest that 72.7% of the data fell within a 20% margin of error for v, and f¢p, respectively. The analysis
shows that the chosen 2FI model was insufficient in accurately predicting the response variables based
on the experimental data.

6.3. Quadratic model

The quadratic equation used to forecast the empirical relationship between the response variable and
the independent variables in the experimental data was denoted as Equation (19) and Equation (20)
for vp and fp, respectively.

vp = 15.01 = 1.11(5) + 10.05(AC) — 8.11E — 02(CE)
+ 3.40F — 02(5)2 — 1.12(AC)? + 6.56F — 05(CE)?
+ 8.97E — 02(S)(AC) + 7.51E — 05(S)(CE)
+ 3.73E — 03(AC)(CE) (19)
fep = 10.81 4 0.10(S) + 0.30(AC) + 8.31E — 02(CE)
— 2.09E — 02(5)? — 0.41(AC)? — 4.03F — 05(CF)?
+ 7.93E — 02(S)(AC) — 6.11E — 04(S)(CE)
— 7.83E — 03(AQ)(CE) (20)
The outcomes of the analysis of variance (ANOVA) for the quadratic equation are displayed in Table
8 The analysis of variance (ANOVA) indicates that the equation adequately represents the connection
between the response variable and the significant variables. The ANOVA analysis revealed that the
F-values for the v, and fp, prediction model were 273.95 and 301.59, respectively, indicating that a
substantial portion of the variability in the response variables, namely v, and f, could be accounted
for by the quadratic equation. These findings suggest that the model holds statistical significance. In
addition, the probability value of p < 0.0001 further reinstates the statistical significance of the model.

The significance of vy, is highly influenced by all the parameters except (S)? and (S)(CE) whereas these
two parameters are also shown to be significant. Regarding fp, the parameters (CE), (CE)?, (AC)(CE), and
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(S)(CE) exhibit a high level of significance. Meanwhile, the parameters of (5)? and (S)(AC) were shown
to be significant. The additional model terms indicated by their p-values more than 0.05 in Table 8 did
not exhibit significant influence.

The model summary statistics shown in Table 5 show that the R? for the v;, and fc, was good accu-
racy. The association between the experimental and predicted v, and f¢, is illustrated in Figure 7(e)
and 7(f), respectively. The scatter plot illustrates that the data points exhibit a good distribution with a
straight line. Based on the present experimental data, the R? values for vp and f, prediction are 0.89
and 0.90, respectively. Similarly, when validated with published literature data, the R? values for v, and
fcp prediction are 0.85 and 0.72, respectively. These values are better than both linear and 2F1 models.
Additionally, the findings indicate that only 95.2% and 80.6% of the data fell within a 20% margin of
error for vp and f¢p, respectively. It is even reduced to 83.7% and 61.2% of the data, which fell within a
20% margin of error for v, and f¢p, respectively, for validated from published literature data. The anal-
ysis indicates that the chosen quadratic model was sufficient in accurately predicting the response
variables based on the experimental data.

6.4. Cubic model

From the Cubic model summary statistics shown in Table 5, it can be seen that the R? for the vy and f
was in excellent accuracy for the present experimental data. Despite achieving an excellent fit with the
present experimental data, the model suffers when the model is applied to published literature data.
Both R? and a20 indexes showed very low values when the model was applied to published literature
data. It is due to the cubic model capturing too much random noise from the limited data, leadingto a
high coefficient on the training data but poor performance on unseen data. This reduces the model’s
generalizability. The passage mentions that the model might implicitly account for missing variables
like gradation. However, not explicitly including them could lead to a lower coefficient in the cubic
model. The analysis indicates that the chosen cubic model was not recommended for predicting the
response variables.

7. Performance of ML models
7.1. Porosity prediction

The outcomes of the training, testing, and validation datasets for the machine learning models used
in predicting the v, of pervious concrete are displayed in Table 9. Each performance indicator is cal-
culated using Equations (11) to (14) from the predicted values for the training, test, and validation
datasets. Figure 8(a) to (d) depict the graphical depiction of the outcomes obtained from the training,
testing, and validation datasets for the LR, ANN, RFR, and BDT models, respectively. Except for the linear
regression model, it is evident that the discrepancy between the predicted values of various models
and the actual values typically falls within a 20% margin for the prediction models, indicating a high
level of prediction accuracy. This suggests that regression prediction models are effective in serving
experimental purposes.

Table 9. Summary of performance indicators for prediction of porosity based on machine learning models.

Train Test Validation
R? RMSE MAE a20 R? RMSE MAE a20 R? RMSE MAE a20
LR 0.66 3.84 3.00 8286  0.72 3.71 2.99 73.33 0.78 3.60 2.96 81.52

ANN 0.94 1.57 1.16 99.05 0.94 1.86 1.24 97.14 0.85 3.05 243 89.13
RFR 0.96 1.28 0.94 99.52 0.97 1.30 0.95 99.05 0.80 3.33 2.65 88.04
BDT 0.96 1.23 0.94 100.00 0.96 1.38 0.99 99.05 0.79 339 2.74 86.96
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Figure 8. Predicted vs. measured porosity for different machine learning models.

The initial model examined in this analysis is linear regression. The underlying assumption of this
model is that the predictors are independent of each other and that the residuals exhibit homoscedas-
ticity and follow a normal distribution (Starbuck, 2023). The utilisation of linear regression’s
performance serves as a fundamental reference point for evaluating the efficacy of other models and
ascertaining their suitability for the given dataset. Additionally, it can serve as a means of verification
alongside a mathematical model, wherein both employ the same algorithm (Maulud & Abdulazeez,
2020). The model exhibits an R? value of 0.66, indicating a moderate level of explained variance. The
RMSE is 3.84%, representing the average magnitude of the residuals. The MAE is determined to be
3.00%, indicating the average absolute difference between predicted and observed values. Lastly,
the a20-index was measured at 0.83, which implies significance in the model’s accuracy in predict-
ing the value within the 20% error range of the observed values. Likewise, values were recorded for
both test and validation datasets. It is worth mentioning that the R? value is relatively low, suggest-
ing that a linear model can only explain a moderate amount of variability in the data. There exist two
potential factors contributing to the suboptimal performance of this model. One factor contributing
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to this phenomenon is the presence of unmeasured predictor factors within the dataset. As a result,
the model lacks essential information and exhibits suboptimal performance. Another potential expla-
nation is that the data does not adhere to the linear assumption of the model, which posits that the
predictors have a linear relationship with the output variable (Daoud, 2017; James et al., 2013). The
aforementioned alternatives are subjected to additional evaluation through scatter plots, as shown in
Figure 8(a). In this scenario, many outlier points exert a more substantial influence on the regression
analysis. The findings of this study demonstrate that the linear model exhibits suboptimal predictive
performance, suggesting the presence of unmeasured variables necessary for accurate v, prediction.
Additionally, more advanced modelling techniques may be required to improve predictive accuracy.
However, it is justifiable to explore the utilisation of other models to ascertain whether enhanced
performance may be attained.

The results presented in Figure 8(b) indicate that the ANN exhibits superior performance in pre-
dicting vy, as observed throughout the study’s training and testing datasets. Compared to linear
regression, the utilisation of ANN for training, testing, and validating data reduces the RMSE by 59.1%,
49.9%, and 15.3%, respectively. Based on the results, it can be inferred that the ANN model exhibits
significantly superior performance to the LR model. Moreover, it is worth noting that over 97% of the
data falls within a 20% error margin for both the train and test datasets. For the validation dataset,
approximately 89% of the data falls within a 20% margin of error.

The RFR model mitigates the inherent instability of basic regression trees by employing an ensem-
ble of trees that leverage bootstrap aggregation and random variable selection (Genuer et al., 2017).
The performance indicators suggest the random forest method effectively predicts vj, using the given
dataset. The model exhibits the second lowest RMSE and MAE, with the highest R? and a20 value
(1.28%, 0.94%, 0.96, and 1.00, respectively). The observed outcome could be attributed to tree-based
approaches’ capacity to acquire inconsistent variable importance within the dataset. Put differently, it
is worth noting that each tree when trained on a specific subset of the data, has the potential to acquire
a distinct set of weights that determine the importance of variables (Papadopoulos et al., 2018). The
random forest algorithm, when applied collectively, exhibits improved predictive capabilities for the
target variable (Schonlau & Zou, 2020). However, upon evaluating the data obtained from published
literature, it was seen that the model’s performance was comparatively lower than that of the ANN
model. As a result, the model exhibits a reduction in the RMSE for training, testing, and validating by
66.7%, 65.0%, and 7.54%, respectively, compared to the LR model. Additionally, it demonstrates an
enhancement in the RMSE for the ANN training and testing phases, with improvements of 18.5% and
30.1%, respectively. Nevertheless, the mean validating RMSE exhibits a decrease of 9.2% in compari-
son to the validation RMSE of the ANN model. This suggests the potential presence of overfitting in
the random forest model.

Based on the performance indicators, the BDT approach is considered the most effective for pre-
diction in the training dataset. However, BDT emerges as the second and third most effective method
when it comes to testing and validating data collection. As a result, the model exhibits a reduction in
the RMSE for training, testing, and validating by 67.9%, 62.4%, and 5.7%, respectively, compared to
the linear model. However, the RMSE was shown to be lower in the validation process compared to
both the ANN and RFR models. Despite the use of a nested cross-validation procedure, it is evident
that the BDT model exhibits a modest degree of overfitting, as indicated by the more excellent value
of the RMSE seen during the validation phase in comparison to the RMSE values obtained during the
training and testing phases.

Overall, while the RFR and BDT models outperformed the ANN model in both the training and test-
ing phases, the ANN model demonstrated superior validation performance using published literature
data.

The prediction error for each machine-learning model studied is shown in Figure 9. This error is
determined by calculating the difference between the predicted v, and the actual v,,. The RFR, BDT,
and ANN models have comparable error distributions in predicting v, with 14.9%, 15.3%, and 15.2%,
respectively. The linear regression model demonstrates a broader spread of errors in the prediction of
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Figure 9. Error distribution in predicting porosity for different machine learning models.

vp, with an extent of 23.5%. The RFR and BDT models exhibit symmetrical errors, with average errors
of 0.10% and 0.13%, respectively. In contrast, the LR and ANN models had average errors of 0.36% and
0.31%, respectively. In addition, it is worth noting that, except for the LR model, all other models have
positive skewness. The ANN model has a skewness value of 0.60, the highest among the models con-
sidered. Conversely, the LR model shows a skewness of —0.49. The use of many statistical and graphical
approaches can significantly enhance the evaluation of prediction models. This suggests that using a
diverse range of statistical indicators and graphical representations to evaluate the effectiveness of
prediction models might provide a more comprehensive study.

Figure 10 illustrates the Taylor diagram, which serves as a visual tool for assessing the predictive
capabilities of machine learning models. The Taylor diagram, a statistical instrument, offers a visual
framework for evaluating and comparing several models. The provided visual representation depicts
the level of concordance between each model and the reference data, quantified by correlation,
standard deviation, and RMSE measurements.

The diagram can depict the relative competency of each model to a reference point (Taylor, 2001).
The Taylor diagram typically includes a reference point representing the ‘perfect’ model. This point
would correlate 1, an RMSE of 0, and a standard deviation equal to the standard deviation of the mea-
sured data. The closer a model’s point on the diagram is to the reference point, the better its overall
performance in replicating the observed patterns and variability. The degree of closeness between the
pentagram and the reference location (measured point in the Taylor diagram) directly correlates with
the model’s accuracy in predicting vp. Among all machine learning models, the BDT and RFR models
have the best accuracy when applied to both the training and testing datasets. Conversely, ANN mod-
els display the highest level of accuracy for the validation dataset. Based on the above criteria, the ML
models may be arranged in descending order of performance: ANN exhibits the best performance,
followed by BDT, RFR, and LR with the lowest performance. The findings indicate a robust association
with the performance indicator values that were previously stated.

7.2. Compressive strength prediction

The outcomes of the training, testing, and validation datasets for the machine learning models used in
predicting the f, are displayed in Table 10. Each performance indicator is calculated using Equations
(11) to (14) from the predicted values for the training, test, and validation datasets. Figure 11(a) to
(d) depict the graphical depiction of the outcomes obtained from the training, testing, and validation
datasets for the LR, ANN, RFR, and BDT models, respectively.
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Figure 10. Taylor diagram for the prediction of porosity.

Table 10. Summary of performance indicators for prediction of compressive strength based on machine learning models.

Train Test Validation
R? RMSE MAE a20 R? RMSE MAE a20 R? RMSE MAE a20
LR 0.76 3.05 2.39 65.71 0.73 2.96 2.30 68.57 0.67 331 2.24 66.25

ANN 0.97 112 0.78 93.33 0.93 1.56 1.05 88.57 0.84 2.05 1.63 63.75
RFR 0.95 1.44 1.01 87.62 0.95 1.24 0.86 91.43 0.64 3.08 2.67 40.00
BDT 0.93 1.64 1.09 83.33 0.94 1.28 0.90 91.43 0.71 2.67 2.13 51.25

The outputs of the LR model for predicting the ¢, are shown in Figure 11(a). The LR model demon-
strated moderate accuracy in estimating fp; however, some divergence was seen between the actual
and predicted values. The RMSE values obtained for the training dataset (3.05 MPa), test dataset
(2.96 MPa), and validation dataset (3.31 MPa) indicate that the LR approach used for estimating f¢,
exhibits worse performance when compared to other machine learning models. Finally, the a20-index
was calculated to be 0.66 for the evenly distributed training dataset. This indicates that the model’s
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Figure 11. Predicted vs. measured compressive strength for different machine learning models.

inability to predict values within a 20% error range accurately was only 66% of the experimental values.
According to the data shown in Figure 12, the error values exhibited a range of —14.02 to 15.69 MPa,
with an average value of 0.21 MPa. Furthermore, an assessment was conducted on the percentage
variance of errors, revealing that 90% of the error measurements were within the range of —4.33
to 4.74 MPa. The examination of errors revealed that the linear regression model did not accurately
predict f¢p.

The results of the ANN model in predicting the f, are shown in Figure 11(b). When comparing the
LR model, it was seen that the ANN technique yielded more accurate results and exhibited a more
minor discrepancy between the actual and predicted values. Compared to other models, the ANN
model has a higher level of precision, as seen by its RMSE scores of 1.12, 1.56, and 2.05 MPa for the
training, testing, and validation datasets, respectively. While the ANN model improved the percent-
age of predicted values falling within £20%, reaching 93.3% for the training dataset and 88.6% for the
test dataset, it saw a decrease to 64% for the validation dataset. The ANN model produced a range of
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Figure 12. Error distribution in predicting compressive strength for different machine learning models.

error values from —4.79 to 5.41 MPa, with a mean error value of 0.21 MPa. The error values exhibited
a distribution whereby 90% fell within the range of —1.83 to 2.91 MPa, representing the lowest val-
ues across all the models. Based on the analysis, it was determined that the ANN model had a lower
standard deviation of errors, indicating a higher level of accuracy compared to the alternative models.
ANNs can acquire knowledge from data without explicit rules or equations. ANNs are well-suited for
addressing complicated and nonlinear situations that are challenging to represent using conventional
methodologies. Consequently, the ANN model demonstrates enhanced accuracy in comparison to
traditional approaches. Noisy, incomplete, or inconsistent data may be effectively managed by using
many techniques, including regularisation, dropout, and data augmentation.

The results of the RFR and BDT models in predicting the f¢, are shown in Figure 11(c) and Figure
11(d), respectively. Both models provide very similar results. Although BDT and RFR are not the same,
both work the same because they are ensemble methods that use multiple decision trees to make
predictions. Both models show better accuracy than the LR model but lower accuracy than the ANN
model.

The prediction error for each machine-learning model studied is shown in Figure 12. The linear
regression model demonstrates a broader spread of errors in predicting v. In addition, it is worth not-
ing that all the models have a positive skewness. The LR model has a skewness value of 0.65, the highest
among the models considered. Conversely, the RFR model shows the lowest skewness of 0.16. This
suggests that using a diverse range of statistical indicators and graphical representations to evaluate
the effectiveness of prediction models might provide a more comprehensive study.

Figure 13 illustrates the Taylor diagram for predicting f, for each machine-learning model. The
degree of closeness between the pentagram and the reference location (measured point in the Taylor
diagram) directly correlates with the model’s accuracy in predicting f,. Among all machine learning
models, the ANN models have the best precision when considering all the datasets. Based on the above
criteria, the ML models may be arranged in descending order of performance: ANN exhibits the best
performance, followed by BDT, RFR, and LR with the lowest performance. The findings indicate a robust
association with the performance indicator values that were previously stated.

7.3. Sensitivity analysis

Non-linear and complicated models like ANN often exhibit a black-box nature due to their intricate
structure and behaviour (Shah et al., 2022). The utilisation of SHAP (SHapley Additive exPlanations)
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Figure 13. Taylor diagram for the prediction of compressive strength.

is very advantageous in examining intricate machine-learning models encompassing diverse aspects
(Quan Tran etal., 2022; Zhang et al., 2022a). The ANN was shown to provide superior results in predict-
ing the vp and fp. Consequently, the outcomes obtained from the ANN were used for further analysis
utilising SHAP methodology. The SHAP approach was created as a means to examine predictions gen-
erated by machine learning models via the use of Shapely values. The primary principle behind SHAP
is to calculate the Shapley values for each attribute of the given sample, which requires interpretation.
Each Shapley value represents the corresponding feature’s impact on the prediction.

Figure 14(a) and (b) show the average SHAP values corresponding to the forecasts of v, and fp,
respectively, as determined by the ANN model. Based on the findings, it is evident that the com-
paction energy exhibits the highest SHAP value, indicating its significant effect on the prediction of
both v, and f. This finding suggests that the level of compaction energy plays a pivotal role in accu-
rately predicting the properties of pervious concrete. In contrast, it was shown that the aggregate
size exhibited the lowest SHAP value, suggesting a lack of substantial impact on the prediction of v,
and fp.
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Figure 14. Mean SHAP values (a) porosity and (b) compressive strength.

The SHAP summary plots depicting the ANN's predictions of v, and f, are shown in Figure 15(a)
and (b), respectively. The colour gradient represents the spectrum of feature values, while the x-axis
displays either the SHAP value or the feature’s contribution toward the anticipated result. To vy, it is
found that a SHAP value of 10, situated on the extreme right side (positive), indicates that a decrease in
compaction energy (from 112.2 J to zero compaction) might result in a 10% increase in v, compared
to the average value. Conversely, a SHAP value of —7 on the far-left end (negative) indicates that a
significant increase in compaction energy (from 112.2 J to 673.2 J) might reduce vy, by 7% below the
mean value. The correlation between v, and compaction energy is readily comprehensible since prior
research has shown that compaction energy has a substantial and direct impact on the arrangement
of the mixture (Anburuvel & Subramaniam, 2022b). One notable result of the SHAP study is that aggre-
gatessize less influences predicting vj,. The aforementioned phenomenon was consistent with fp, with
the compaction energy emerging as the primary input variable that substantially influences the pre-
diction of f¢p. The outcomes from the SHAP analysis indicate that using the game theory approach
for calculating SHAP values might enhance the understanding of the recommended hybrid machine
learning models. Additionally, these findings demonstrate that the prediction accuracies of the models
are both reasonable and satisfactory.

8. Comparison with previous works

Table 11 provides a comprehensive overview of existing research on prediction models for poros-
ity and compressive strength of pervious concrete. These models leverage both response surface
methodology and various machine learning techniques. While some studies compared multiple tech-
niques (e.g. Le et al. (2022) and Sathiparan et al. (2023b) found XGB to be the most accurate), others
focused on specific algorithms (e.g. Adewumi et al. (2016) used SVR and Sudhir Kumar et al. (2024)
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Figure 15. Summary of SHAP values (a) porosity and (b) compressive strength.

used ANN for prediction of compressive strength. Most of the studies accurately predict porosity and
compressive strength. Common limitation identified in these studies is the use of limited datasets and
machine learning techniques. Significantly, the prediction was used for conversational previous con-
crete (without supplementary cementing materials). This present study addresses these limitations
by employing a comprehensive dataset and exploring a wider range of response surface methodolo-
gies and machine learning methods. The proposed Artificial Neural Network (ANN) model achieved
superior porosity and compressive strength prediction accuracy, with an R? value of 0.94 and 0.97,
respectively.

9. Limitations of the proposed models

The equation of the response surface model and the machine learning models used in this study agree
with the experimental data. However, it is essential to note that this model only considers three specific
design factors: aggregate size, A/C ratio, and compaction energy. Several factors, such as the water-
to-cement ratio, aggregate grading, fine content, and the use of superplasticizers, among others, may
influence the features of pervious concrete. Therefore, a model that includes these factors should be
checked and corrected to reflect the model considered. The constants included in the formulated mod-
els may encompass the influences of these supplementary components. Nevertheless, developing a
single equation that includes all these elements is not desirable since it may not be deemed appro-
priate. In contrast, the machine learning model might potentially derive advantages by including all
these characteristics. Furthermore, the performance of the machine learning model might potentially
be enhanced by the incorporation of additional data. Hence, it is vital to maintain a comprehensive
dataset that includes mixed design parameters and characteristics of previous concrete.



Table 11. Comparison of present study with published literature on prediction models (Response surface methodology and machine learning) for porosity and compressive strength of pervious

concrete.
Properties Ref Input parameters® No of datasets Modelling algorithms used® Best model Accuracy
Porosity Adewumi et al. (2016) S, Cement, W/C, Agg. 24 SVR - R? = 0.8697
Leetal. (2022) Agg.S, A/C, W/C, Sand, SF 164 ANN, RFR, SVM, XGB XGB R? = 0.88, RMSE = 3.2%
Almasaeid and Salman (2022)®  A/C, W/C, Density 369 MLR, ANN ANN R?2 = 0.886
Present study Agg.S, A/C, Compaction energy 315 RSM, ANN, RFR, BDT, LR ANN R2 = 0.94 RMSE = 1.57%
Compressive strength ~ Sonebi and Bassuoni (2013) Agg.S, W/C, Cement, Agg. 9 RSM Quadratic  R? = 0.87
Adewumi et al. (2016) Agg.S, Cement, W/C, Agg. 24 SVR - R? = 0.9806 RMSE = 0.3186 MPa
Hari and Mini (2023) Cement, Agg., W/C, SF 45 RSM Quadratic R?2 = 0.9973
Sun etal. (2019) Agg.S, A/C, W/C 90 SVR - R? = 0.9997 RMSE = 0.353 MPa
Sudhir Kumar et al. (2024) Agg.S, Ground Granulated 36 ANN - RZ = 0.82
Blast-furnace Slag content,
Curing days
Le et al. (2022) Agg.S, A/C, W/C, Sand, SF 164 ANN, RFR, SVR, XGB XGB R? = 0.98 RMSE = 1.44 MPa
Sathiparan et al. (2023b)? A/C, FA/C, W/C, Agg.S, Curing 437 LR, ANN, BDT, RF, SVR, XGB XGB R? = 0.98 RMSE = 1.62 MPa
period
Sathiparan et al. (2024a) Cement, SF, Sand, Agg., W/C, 222 LR, ANN, BDT, KNN, RF, SVR, XGB XGB R? = 0.98 RMSE = 0.24 MPa
Admixture, Agg.S, Curing
period
Present study Agg.S, A/C, Compaction energy 315 RSM, ANN, RFR, BDT, LR ANN RZ = 0.97 RMSE = 1.22 MPa

aperformance indicator for all datasets, for others it is for test datasets.
bAgg.S - Aggregate size, cement — cement content, Agg — aggregate content, W/C — water to cement ratio, A/C — aggregate to cement ratio, Sand — sand content, SF - silica fume content, FA - fly ash

content

CANN - Artificial Neural Network, BDT - Boosted Decision Tree Regression, KNN — K-Nearest Neighbour, MLR — Multiple Linear Regression, NLR — Non-Linear Regression, LR — Linear regression, RFR —
Random Forest Regression, SVR — Support Vector Regression, XGB — Extreme Gradient Boosting, RSM — Response surface methodology

IV LINVHVAIHLYS N (%) 059
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10. Conclusions

The framework for forecasting the porosity and compressive strength using response surface regres-
sion and machine learning models is proposed in the present study. There were 315 experimental
specimens (data points) to train and test the models and validate with data from published literature.
The following conclusions may be derived from the findings:

e This experiment showed that Porosity increases with higher AC ratio and larger aggregate size
while decreasing with increased compaction energy. Compressive Strength is reduced with higher
AC ratios but showed a slight increase with smaller aggregate sizes at lower AC ratios. Increased
compaction energy led to higher compressive strength.

e The optimal combination for minimum porosity (11.2%) was achieved with smaller aggregates
(8.5 mm), lower AC ratio (3), and high compaction energy (448.8 J). Conversely, the maximum
porosity (43.4%) resulted from larger aggregates (21.5 mm), higher AC ratio (4.5), and no com-
paction. The highest value (28.4 MPa) for compressive strength was obtained with the same com-
bination as the minimum porosity. The lowest strength (2.3 MPa) occurred with larger aggregates,
higher AC ratio, and no compaction.

e The statistical analysis demonstrates that the output variables porosity and compressive strength
have a stronger correlation. This aligns with the understanding that porosity can influence the
strength of pervious concrete. Furthermore, the analysis revealed a moderate positive correlation
between compaction energy (CE) and both porosity and compressive strength. The aggregate-
cement ratio showed a weaker correlation with both output variables than compaction energy.

e The quadratic model provided the most accurate predictions for both porosity and compressive
strength in four response surface models. This model exhibited high R? values (> 0.85), indicat-
ing a strong correlation between the predicted and experimental values. A significant portion of
the data points fall within a 20% margin of error for both porosity and compressive strength. How-
ever, it's important to note that when validated with published literature data, the accuracy of the
quadratic model decreased. This suggests that the model may not be universally applicable, and
further research might be required for broader generalizability.

e The results revealed that all models except LR exhibited high levels of prediction accuracy, with
discrepancies between predicted and actual values typically falling within a 20% margin for the
training and testing datasets. Also, machine learning models (ANN, BDT and RFR) performed much
better than response surface models. ANN demonstrated the strongest overall performance among
these models, achieving the highest R? values and lowest RMSE across all datasets. However,
when evaluating data from published literature (validation set), BDT displayed the most accurate
predictions.

e The SHAP analysis revealed that compaction energy significantly impacts both porosity and com-
pressive strength predictions. This aligns with existing knowledge that compaction energy plays
a crucial role in the structure of pervious concrete. Conversely, aggregate size exhibited minimal
influence on the predicted values.

11. Future research direction

The present study incorporated three key factors: compaction energy, aggregate-to-cement ratio,
and aggregate size. While the machine learning models showed good agreement with experimental
results for porosity and compressive strength, they were limited by the data range. Aggregate size
ranged from 5 to 25 mm, A/C ratio from 3 to 5, and compaction from 0 to 90 blows. Future research
should explore a broader spectrum of these parameters, as real-world applications may involve val-
ues outside this range. Other factors like aggregate gradation, fine content, and water-to-cement
ratio influence porosity and compressive strength (Wijekoon et al., 2023). The models might implicitly
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account for these missing variables, but including them explicitly could improve accuracy. Expand-
ing the data with a wider range of mix parameters, porosity, and compressive strength values would
further enhance the model’s performance.

While traditional machine learning techniques like linear regression, ANN, random forest regres-
sion, and boosted decision tree regression used here have merits, they also have limitations. Despite
their success in predicting porosity and compressive strength, there’s room for improvement. These
methods may struggle with complex, non-linear relationships in data due to their limited ability to
learn complex patterns and reliance on pre-defined rules. Feature engineering, the manual process of
extracting relevant information, can be time-consuming and might miss crucial details. Deep learning,
with its sophisticated architecture, offers a powerful alternative. Deep learning excels at automatically
extracting features and capturing non-linear patterns directly from raw data, eliminating the need
for manual feature engineering. This allows for more flexible and accurate models, especially with
high-dimensional or complex data.
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