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ABSTRACT

The present study explores the potential of machine learning to predict the porosity and permeability of
pervious concrete constructed on mix parameters (compaction energy, aggregate-to-cement ratio and
aggregate size) and ultrasonic velocity. The prediction models use non-destructive measurements and
mixed design variables, which can help the construction sector apply the models without any
theoretical expertise. The study uses 225 data samples from an experimental study. This study used
six machine learning algorithms, namely, linear regression, artificial neural networks, boosted decision
tree regression, random forest regression, K-nearest neighbour and support vector regression, to
determine the best predictive model. The results show that the ANN model is the best technique for
predicting the porosity of pervious concrete (R*=0.9502 for training datasets and R*=0.8958 for
testing datasets) and boosted decision tress for permeability of pervious concrete (R*=0.9323 for
training datasets and R?=0.7574 for testing datasets). The sensitivity analysis of the random forest
regression model reveals that ultrasonic pulse velocity is the most influential parameter for the
prediction of porosity and permeability of pervious concrete. The proposed models provide a more
accurate method for estimating the porosity and permeability of pervious concrete.
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1. Introduction

Pervious concrete is a construction material with many
applications, such as parking lots, pedestrian walkways, resi-
dential streets, low-traffic areas and greenhouses. It has a
porous structure because it uses little or no fine aggregate
and very uniform (monosize) coarse aggregate in its mix-
ture (Subramaniam and Sathiparan 2022). Three important
properties of pervious concrete are porosity, permeability
and compressive strength. Porosity is the ratio of the
volume of voids (empty spaces between the cement-covered
particles) to the total volume of the mixture. Pervious con-
crete usually has a porosity of 15 to 35% (Chandrappa and
Biligiri 2016, Li et al. 2017, Xu et al. 2018), which makes it
porous. Compressive strength is the ability to resist com-
pression forces. The compressive strength of pervious con-
crete was usually between 3 to 30 MPa (Alemu et al. 2021).
The properties of pervious concrete depend on the quality
and quantity of the cement and aggregate used as raw
materials, as well as the mix design factors such as the
cement-to-aggregate ratio, aggregate size distribution,
water-to-cement ratio, and compaction effort (Anburuvel
and Niruban Subramaniam 2022, Anburuvel and

Subramaniam 2022a). However, even with the same mix
design, the properties of each component may vary signifi-
cantly in an industrial application due to different compac-
tion levels and the boundary effect (Ridengaogier et al.
2021). Hence, it is essential to evaluate the properties of
pervious concrete even after construction.

The practical significance of forecasting the strength and
permeability of pervious concrete using non-destructive test-
ing (NDT) techniques is its capacity to direct the design and
enhancement of pervious concrete. For example, alterations
in the pore structure during use, such as blockage, might
decrease the essential pore size, diminishing water transpor-
tation. Additionally, the compressive strength of pervious con-
crete, influenced by its composition, is critical. A suitable
prediction equation for the compressive strength of pervious
concrete enables enhancing the proportioning process, consid-
ering both the desired porosity and compressive strength.
Hence, non-destructive testing (NDT) techniques that can
accurately forecast these characteristics hold significant practi-
cal significance since they offer vital insights into the function-
ality of pervious concrete without inflicting any harm to the
concrete itself. This can result in enhanced resource utilisation,
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functionality, and prolonged durability of pervious concrete
structures.

Non-destructive test (NDT) methods are suitable tools to
estimate the properties of construction materials without
taking in situ samples (Sathiparan et al. 2023a). Some NDT
methods for concrete widely used worldwide are rebound
hammer, electrical resistivity, and ultrasonic pulse velocity
(UPV) (Singh and Singh 2018). These methods have been
extensively studied for conventional concrete (Ahmmad
et al. 2016, Rao et al. 2016, Shafigh et al. 2016, Farahani
et al. 2017, Huda et al. 2018, Lu et al. 2021), self-compacting
concrete (Calabrese et al. 2015, Wang et al. 2016), cement
mortar (Wei et al. 2012), and masonry (Mandal et al. 2016,
Martin-del-Rio et al. 2020, Sathiparan and Jeyananthan
2023). While several studies have focused on NDT measure-
ment to predict the strength of pervious concrete (Delatte
et al. 2009, Adato and Delatte 2013, Zaetang et al. 2015,
Amini et al. 2018, Filho et al. 2020), studies on predicting
the permeability of pervious concrete are limited.

Delatte et al. (2009) measured the UPV and the hydraulic
conductivity of field-collected pervious concrete samples.
They gathered samples from 16 locations and tested them
for UPV and hydraulic conductivity (k). The hydraulic con-
ductivity values ranged from 0 to 1400 in. per hour, while
the UPV values ranged from 8,012 to 16,800 feet per second.
Their experimental results and statistical analysis proposed
Equation (1) for estimating the hydraulic conductivity
(where UPV is in ft/s and k is in in./hr). The coefficient of
determination (R?) between the measured and predicted
hydraulic conductivity was 0.63.

k = 1086—0.0012UPV (1)

Amini et al. (2018) used ultrasonic pulse velocity (UPV) and
void ratio (v) of pervious concrete to develop a statistical
model for its hydraulic conductivity (k). They measured
UPV, v, and k of 25 pervious concrete cylinder specimens.
The data ranged from 19% to 35% for v, 900 to 6900 cm/hr
for k, and 2700 to 3540 m/s for UPV. They found that a poly-
nomial function of UPV alone could fit k reasonably well, with
a coefficient of determination (R?) of 0.73. However, the pre-
diction accuracy improved when UPV and v were used as pre-
dictors to predict k. The average ratio of predicted to measured
k was 1.00, indicating a respectable agreement between the
model and the measured data. Based on their experimental
data and statistical analysis, they proposed Equation (2) for k
(where v is in%, UPV is in m/s, and k is in cm/hr).

k = —4.16UPV + 239.909v + 10299.36 (2)

Filho et al. (2020) studied the UPV of pervious concrete. They
prepared three pervious concrete mixes with a water-to-
cement (w/c) ratio of 0.3 and a binder-to-aggregate (B/Ag)
ratio of 0.45 to 0.65. They measured the void ratio, per-
meability, and UPV of the mixes. The data ranged from 18%
to 30% for void ratio, 1.1 to 9.5 mm/s for permeability, and
3642 to 4262 m/s for UPV. Based on their data and statistical
analysis, they developed Equation (3) for permeability (where
UPV is in m/s and k is in mm/s). The equation had a

coefficient of determination (R?) of 0.87, which shows a
good fit.

K = 65.842 4 10.089(B/Ag) — 0.01677UPV (3)

The proposed formula in published works for the permeability
of pervious concrete had reasonable statistical measures of fit,
as shown by R” values between 0.63 and 0.87. However, they
also had some average bias in the fit. Moreover, these studies
used small data sets that did not cover the full range of aggre-
gate size, A/C ratio, compaction energy, etc., which are critical
in defining the properties of pervious concrete needed for var-
ious industrial applications. However, the proposed single
equation is not applicable when a particular property depends
on several parameters.

Machine learning algorithms are increasingly popular in
engineering for predicting the properties of building materials
(Feng et al. 2020, Marani and Nehdi 2020, Song et al. 2021,
Ahmad et al. 2022, Zhang et al. 2022b). Since the permeability
of pervious concrete is subject to mixture proportions and
other factors, machine learning techniques are observed to
be the best way to estimate these properties. More advanced
methods could reduce the need for laboratory tests and offer
engineers simple tools to predict experimental outcomes
(Ahmed et al. 2022). Machine learning methods can also pro-
vide alternatives and answers for both linear and nonlinear
situations where mathematical models cannot capture the
relationship between the variables involved in a problem
(Gao et al. 2019, Anburuvel and Subramaniam 2022b, Wije-
koon et al. 2023). Table 1 briefly overviews the machine learn-
ing approach used to predict permeable concrete properties.
The investigations have shown that machine-learning tech-
niques are more accurate than regression-based models. To
the authors’ knowledge, the combination of mix design par-
ameters, UPV measurement and machine learning has not
yet been used to predict the porosity and permeability of
permeable concrete. While some studies have focused on
predicting permeability based on aggregate size and
aggregate-to-cement ratio, none have considered compaction
energy. Published literature indicates that compaction energy
is a significant characteristic that affects porosity and
permeability.

The present study intends to enhance the quality control
and inspection of pervious concrete by using mix parameters,
UPV and machine learning techniques to predict the porosity
and permeability of the pervious concrete. To make the models
accessible for the construction sector without prior theoretical
knowledge, mix design and UPV are used to generate predic-
tion models for the porosity and permeability of pervious con-
crete. Six different machine learning techniques: linear
regression (LR), artificial neural networks (ANN), boosted
decision tree regression (BDR), random forest regression
(RFR), K-Nearest Neighbor (KNN) and support vector
regression (SVR) models are employed as model development
tools to the invention the utmost accurate model for estimat-
ing the permeability of pervious concrete. The proposed
models can offer a more precise prediction for the permeability
of pervious concrete.
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Table 1. Summary of machine learning methods used to predict the characteristics of pervious concrete.

Machine learning No. of data
Ref. Input parameters Response parameters method used used
Ahmad et al. (2023) Cement content, Gravel content, Waste glass power Compressive strength ANN 929
content, W/C ratio, Curing period
Huang et al. (2020) A/C ratio, Aggregate grading Permeability RFR 69
Huang et al. (2022) Aggregate size, Sample thickness, clogging sands Permeability SVR 84
Le et al. (2022) Aggregate size, A/C ratio, W/C ratio, SF content, Sand Porosity and compressive strength ANN, RFR, SVR, & XGB 164
content
Malami et al. (2022) Curing days, RHA content, CCW content Flexural strength ANN, SVR, & ANFIS 42
Sathiparan et al. Aggregate size, A/C ratio, CE Ultrasonic pulse velocity LR, ANN, BDT, RFR, SVR 75
(2023b) & XGB
Sathiparan et al. A/C ratio, FA/C ratio, W/C ratio, Aggregate size, curing Compressive strength LR, ANN, BDT, RFR, SVR 437
(2023¢) period & XGB
Sun et al. (2019) Aggregate size, A/C ratio, W/C ratio Permeability and compressive strength ~ SVR 90
Subramaniam et al. Aggregate size, A/C ratio, CE Electrical resistivity LR, ANN, BDT, KNN, 75
(2023) RFR & SVR
Sudhir Kumar et al. Aggregate size, GBFS content, Curing days Compressive strength, Flexural ANN 36
(2024) strength & Permeability

RHA: rice husk ash, CCW: Calcium carbide waste, GBFS: Ground Granulated Blast-furnace Slag, SF: Silica fume, FA/C: fly ash to cement, LR: Linear Regression, ANFIS:
Adaptive Neuro-Fuzzy Inference System, ANN: Artificial Neural Network, BDT: Boosted Decision Tree regression, KNN: K-Nearest Neighbors’ regression, RFR: Random
Forest Regression, SVR: Support Vector Regression, and XGboost: EXtreme gradient boosting

2. Materials and methods
2.1. Material used

The primary binder used was ordinary Portland cement —
Type 1 OPC, and it had a specific gravity of 3.15 and a bulk
density of 1280 kg/m’ (Sathiparan 2023). The aggregate
consisted of natural granite-gneisses rock of igneous origin.
Figure 1 illustrates the particle size distribution of the coarse
aggregate. The aggregates were sieved and separated into
three categories in the size range of 5-12, 12-18, and 18-25
mm. Aggregates used in contemporary literature typically
range from 5 to 20 mm, affecting the performance of pervious
concrete (Pradhan and Behera 2022). However, it is essential
to note that the size distribution of aggregates can vary. Studies
have shown that aggregate size and distribution significantly
impact pervious concrete performance. Comparing the per-
formance of pervious concrete between studies conducted in
different environments, including particle size distribution,
may not be suitable for attributing performance variations to
aggregate size distributions. This study aims to assess the
impact of aggregate size on the performance of pervious

Figure 1. Particle size distribution of coarse aggregates.

concrete in the same controlled environment. Additionally,
more uniform-sized particles are envisaged for use in the cast-
ing of samples. The aggregates used in this study were divided
into 5-12 mm, 12-18 mm, and 18-25 mm. Table 2 shows the
results of the evaluation of the aggregate quality. To construct
the pervious concrete specimen, the aggregates had to satisfy
the requirements for coarse aggregate.

2.2. Mix design

Based on published literature, the water-to-cement (W/C)
ratio was fixed at 0.3 for all mixes to ensure zero slumps,
while the aggregate-to-cement (A/C) ratio varied from 3.0 to
5.0 in steps of 0.5. The literature commonly uses an aggre-
gate-to-cement ratio of approximately 3.0 to 8.0 for casting
pervious concrete samples (Anburuvel and Subramaniam
2023). A study analysed the impact of aggregate-to-cement
ratio on the performance of pervious concrete and optimum
packing. The study found that the theoretical optimum aggre-
gate-to-cement ratio was 2.65 for aggregates ranging from 12
mm to 25 mm in size. The study also observed an optimum
aggregate-to-cement ratio of approximately 4.0 (Anburuvel
and Niruban Subramaniam 2022). This study adopts a mix
design that varies the aggregate-to-cement ratio from 3.0 to
5.0, with an increment of 0.5. Previous studies on pervious
concrete have recommended zero slump and zero compaction
to maintain open pores for fluid transmission. However, recent
research has shown high uncertainty in pervious concrete’s
porosity and other performance factors. It has been found
that an optimised degree of compaction can improve uniform-
ity in the performance of pervious concrete. The optimum
compaction degree was around 30 blows from a standard
Proctor rammer (Subramaniam et al. 2022). This study varies
the compaction from 0 to 60 blows in increments of 15 blows
to analyse the impact of aggregate size on the optimum com-
paction in relation to other mix design parameters.

Pervious concrete cylindrical samples of a dimension of 150
mm cubes were cast with five different compaction efforts (0,
15, 30, 45 and 60 blows) and cylindrical core samples of 100
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Table 2. Mechanical properties of aggregates.

Agar. Aggr. Aggr.

Properties 5-12 mm 12-18 mm 18-25 mm Test standard
Bulk density (kg/m?) 1498 1491 1480 BS-EN-1097 (2020)
Specific gravity 2.73 272 272 BS-EN-1097 (2020)
Moisture content (%) 0.40 0.35 0.32 BS-EN-1097 (2020)
Absorption (%) 135 1.20 1.10 BS-EN-1097 (2020)
Flakiness Index 14.8 14.7 14.2 BS-EN-933 (2017)
Aggregate Impact value — AIV (%) 25.6 255 25.3 BS-EN-1097 (2020)
Aggregate Crushing Value — ACV (%) 30.5 30.5 304 BS-EN-1097 (2020)
Elongation Index (%) 23.95 24.02 24.80 BS-EN-933 (2017)

mm (diameter) x 150 mm (height) were obtained from that.
The compaction process followed the BS 1377-4 (1990) stan-
dard, which uses a typical proctor compaction hammer. The
Standard Proctor rammer with a face diameter of 5.08 cm,
weight of 2.5 kg, and a plunge depth of 300 mm is employed
to determine optimum sample moisture content according
to BS 1377-4 (1990). The number of blows to the sample in
the standard proctor mould with varying moisture content
receives compaction energy in three layers (25 blows to each
layer), so the sample assumes optimum packing within the
mould. The standard proctor rammer gives a well-defined
compaction energy to the sample in the mould. Although per-
vious concrete is cast with a zero-slump wet mixture and no
compaction, some compaction is shown using a tamping rod
when laboratory samples are fabricated for subsequent testing.
Compaction given by tamping rods may not have definitive
energy, as it may vary between tampings and laboratories,
increasing uncertainty in the performance characteristics of
hardened pervious concrete, such as porosity and compressive
strength. Therefore, it is usual to employ standard or modified
proctor rammer to provide well-defined compaction energy
that may be uniformly maintained between rammings and lab-
oratories. Pervious concrete having zero slumps, the binder-
coated aggregates behave similarly to discrete soil particles.
Table 3 shows the mix design for the pervious concrete mix-
ture. The cement, water, and coarse aggregates were measured
separately using an electronic balance with a precision of 0.1 g,
based on the mix design in Table 2. A 120-litre electric con-
crete mixer was used to mix these ingredients uniformly.
The mixing process took approximately 20 minutes to ensure
a uniform mixture. A total of 225 cylindrical samples with

Table 3. Mix design for Tm> of pervious concrete mixture.

Agar. Aggr. Aggr.

Cement 5-12mm  12-18 mm  18-25mm  Water
Mix ID  A/C ratio (kg) (kg) (kq) (ka) (L)
S-3.0 3.0 466.8 1400.3 140.0
S-35 35 4133 1446.5 124.0
S-4.0 4.0 370.8 1483.2 111.2
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 1483.2 111.2
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 4.5 336.2 1513.0 100.9
L-5.0 5.0 307.6 1537.8 92.3

three different aggregate sizes were used in this study. Figure 2
illustrates the previous concrete cube preparation procedure.

2.3. Experimental programme

Standard methods were employed to regularise the experimen-
tal procedures to ensure reproducibility. Material properties
were assessed using standard techniques consistent with the
apparatus used. The aggregate size distribution was evaluated
using BS standard sieve sizes, while the permeability apparatus
was set according to the ACI standard method. UPV measure-
ments were obtained using (an instrument model) that oper-
ates according to ASTM standards. However, these methods
were widely used in literature and have consistency in assess-
ments. This study assessed all parameters in the same batch
and controlled environment, whereas good laboratory prac-
tices and controlled environments were followed throughout
to ensure the quality of the observations.

2.3.1. UPV measurement

The portable ultrasonic NDT digital indication tester was uti-
lised to measure the UPV of pervious concrete according to
ASTM C597 (2010). Figure 3(a) shows the equipment setup.
The instrument had a transit time range of 16 ms, a sampling
rate of 2 MHz, a precision of 0.1 s, and a transmitter output of
1200 V. It detected the speed of ultrasonic pulses through the
materials. The data analysis used the average value from three
measurements in two horizontal and one vertical directional
profile.

2.3.2. Porosity

The researchers measured the porosity of the pervious con-
crete specimen by the water displacement method, as shown
in Figure 3(b) (Li et al. 2021). The samples were soaked in
water for 24 hours and surface dried before permeability and
porosity tests. Generally, there are four methods: the Corelok
method (ASTM-D7063/D7063M 2018), the soak/tap method
(Montes et al. 2005), the vacuum method and the image analy-
sis method. The soak/tap method was explicitly developed for
porous pavements and is based on the fundamental principle
of porosity. In the current study, the method proposed by
Montes et al. (2005) was used to modify volume instead of
weight for the calculation. This technique is also relatively
straightforward and can be carried out using standard labora-
tory equipment regularly used for many other test methods.
The volume of water that filled the voids in the pervious con-
crete was calculated by the amount of water volume displaced
by submerged oven-dried samples. The formulation for the



Figure 2. Pervious concrete cube preparation procedure.

porosity is given in Equation (4).
V.

v= [1 ——‘]*100 (4)
\%4

where, v: porosity, V: volume of water moved upward due to
submerged pervious concrete sample [m®] (Volume = cross-
section area of the container x increase in water height due
to sample submerged), and V: volume of the sample [m’]

2.3.3. Permeability

The constant head permeability test suggested by ACI 522R
(2010) was used to measure the volume of water that passes
through a sample in a given time. Figure 4 illustrates a sche-
matic diagram of the test. The key components in a constant
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head permeability test apparatus for pervious concrete are as
follows:

e Permeameter Assembly: The permeameter cell holds the
pervious concrete specimen. It is a cylindrical shape with
a known cross-sectional area. Sealed caps at both ends of
the permeameter cell to prevent water from leaking.
These end caps often have connections for water inflow
and outflow.

o Constant Head cylinder: A container that holds a constant
water head. It is connected to the permeameter cell to main-
tain a constant water level during the test.

o Water Inlet: Pipes that allow water to enter the constant
head tank.
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Figure 3. Test setup for (a) UPV measurement and (b) porosity measurement.

e Control Valves and Flow Regulators: It is the flow of water
into and out of the permeameter cell, ensuring a constant
head is maintained.

e Water Outlet: Pipes that allow water to exit the constant
head tank.

e Graduated cylinder: It is used to collect the water from the
outlet.

A cylindrical sample of pervious concrete with a height of
150 mm and a diameter of 100 mm was used for this test.
The sample was wrapped laterally with PVC film and secured
with regular scotch tape. It was also covered with silver tape
(polyethylene film reinforced with cotton-laminated fabric)
to ensure impermeability. The specimen was positioned
between two PVC pipes with a diameter of 4 in. each. A
hose was attached to the top PVC pipe to maintain the water
level. The top pipe had an overflow drain to provide enough
water for the test. We applied Equation (5) to calculate the per-
meability coefficient from the test results. The water was kept
at a constant head of 300 mm for all experiments. The constant
head permeability test used three samples for each type.

q-L

A-h-t ®)

Where k is the permeability coefficient (in cm/s), q is the water
volume through the sample for the particular period (in cm?),

L is the length of the cylinder (in cm), A is the cross-sectional
area of the cylinder (in cm?), h is the water head height, and t is
the time (in sec.) for water go through the sample. The flow
rate (q) was measured by collecting the outflow over a period
of time, measuring the total volume of fluid percolated
through and then dividing it by the time lapsed. The measur-
ing flask (bucket) had a perfect cylindrical shape with a grada-
tion of a least count of 0.1 mm (vernier scale).

2.4. Machine learning modelling

Figure 5 shows the summary of the modelling flow chart dia-
gram. Two hundred twenty-five data points were collected
from the experimental programme to develop a reliable
model for forecasting the porosity and permeability of per-
vious concrete. As the UPV value varied slightly for the subset
of particular mixes, which consisted of 75 different mix types
(comprising three types of aggregate size, five types of A/C
ratio and five levels of compaction energy), the complete set
of 255 samples was used to analyse the machine learning
models. A stochastic allocation method was used to divide
the data into two cohorts to pre-process the data for machine
learning. The training dataset consisted of 150 datasets, repre-
senting two-thirds of the total datasets used to train the
machine learning model. A test dataset of 75 datasets was allo-
cated to evaluate the machine learning model’s performance.
This represents one-third of the total datasets. Six ML models



Figure 4. Schematic outline of apparatuses used to measure the permeability.

were used in this study to forecast porosity and permeability:
linear regression (LR), artificial neural networks (ANN),
boosted decision tree regression (BDT), random forest
regression (RFR), K-Nearest Neighbor (KNN) and support
vector regression (SVR). The selection of specific soft comput-
ing techniques for prediction often involves considering var-
ious factors: linearity and simplicity, non-linearity and
complex patterns, ensemble learning and robustness, local pat-
terns and instance-based learning, and flexibility and kernel
methods. Linear regression was chosen for its simplicity and
interpretability, which is suitable for capturing linear relation-
ships in the data. ANN was selected for its ability to model
complex, non-linear relationships and handle intricate pat-
terns in data.

Boosted Decision Tree Regression and Random Forest
Regression were selected for their effectiveness in handling
non-linearity, capturing interactions, and providing robust
predictions. The K-nearest neighbour was chosen for its suit-
ability to capture local patterns and relationships in the data,
especially when the underlying structure is not globally con-
sistent. Support vector regression was chosen for its flexibility
in capturing complex relationships through kernel functions
and effectiveness in high-dimensional spaces. JMP Pro v.17
and Python version 3.11.5 were used for the machine learning
analysis. JMP Pro was primarily used for hyperparameter
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tuning and model training. Python was used for model vali-
dation, SHAP analysis and dependence plots for critical fea-
tures. All models use pre-built functions in Python libraries;
none are implemented from scratch here.

2.4.1. Linear regression

Linear regression is a usually used supervised machine learn-
ing method that displays the linear correlation between one
or more independent variables and a dependent variable. Cer-
tain conditions are necessary for this technique, including a
linear relationship between the input and output values, mini-
mal correlation among the features, and clean, noise-free data.
Let’s consider X as our feature matrix (or input) and y as the
target vector measured on N samples, denoted by
{(X', t)}Y.,. Equation stating the predicted value j of the
above input data using a linear regression model can be written
as Equation (6).

y= wxi+b 6)
i=0

Where w is the weight vector, and b is the bias term.
This can be equally written as Equation (7).

J=w'X+b (7)
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Figure 5. Flow chart for machine learning modelling procedure.

From the above equation, one can derive a simple equation
for calculating the optimal weights, denoted by Equation (8).

w=X"X)"1x"¢ (8)

2.4.2. Artificial neural networks

ANNSs are computer systems developed based on the biological
neural networks present in the animal brain. They are made up
of interconnected nodes called artificial neurons, which pro-
cess and transmit signals to one another. Each node has a
weight and a threshold that determines its influence on the
output of other nodes. ANNs can learn from data and perform
classification, regression, clustering, and pattern recognition
tasks. ANNs employ different learning algorithms, including

supervised, unsupervised, and reinforcement learning, to
adjust their weights and thresholds based on the training
data and the desired output. Figure 6 illustrates the typical
ANN structure. The output y of a single neuron is determined
by applying an activation function f to the weighted sum of its
input features plus a bias term, as shown in Equation (9).

y=f()_ (wix)+b) 9)
i=1

Where, w; represents the weights associated with each input
feature x;, and b is the bias.

ANNGs also use various activation functions, such as linear
and sigmoid, to introduce non-linearity and complexity into



Figure 6. Typical ANN structure.

the network. The architecture of ANNs can vary, such as feed-
forward, recurrent, or convolutional, depending on the struc-
ture and flow of information between the nodes and layers.
The Root Mean Square Prop (RMSProp) optimiser is
employed to accelerate the training process, as suggested in
previous studies. This optimiser is particularly effective when
dealing with limited datasets, which is often the case in civil
engineering applications. To minimise the RMSE between
the predicted and actual values, both forward and backward
propagation are essential steps. Forward propagation calcu-
lates the final output by passing the input data through the net-
work. Conversely, backward propagation adjusts the weights
and biases within the network to minimise the RMSE. This
is achieved by calculating the gradient of the loss function
(RMSE in this case) with respect to each weight, utilising the
chain rule. In the present study, the tanh (hyperbolic tangent)
activation function was employed within the artificial neural
network (ANN) architecture.

Figure 7. Sample of random forest regression.
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2.4.3. Random forest regression

Random forest regression is a widely used ML technique that
collaborates decision trees to forecast a continuous target vari-
able. This technique is effective because each decision tree is
trained on a different subset of the data and features, decreas-
ing the correlation between the trees and boosting the ensem-
ble’s diversity. The random forest generates its final forecast by
averaging the predictions of all the individual trees. The
method can handle non-linear relationships, missing values,
and feature interactions. Random forest regression offers fea-
ture importance metrics and error estimation, making it a
valuable tool in many applications (Lin et al. 2022). The devel-
opment of a random forest involves the creation of multiple
decision trees by training on random subsets of the training
data, known as bootstrap samples. At each split, a random sub-
set of features is considered for each tree, encouraging diver-
sity among the trees. The final prediction in a regression job
often involves calculating the mean (or weighted mean) of
the predictions made by each tree. The Random Forest
regression algorithm uses the predictions of each tree to aggre-
gate and predict the output for a new input. The primary goal
of random forest regression is to minimise the mean squared
error between the predicted and actual values in the training
set. This objective is fine-tuned during training to identify
the optimal parameters for each decision tree. The final predic-
tion is obtained by combining the trees’ forecasts, with each
tree assigned a weight based on its performance, as shown in
Figure 7.

2.4.4. Boosted tree regression

Boosted tree regression is a powerful ML technique that
employs a collection of decision trees to forecast a continuous
target variable. In contrast to random forest regression, which
creates many uncorrelated trees, boosted tree regression gener-
ates trees in sequence, with each subsequent tree attempting to
correct the errors of the preceding one. This is accomplished
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Figure 8. Typical boosted decision tree regression structure.

via a gradient descent algorithm that minimises the loss func-
tion (Guillen et al. 2023). Boosted tree regression can handle
nonlinear relationships, feature interactions, and absent values
in the data. Furthermore, it offers metrics of attribute signifi-
cance and error estimation (Elith et al. 2008). Boosted decision
tree regression employs decision trees as the fundamental lear-
ners, similar to random forest regression. The process starts
with an initial forecast for each data point, typically using a
basic model like the average value of the target variable. Boost-
ing constructs trees sequentially, with each tree aiming to cor-
rect mistakes made by the previous ensemble. Each tree relies
on the previous trees, as shown in Figure 8. In each iteration, a
new decision tree is trained using the negative gradient of the
loss function in relation to the current ensemble’s predictions.
The loss function is established at each stage to quantify the
error, enabling the subsequent correction of the next tree
until the optimal tree is achieved. In boosted decision tree
regression, the prediction is a combination of multiple weaker
prediction models that work together to create a more power-
ful prediction model, as demonstrated in the Equations (10)
and (11):

I = Y wihi(x) (10)

0 = D 1§, y) + ) Qf) (11)
i i

In this context, h(x) represents the output of the tree, w rep-

resents the weight, and I(y,, ;) represents the loss function,

which measures the difference between the predicted value

and the actual value of the ith sample. The function Q(f;)

serves as a regularisation function.

Additionally, the prediction of each tree is multiplied by the
learning rate before being incorporated into the collective
ensemble. This helps to reduce overfitting and ensures a
more gradual learning process. Boosting continues until a pre-
determined number of trees (iterations) are reached or a cer-
tain performance level is achieved.

2.4.5. K-nearest neighbour
KNN is a popular ML algorithm that can be utilised for both
classification and regression tasks. It is based on the concept

that similar data points tend to have similar labels or outputs.
This algorithm does not require assumptions about the under-
lying data distribution and does not need any training phase.
Instead, it stores all the data points available and their corre-
sponding labels. KNN uses a distance metric, such as Eucli-
dean distance, to classify a new query point and identify the
most similar data points. In KNN regression, first, it needs
to find the k nearest neighbours in the dataset. Euclidean dis-
tance is widely used in finding these k nearest neighbours.
Euclidean distance between two points x* and x” can be calcu-
lated using Equation (12).

|Ix* — b||, = (12)

Then, make a prediction based on the labels of those nearest
neighbours. As the value is continuous in regression problems,
a common approach for computing that continuous target is
calculating the average value over all those k nearest neigh-
bours, as shown in Equation (13).

k
> o fx
i=1

The label or output of the query point is then assigned based
on the majority vote (for classification) or the average (for
regression) of the k nearest neighbours (Hu et al. 2016).
Although KNN is easy to implement and interpret, it can be
computationally expensive and susceptible to noise and irrele-
vant features (Saini et al. 2013).

h(X) = (13)

1=

2.4.6. Support vector regression

SVR s an ML technique that can be utilised for both linear and
nonlinear regression problems. The method finds a function
that fits data points with a small error margin while being as
flat as possible (Xia 2020). SVR applies a kernel function to
map data points into a higher dimensional space, making it
possible to find a linear function. The linear function is
defined by a subset of data points called support vectors, and
their coefficients are called dual variables. The technique mini-
mises a regularised objective function that balances the trade-
off between function flatness and error margin, measured by
an epsilon-insensitive loss function that considers errors
within a specified tolerance epsilon. Optimal performance
requires tuning several parameters, including regularisation
parameter C, kernel function and its parameters, and the epsi-
lon value (An and Liang 2013). The regression equation for
SVR is given by Equation (14).

flx) = wix;i+ b

Where f(x) is the predicted value, w is the weight vector, x; is
the feature vector on the transformed space, and b is the bias
term.

In order to improve the robustness of the model, epsilon-
intensive loss which is defined as Equation (15).

Je(p, f(x)) = max(0, |y — f(x)| — €)

(14)

(15)



Figure 9. Linear and Non-linear SVR structure.

Where y is the actual value, ¢ is a user-defined parameter con-
trolling the width of the insensitive zone.

SVR seeks to minimise the empirical risk, the sum of the
training errors subject to a regularisation term. The objective
function for SVR can be formulated as Equation (16).

. L,
Mty et 5 W + CZ: & +&) (16)
SVR introduces constraints on the slack variables to ensure

that errors are within a permissible range. The constraints
are formulated as Equations (17)-(19).

yi—flx) <e+ & (17)
fx)—yi<e+§& (18)
&, & =0 (19)

Where w is the weight vector, b is the bias term, g and &
are slack variable, and C is the regulation parameter

These constraints ensure that errors are within the epsilon-
insensitive tube, and the regularisation term controls the
trade-off between achieving a small error and keeping the mar-
gin wide, as shown in Figure 9. The choice of kernel function
and tuning parameters such as C and ¢ play crucial roles in the
performance of SVR.

2.5. K-fold validation and performance indicators

Validation methods in machine learning assess a model’s per-
formance on unseen data. Common approaches include a
simple train-test split, where data is divided for training
and testing. However, this method’s reliance on a single
split can introduce biases based on the randomness of that
division. K-fold cross-validation addresses this limitation by
dividing the data into K subsets and iteratively using each
subset as a test set while the remaining data serves as the
training set. This process is repeated K times, reducing the
impact of a single split. By averaging performance over mul-
tiple folds, K-fold cross-validation provides a more robust
and unbiased estimate of a model’s generalisation ability. It
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ensures that the model is evaluated on various subsets of
the data, smoothing out variability and preventing overfitting
to specific splits. In summary, while simple train-test splits
may lead to biased evaluations, K-fold cross-validation mini-
mises such biases by considering multiple splits and aver-
aging performance, offering a more reliable assessment of a
model’s performance. The stratified K-fold validation tech-
nique is commonly used because it is considered accurate
and efficient. This technique divides the data into K groups;
K is set to five in this study. It splits the data into five subsets
and uses four to train the model. The remaining subset is
used to validate the model. This process is repeated five
times to obtain the average result.

Four different indicators are used to evaluate the perform-
ance of the proposed model: Coefficient of determination (R?),
Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE) and a20-index are represented by Egs. (20), (21),
(22) and (23), respectively.

2 S (P —E)

RR=1_ &=l i 7 20
Y (B —B) 0

n 2
RMSE — | =izt P = B (1: ) (21)

i1 1P~ Eil
n

MAE = (22)
where Fi is the measured value; Pi is the predicted value; E is
the average of measured values; # is the number of the data
used.

The a20-index is a new measure for assessing the reliability
of the soft computing techniques developed, as defined in
Equation (9) (Asteris et al. 2020, Armaghani and Asteris 2021).

a20 — index = nyy/N (23)

N is the number of datasets and n,, is the number of data,
where the predicted/measured strength ratio was between
0.80 to 1.20.
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Table 4. Summary of UPV, porosity and permeability values for each mix.

Aggregate size (mm) A/C ratio Compaction (No. of blows) UPV (km/s) Porosity (%) Permeability (cm/s)
5-12 3.0 0 3.31+£0.06 39.00+0.78 2.35+0.21
5-12 3.0 15 4.45+0.02 20.14+£1.36 0.69 +£0.07
5-12 3.0 30 4.69 +0.06 16.82+1.36 0.37£0.11
5-12 3.0 45 479 +0.01 1432+ 1.18 0.16 £ 0.04
5-12 3.0 60 4.96 £ 0.06 8.22+1.04 0.09 £ 0.01
5-12 3.5 0 3.70 £0.06 35.12+235 1.86 + 0.60
5-12 35 15 4.50 £0.02 21.81+1.36 1.12 £0.05
5-12 3.5 30 4.63 +0.06 20.14+£1.36 0.43 +£0.08
5-12 35 45 4.65 +0.06 16.82 +1.36 0.34+0.10
5-12 3.5 60 4.90 +0.01 13.21+0.39 0.23 +£0.04
5-12 40 0 3.86 +0.02 30.40+1.57 1.70£0.16
5-12 4.0 15 434+0.14 20.42 £1.96 1.03+£0.25
5-12 4.0 30 4.59 +0.05 19.03+3.42 0.62 +0.04
5-12 4.0 45 4.66 +0.03 16.54 +2.18 0.49 £0.15
5-12 4.0 60 4.76 £ 0.06 13.21+1.04 0.36+0.14
5-12 45 0 3.42+0.1 36.78 £1.36 2.56 £0.17
5-12 4.5 15 4.09 £0.01 2458 +0.78 1.25+0.14
5-12 4.5 30 443+0.10 17.65+1.18 0.99+0.17
5-12 4.5 45 442 +0.07 22.36+0.78 1.12+£0.26
5-12 45 60 4.60 +0.06 19.18 +0.70 0.71 £0.02
5-12 5.0 0 3.63 +0.06 3733+1.57 247 £0.06
5-12 5.0 15 3.95+0.07 27.35+0.78 2.02+£0.15
5-12 5.0 30 414 +0.10 21.81+1.36 1.14+£0.13
5-12 5.0 45 4.28 +0.09 19.03 +2.83 0.98 £0.22
5-12 5.0 60 439+0.13 20.70 £ 2.07 1.11£0.15
12-18 3.0 0 4,18 £0.06 23.47 £2.35 0.75+0.30
12-18 3.0 15 4.74+0.19 13.49+2.35 033+£0.17
12-18 3.0 30 4.80 +0.02 12.93 +2.07 0.19+0.08
12-18 3.0 45 5.02+0.11 6.28 +£2.07 0.27 +£0.08
12-18 3.0 60 524+0.17 10.16 £ 1.36 0.13+£0.08
12-18 35 0 3.88 £0.07 26.24 +3.92 2.68 +£0.83
12-18 35 15 4.55+0.02 17.37 +£1.57 0.67 £0.19
12-18 35 30 4.83 +£0.08 11.82+0.10 0.31+0.10
12-18 35 45 4.78 £0.21 9.05+4.15 0.19£0.04
12-18 35 60 5.02+0.09 9.05+ 157 0.20 £ 0.01
12-18 4.0 0 3.85+0.04 36.22+0.78 291+0.14
12-18 4.0 15 448 +£0.03 21.81+0.10 1.74 £0.42
12-18 4.0 30 4.52 +0.04 20.70 £0.78 1.09 + 0.07
12-18 4.0 45 4,73 £0.03 16.82 + 0.68 0.81+£0.04
12-18 4.0 60 4.72 £0.03 14.60 + 1.71 0.59+£0.11
12-18 4.5 0 3.69 +0.05 35.67+0.78 3.27 £0.69
12-18 45 15 4.20+0.09 16.82 + 1.36 0.96 +0.16
12-18 45 30 4.36 +0.07 18.38+0.14 0.95 +0.07
12-18 4.5 45 4.54 +0.04 19.59 +2.83 0.99 £0.41
12-18 45 60 4.61+0.04 17.37 £0.78 0.66 +£0.12
12-18 5.0 0 3.60 +£0.08 36.22 +£0.39 3.08 £0.21
12-18 5.0 15 3.85+0.03 25.69+0.78 2.06 £0.48
12-18 5.0 30 4.01+0.07 21.25+1.04 1.52 +0.08
12-18 5.0 45 4.19+0.07 20.42+1.04 1.23+0.09
12-18 5.0 60 4.59 +0.09 19.03+0.78 1.31+£0.21
18-25 3.0 0 3.78 £0.09 3733+3.42 2.57 £045
18-25 3.0 15 4,63 +0.11 26.24 +2.07 1.28+0.22
18-25 3.0 30 488+0.11 15.71+£0.78 1.20+0.10
18-25 3.0 45 498 +0.14 14.60 £ 1.57 0.41+£0.22
18-25 3.0 60 5.37 £0.07 11.27 £2.07 0.24 £0.19
18-25 3.5 0 3.84+0.04 36.22 +£4.15 479+232
18-25 35 15 470 +£0.08 21.25+1.57 2.70+0.22
18-25 35 30 470 +£0.04 19.59+0.78 1.21£0.34
18-25 35 45 4.86 +0.05 16.26 £ 0.78 1.15+0.24
18-25 3.5 60 5.06 +0.04 16.26 + 1.57 0.29+0.10
18-25 4.0 0 3.61£0.05 39.55+4.37 459 +0.27
18-25 4.0 15 3.87+£0.13 25.69+0.78 4.42 +£0.69
18-25 4.0 30 4.08 +0.05 23.47 £1.00 2.50+0.34
18-25 4.0 45 4.36+0.08 20.70 £0.78 2.22 +0.66
18-25 4.0 60 4.6 +0.04 15.15+1.36 1.27 £0.19
18-25 4.5 0 3.58+0.01 45,10+ 3.59 3.82+0.71
18-25 4.5 15 3.60 +0.04 24.02 +1.57 2.79+0.52
18-25 45 30 4.11+0.05 2236 +2.07 2.20+0.79
18-25 4.5 45 4.23 £0.07 21.25+0.78 1.86 £0.42
18-25 45 60 4.49+0.03 19.03 +0.78 1.94+£0.20
18-25 5.0 0 3.39+0.19 39.55+4.37 5.58 +£0.39
18-25 5.0 15 3.58 £0.06 29.02 £1.57 428 +0.74
18-25 5.0 30 3.72+0.07 24.58 +0.78 3.76 £ 0.60
18-25 5.0 45 4.02 +0.07 2292 +0.78 3.08 £0.45
18-25 5.0 60 423 +0.08 2292 +1.57 248 +£042
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Figure 10. UPV, porosity and permeability variation with compaction energy, A/C ratio and aggregate size.

Furthermore, the Taylor diagram and error distribution
were employed to assess the performance of the models
thoroughly. The Taylor diagram is a more advanced approach
for evaluating model performance than conventional
measures. This diagram was overlooked in numerous machine
learning research due to the complexity of graphing. The Tay-
lor diagram facilitates the concurrent evaluation of numerous
metrics, which is advantageous for comparing models that
may exhibit disparate performance in many aspects. The

Taylor diagram helps compare datasets with different means
and variances. It utilises the standard deviation and correlation
of observed data as reference points. Hence, the Taylor dia-
gram is a tool for comparing datasets undergoing distinct nor-
malisation or standardisation methods. The Taylor diagram
employs orthogonal axes, circular lines, and a radial axis to
depict the standard deviation, root mean square error, and cor-
relation coefficient. The model nearest to the reference point
on the Taylor diagram is regarded as the most precise model
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Figure 11. Data distribution of UPV, porosity and permeability of previous concrete.

in terms of its capacity to match the observed data (Ziamiava-
ghi and Toufigh 2023).

3. Experimental results

Table 4 summarises the mix design and corresponding UPV,
porosity and permeability of the previous concrete. Figure 10
shows the effects of compaction effort, A/C ratio and aggregate
size on UPV, porosity, and permeability. The UPV value was
inversely proportional to the porosity of pervious concrete as
it predominantly depended on the solid content of the mixture
(Ndagi et al. 2019). Therefore, UPV increased with higher
compaction energy and a lower A/C ratio. Low A/C ratios
had enough cement paste to produce more hydration pro-
ducts, fill more pores, and increase the solid fraction of per-
vious concrete. This made the ultrasonic pulse travel faster

through the pervious concrete. Higher compaction also
reduced the pores in pervious concrete, and the UPV increased
with compaction energy. Furthermore, the solid content of
pervious concrete decreased as porosity increased with aggre-
gate size. As a result, the UPV decreased as aggregate size
increased.

Porosity values showed a tendency to decrease with higher
compaction energy. For 30 blows, the porosity decreased very
rapidly, but as the number of blows increased further, the rate
of decrease slowed down. On the other hand, an increase in
porosity was observed with an increase in the A/C ratio.
This could also be due to the low A/C ratios filling the pores
in pervious concrete and reducing the voids. However, insuffi-
cient cement paste left the pores in high A/C ratio specimens
open. Low A/C ratios showed the most significant effect of
compaction effort on porosity. As mentioned, more
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Figure 12. Effect of number of layers and neurons per layer on performance of models for prediction of (a) porosity and (b) permeability.

compaction helped pack the aggregates more densely to com-
pensate for the lack of cement paste in low A/C ratios. The
aggregates could be packed more tightly in high A/C ratios,
but the lack of cement paste left the pores between the aggre-
gates open.

On the other hand, porosity values varied randomly
between aggregate sizes for samples with zero compaction
effort, primarily owing to the random packing of binder-
coated aggregates. When no compaction energy is supplied
to the sample, and due to zero slump of concrete mix, the
filling of binder-coated aggregates assumes a somewhat ran-
dom packing compared to samples with compaction energy
supplied. The observations of porosity values among the
samples that had compaction energy delivered did not yield
any significant impact of aggregate size on porosity, specifically
on samples with 30 or higher blows. A change in aggregate
size would result in a difference in the total surface area of
aggregate particles. Hence, the binder thickness coating aggre-
gate particles is expected to increase as the aggregate size
increases.

The other observation on porosity is that it tends to
asymptote with compaction effort for all mix designs and
aggregate sizes used in the experiments. Owing to the
dependency of UPV predominantly on porosity, it could
be expected that the UPV values also tended to asymptote
at approximately 30 blows and stayed constant after that
for all mix designs. However, a continuously increasing
trend was observed in UPV in contrast to the saturation
observed in porosity. The UPV value depends not solely
on the porosity fraction but also on the solid fraction’s
properties. An increase in compaction effort, although it
does not change the porosity of the samples, may induce
significant differences in the pore sizes, pore distribution
and number of pores. This would significantly impact

the path of UPV signals through the solid fraction, specifi-
cally in terms of interface resistances. This may have con-
tributed to the continuously increasing trend of UPV with
compaction effort.

Permeability showed a decreasing trend with higher com-
paction energy and a lower A/C ratio. The aggregate with
the highest permeability (5.05 cm/s) had a size of 18-25 mm,
an A/C ratio of 5.0, and a compaction effort of 0 blows. The
aggregate with the lowest permeability (0.03 cm/s) had a size
of 5 to 12 mm, an A/C ratio of 3, and a compaction effort of
60 blows. Cement paste would be reduced as the aggregate-
to-cement ratio increased. As a result, the binder thickness
would be thinner around the particles, subsequently increasing
porosity. This would allow water to flow through easily. There-
fore, a higher A/C ratio led to an increase in permeability. The
permeability decreased as the number of blows increased as the
voids became smaller in size and presence. When permeability
values are compared across different aggregate sizes, samples
with 5-12 and 12-18 aggregates showed a saturation trend
in permeability with compaction, while samples with 18-25
mm aggregates showed a continuously decreasing trend with
compaction. As discussed above, although porosity remained
consistent with different aggregate sizes, the pore size, distri-
bution and the number of pores would significantly change
across aggregate sizes. Changes in pore characteristics (size,
distribution and number) would significantly affect per-
meability as permeability is affected by the capillary effect.

From the above discussion, it could be observed that
although dependent parameters, including porosity, UPV
and permeability, show a high correlation among them,
the degree of their association is affected by design parameters.
Therefore, predicting the performance of pervious
concrete (porosity and permeability) from mix-design par-
ameters alone or from individual dependent parameters
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Figure 13. Effect of number of trees and number of terms sampled per split on performance of models for prediction of porosity.

(e.g. predicting permeability from porosity) may yield low
accuracy. This will increase the uncertainty, reducing the effec-
tive prediction of models based on such approaches. It is,
therefore, congruent to develop a multicriteria model to
include the composite impact of parameters to predict the per-
formance of pervious concrete.

4, Statistical analysis

In the present study, aggregate size (S), aggregate-to-cement
ratio (A/C), number of compaction blows (B), and ultrasonic
pulse velocity (UPV) were considered as input (independent)
variables. In contrast, porosity (v) and permeability (k) were
considered as desired output (dependent) variables. The

Figure 14. Effect of number of trees and number of terms sampled per split on performance of models for prediction of permeability.
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Figure 15. Effect of number of trees, split per tree and learning rate on performance of models for prediction of porosity.

Figure 16. Effect of number of trees, split per tree and learning rate on performance of models for prediction of permeability.

descriptive statistics for the input and output data are illus-
trated in Figure 11. This Figure demonstrates that the par-
ameter S ranged from 5-25 mm, the AC parameter ranged
from 3.0 to 5.0, the B ranged from 0 to 60, and UPV ranged
from 2.59 to 4.41 km/s. The output parameters: porosity ran-
ged from 11 to 48%, and permeability ranged from 0.03 to
6.78 cm/s, respectively.

The correlation equation between the UPV and porosity of
pervious concrete is given by Equation (24)

v = 464.51¢ 073UV (24)

This equation is valid when the porosity varies from 3.5 to
48.4% and the UPV differs from 3.11 to 5.48 km/s. It reveals
that the UPV and porosity of pervious concrete are well corre-
lated with a negative exponential relationship with a corre-
lation coefficient of 0.767.

The correlation equation between the UPV and porosity of
pervious concrete is given by Equation (25).

k =10.76 — 2.12UPV (25)

This equation is valid when the permeability varies from 0.03 to
6.78 cm/s and the UPV varies from 3.11 to 5.08 km/s. It is
revealed that there is a negative linear relationship between the
permeability and UPV of pervious concrete. However, the corre-
lation is moderate, with a correlation coefficient of 0.598.

The correlation between porosity and permeability, as
shown in Equation (26) shows that porosity is directly pro-
portional to permeability.

k =0.12v-1.01 (26)

This equation is valid when the permeability varies from 0.03
to 6.78 cm/s and the porosity varies from 8.4 to 48.4%. How-
ever, the correlation is moderate, with a correlation coefficient
of 0.582. The increasing porosity results in increasing
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Figure 17. Effect of K on performance of models for prediction of (a) porosity and (b) permeability.

Table 5. Effect of kernel function, cost and gamma on performance of models for prediction of porosity.

Method Kernel Function Cost Gamma RMSE - Train (%) RMSE - Test (%) R? - Test Remarks
1 Linear 0.04 3.88 4.38 0.7529
2 0.29 3.79 437 0.7538
3 0.55 3.79 4.38 0.7534
4 0.81 3.79 438 0.7534
5 1.12 3.79 4.38 0.7534
6 1.43 3.79 438 0.7534
7 1.71 3.79 4.38 0.7534
8 2.01 3.79 438 0.7534
9 2.25 3.79 4.38 0.7534
10 2.46 3.79 438 0.7533
11 2.68 3.79 4.38 0.7536
12 2.90 3.79 438 0.7537
13 3.15 3.79 4.38 0.7536
14 3.38 3.79 438 0.7537
15 3.64 3.79 4.38 0.7537
16 3.89 3.79 438 0.7537
17 413 3.79 4.37 0.7537
18 436 3.79 438 0.7537
19 4.56 3.79 4.37 0.7537
20 4.96 . 3.79 438 0.7537
21 Radial Basis Function 0.02 0.03 7.51 7.77 0.2237
22 0.73 0.31 2.70 3.67 0.8270
23 443 0.16 244 3.22 0.8662 Selected
24 2.86 0.07 2.90 3.45 0.8465
25 333 0.48 1.89 3.55 0.8383
26 4.77 0.32 2.03 3.51 0.8416
27 0.34 0.20 3.19 3.85 0.8096
28 3.06 0.28 2.20 3.36 0.8544
29 4,95 0.46 1.84 3.58 0.8349
30 2.50 0.44 2.00 3.49 0.8434
31 3.52 0.13 2.56 3.24 0.8645
32 2.39 0.02 341 3.95 0.7993
33 3.86 0.39 1.97 3.54 0.8389
34 1.33 0.12 2.88 3.49 0.8430
35 4.65 0.09 2.67 3.28 0.8616
36 1.79 0.40 2.18 3.58 0.8355
37 411 0.23 2.26 3.26 0.8629
38 2.01 0.25 2.40 334 0.8566
39 1.1 0.49 235 3.80 0.8143
40 0.16 0.36 3.74 4.46 0.7436
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Table 6. Effect of kernel function, cost and gamma on performance of models for prediction of permeability.

RMSE - Train RMSE - Test
Method Kernel Function Cost Gamma (cm/s) (cm/s) R? - Test Remarks
1 Linear 0.05 0.61 0.82 0.6103
2 3.63 0.59 0.81 0.6156
3 2.73 0.59 0.81 0.6155
4 497 0.59 0.81 0.6156
5 413 0.59 0.81 0.6156
6 341 0.59 0.81 0.6156
7 0.31 0.60 0.82 0.6132
8 2.96 0.59 0.81 0.6156
9 2.24 0.59 0.81 0.6156
10 4.70 0.59 0.81 0.6156
1 3.86 0.59 0.81 0.6156
12 2.52 0.59 0.81 0.6156
13 1.09 0.59 0.82 0.6152
14 3.19 0.59 0.81 0.6156
15 442 0.59 0.81 0.6156
16 1.40 0.59 0.81 0.6156
17 1.66 0.59 0.81 0.6156
18 1.96 0.59 0.81 0.6155
19 0.83 0.59 0.82 0.6144
20 0.58 . 0.60 0.82 0.6136
21 Radial Basis Function 422 0.49 0.30 0.71 0.7111
22 2.74 0.1 0.45 0.71 0.7102
23 0.40 0.10 0.54 0.76 0.6681
24 0.11 0.28 0.65 0.81 0.6204
25 4.36 0.25 0.36 0.70 0.7148
26 4.50 0.02 0.51 0.75 0.6722
27 493 0.13 0.42 0.70 0.7131
28 2.66 0.46 033 0.70 0.7197
29 2.37 0.22 0.40 0.70 0.7185
30 0.61 0.36 0.46 0.71 0.7084
31 3.94 0.17 0.40 0.70 0.7177
32 4.67 0.35 033 0.71 0.7110
33 3.00 0.31 0.36 0.70 0.7135
34 0.27 0.50 0.54 0.75 0.6785
35 3.73 0.41 0.32 0.70 0.7131
36 1.53 0.07 0.49 0.72 0.6967
37 3.57 0.04 0.48 0.73 0.6952
38 0.92 0.19 0.46 0.71 0.7120
39 2.00 0.39 0.37 0.70 0.7187
40 1.63 0.45 0.37 0.69 0.7224 Selected

permeability. When the porosity is less than 8.4%, the per-
meability becomes zero.

Statistical analysis was performed to evaluate the degree of
correlation among the parameters above after the descriptive
analysis. Although this was previously reported, the current
study had a wide range of experimental data. Pearson’s corre-
lation in Figure 4 shows less correlation among the mix par-
ameters (S, AC, and B). On the other side, it was discovered
that there was a far higher degree of association between

Table 7. Hyperparameter optimisation for prediction models.

UPV, porosity, and permeability. As expected, the indepen-
dent parameters are not dependent on each other, while the
dependent parameters had a dependency on different vari-
ables, including both dependent and independent variables.

5. Selection of hyperparameters

Fine-tuning refers to the meticulous process of making little
modifications to attain the desired outcome or level of

Selected value for Selected value for

Model Hyperparameters Analyzed Values Porosity Permeability
Artificial Neural Network Number of layers [1, 2] 2 2
Nodes per layer [1-16] 12 12
Boosted Decision Tree Regression Number of layers [1-40] 34 21
Split per tree [1, 2,3, 4] 1 4
Learning rate [0.1, 0.25, 0.5, 1] 0.5 0.5
KNN K [1-10] 2 7
Random Forest regression Number of trees [2-50] 46 48
Number of terms sampled per split [2,3] 2 3
Number of terms 5 5 5
Minimum splits per tree 10 10 10
Minimum size split 5 5 5
Support Vector Regression Kernel [linear, Radial basis function] Radial basis function Radial basis function
Cost [0.01-5] 4.43 1.63
Gamma [0.001-0.5] 0.16 0.45
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Figure 18. K-fold validation results for (a) R? and (b) RMSE variation across the folds.

performance. This procedure is commonly known as grid
search or hyperparameter optimisation. To establish the
most effective values for these parameters, it is recommended
to experiment with various combinations of parameters across
the entire range. This can be done by conducting cross-vali-
dation tests to identify the parameters that yield the highest
performance (Elgeldawi et al. 2021). The ideal hyperpara-
meters are subject to variation based on the particular dataset
and task. Hence, engaging in experimentation and iteration on
model is crucial to discovering the optimal settings.

5.1. Artificial neural networks

In the present study, fine-tuning an ANN involved experi-
menting with the number of layers and neurons in each
layer. The number of layers considered was up to 2, and the
number of neurons in each layer was up to 16. Figure 12 illus-
trates the variation of RMSE with different hyperparameters.
For the porosity prediction also, the best performance was
achieved with two layers and 12 neurons. The best perform-
ance for predicting permeability was with a two-layer neural
network containing 12 neurons. Optimum hyperparameters
were selected based on the performance of both the training
and testing datasets.

5.2. Random forest regression

Fine-tuning a Random Forest regression model involves
adjusting various hyperparameters such as the number of
trees in the forest, number of terms sampling per split, boot-
strap sample rate, minimum splits per tree, maximum splits
per tree and minimum split. Published literature shows that
the number of trees in the forest and the number of terms
sampling per split highly influence the prediction’s accuracy
(Badarna and Shimshoni 2019, Makariou et al. 2021).

Figures 13 and 14 show the relationship between RMSE and
several hyperparameters used to predict porosity and per-
meability, respectively. For porosity prediction, using a
sampling rate of 3 terms per split gives superior performance

for training datasets. However, the performance for test data-
sets is inferior compared to using a sampling rate of 2 terms
per split. Performance is improved when the number of
terms sampled per split is 2, and the number of trees in the for-
est is 46. Performance improves when using a split of 3
sampled words and a forest of 48 trees to predict permeability.

5.3. Boosted tree regression

Fine-tuning a boosted tree regression model involves adjusting
various hyperparameters such as the number of tresses, splits
per tree, learning rate and minimum size split. Figures 15
and 16 show the relationship between RMSE and several
hyperparameters used to predict porosity and permeability,
respectively. For the fine-tuning, the number of trees ranged
from 1 to 40, split per tree ranged from 1 to 4, and a learning
rate of 0.1, 0.25, 0.5 and 1 were considered. For porosity pre-
diction, when the learning rate is fixed as 0.5, the best perform-
ance occurred for split per tree equal to one for most cases.
When varying the learning rate, the learning rate of 0.5 pro-
vides the best performance. Based on these results, the number
of trees of 34, split per tree of 1 and learning rate of 0.5 were
used to predict porosity. Similarly, the number of trees of 21,
split per tree of 4 and learning rate of 0.5 were used to predict
permeability.

5.4. K-nearest neighbour

To fine-tune a K-nearest neighbours (KNN) model, different
values of k (number of neighbours) were used to find the opti-
mal balance between bias and variance. Cross-validation was
used to assess the model’s performance with different k values
and select the one that gave the best results. Figure 17 shows
the variation of RMSE with varying values of k. For porosity
prediction, k = 4 performs best for the training data set. How-
ever, when both training and test data sets are considered, k = 2
serves best. On the other hand, for permeability prediction, k
=7 gives the best performance for both training and test data
sets. Based on these results, k=2 and k=7 for porosity and
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Figure 19. Predicted porosity vs. measured porosity for (a) LR, (b) ANN, (c) BDT, (d) RFR, (e) KNN and (f) SVR models (Note that middle continuous line indicates the
predicted porosity = measured porosity, upper dotted line indicates predicted porosity = 1.2 measured porosity and lower dotted line indicated the predicted porosity
=0.8 measured porosity).
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Table 8. Performance indicators for ML techniques used.

Train Test
R? RMSE (%) MAE (%) a20 R? RMSE (%) MAE (%) a20
ANN 0.9502 191 148 92.67 0.8958 2.87 2.23 89.33
KNN 0.9000 2.75 2.05 87.33 0.8805 3.06 2.20 88.00
SVR 0.9131 2.56 1.69 90.00 0.8685 3.47 2.57 85.33
RFR 0.9217 2.47 1.82 88.00 0.8721 3.29 2.33 88.00
BDT 0.9147 2.50 1.84 88.00 0.8693 3.26 2.40 88.00
LR 0.7992 3.83 2.88 72.00 0.7915 426 3.32 72.00

Figure 20. Taylor diagram showing the performance of the ML models. The red line represents the measured porosity.

Figure 21. Error distribution between predicted vs. measured porosity for various ML models.



Figure 22. Mean SHAP values for the RFR model.

Figure 23. SHAP Summary Plot for compressive strength using RFR model.

permeability prediction, respectively, were used for further
analysis.

5.5. Support vector regression

Its parameters must be optimised to improve the performance
of a Support Vector Regression (SVR). SVR can use linear and
non-linear kernels, such as the Radial Basis Function. A linear
kernel is a simple dot product between two input vectors, while
a Radial Basis Function is a more complex function that can
capture more intricate patterns in the data (Amari and Wu
1999). SVR has several hyperparameters, namely cost and
gamma, that can be adjusted to control the model’s behaviour.
Cost and Gamma are hyperparameters set before the training
model to control error and give curvature weight to the
decision boundary. Tables 5 and 6 summarise the variation
of R” and RMSE with different hyperparameters for predicting
porosity and permeability, respectively. The Radial Basis Func-
tion, with a cost of 4.43 and gamma of 0.16, performs better in
predicting permeability. For permeability prediction, the radial
basis function with a cost of 1.63 and gamma of 0.45 offers bet-
ter performance.

5.6. Selected hyperparameters

Based on the optimal features derived from several feature
selection models, six distinct machine learning algorithms
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have been employed to ascertain the algorithm that exhibits
the highest level of accuracy in forecasting deck conditions.
The analysis has focused on the most often observed ranges
of hyperparameters, given the large number of potential com-
binations. Table 7 summarises the hyperparameter value range
and optimal value employed in the current investigation for
the machine learning method. The evaluation of each model’s
performance was conducted by assessing the R* values on both
the training and test datasets to mitigate the risk of overfitting.

Standardising or normalising predictor variables in
machine learning is often beneficial when they vary on signifi-
cantly different scales. While standardising predictors is
usually recommended for many machine learning algorithms,
it may not be strictly necessary in some cases. Decision trees
and random forest models are mainly not sensitive to the
scale of predictor variables. These algorithms make decisions
based on relative comparisons between variables at each
split, so the scale of the variables does not affect their perform-
ance. However, Algorithms that rely on distances between data
points, such as k-nearest neighbours, can be sensitive to the
scale of the variables. However, in KNN, the distances may
cancel out the scale differences if the features are on different
scales but have similar variances. Some algorithms are inher-
ently robust to differences in scale. For instance, support vec-
tor regression with a radial basis function kernel can often
handle varying scales, and robust scaling techniques might
be sufficient. While standardisation is a good default
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Figure 24. Feature interaction plot: (a) UPV, (b) aggregate size, (c) compaction energy, and (d) A/C ratio.

Figure 25. K-fold validation results for (a) R? and (b) RMSE variation across the folds.



Table 9. Performance indicators for each model.
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Train Test
R? RMSE (cm/s) MAE (cm/s) a20 R? RMSE (cm/s) MAE (cm/s) a20
ANN 0.8893 0.43 0.28 58.00 0.7553 0.70 0.41 52.00
KNN 0.8533 0.51 0.33 4933 0.7026 0.77 0.48 4533
SVM 0.9145 0.38 0.23 62.00 0.7616 0.69 0.44 4267
RFR 0.8677 0.48 0.32 4933 0.7856 0.66 0.41 4533
BDT 0.9323 0.34 0.23 63.33 0.7574 0.70 0.46 4267
LR 0.7914 0.59 0.44 40.67 0.7048 0.78 0.52 4133

pre-processing step, the necessity depends on the specific
characteristics of both the algorithm and the data.

6. Prediction model for porosity
6.1. K-fold validation

The results of K-fold cross-validation are evaluated by an R*
and RMSE, as illustrated in Figure 18. All the models except
the LR model show a narrow range of R* and lower RMSE
for both train and test datasets. The RFR model shows an R*
between 0.92 and 0.94 for all the folds for training datasets,
which is the best out of all the ML models. However, KNN
offers better accuracy for test datasets than other ML models.
Overall, the RFR model performs exceedingly well in train-
ing and testing datasets. These results demonstrate no overfi-
tting issue for ML models except the LR model, and they can
be considered more reliable machine learning models for
prediction.

6.2. Performance indicators and correlations

Figure 19 shows how well the six ML models predicted the
porosity values compared to the actual measurements. The
RFR model had the most data points within the 20% error
margin, which means it was the most accurate model. The
ANN model had an a20-index of 92.67%, followed by the
SVR model with 90% for train datasets. The ANN model
has an a20-index of 89.33% for test datasets, followed by
the KNN, RFR and BDT models, all shown with 88%.
These results reveal the presence of outliers, suggesting
some inaccuracy. This could be due to errors in the exper-
imental measurement of porosity. Table 4 shows variations
in porosity even for a specific mix, particularly at zero com-
paction level. This is affecting the accuracy of the prediction
models. Using the average porosity value instead of individ-
ual values may be helpful to reduce error. However, this
would also reduce the number of datasets available for
analysis.

Table 8 presents the performance evaluation metrics for
each of the six ML techniques. The ANN model had the high-
est R? values of 0.9502 and 0.8958 for train and test datasets,
respectively. It indicates that the ANN model predicted poros-
ity very well. The linear regression model had the lowest R
value and the worst prediction. The other models had moder-
ate R” values between 0.90 and 0.92 for train datasets and 0.86
to 0.88 for test datasets. The KNN model also had the lowest
RMSE and MAE values, with high accuracy and precision
among all the tested models.

6.3. Performance of the ML models

This study assessed the model’s predictability using a Taylor
diagram. The model prediction and the actual porosity are
more consistent when the pentagram is closer to the measured
point, which represents similar statistical features as shown in
Figure 20. Among all the ML models, the ANN model is the
closest to the red line, while the linear regression model is
the farthest. The ANN model also has a higher correlation
value than other models, as indicated by its proximity to the
horizontal black line. The relative performance of different
machine learning models can depend on the specific character-
istics of the dataset and the nature of the prediction task.
ANN s are particularly well-suited for tasks where the relation-
ships between input features and the target variable are com-
plex and non-linear. If the porosity prediction problem
involves intricate dependencies that a complicated non-linear
model better captures, ANNs can excel. Also, ANNs can auto-
matically learn hierarchical representations of features through
their hidden layers. This feature learning ability allows ANNs
to discover and capture relevant patterns and representations
in the data, which may be challenging for ensemble methods
like RFR and BDT. A comparison of the closeness revealed
that the performance of the ML models was in the order of
ANN > KNN > BDT > RFR > SVR > LR.

6.4. Error distribution

Figure 21 displays each ML method’s error (predicted porosity
- observed porosity) for training and testing datasets. The
graph reveals that some of the observed data points are out-
liers, which means they have a significant error. This could
be attributed to some error in the experimental measurement
of porosity. The ANN model has more consistent prediction
accuracy than the other models, which have fewer scattered
errors. The ANN, KNN and RFR models have errors almost
equally distributed on both sides of zero, meaning they some-
times overestimate and underestimate the porosity. However,
the SVM model has an average error of — 0.36%, often under-
estimating the porosity. Therefore, using multiple statistical
metrics and graphical representations can help evaluate the
performance of predictive models more thoroughly.

6.5. Sensitivity analysis

Non-linear and complex models like ML sometimes act similar
to ‘black boxes’ due to their complexity (Shah et al. 2022).
SHAP (SHapley Additive exPlanations) is proven effective in
analysing complex machine-learning models with multiple
parameters (Quan Tran et al. 2022, Zhang et al. 2022a).
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Figure 26. Predicted permeability vs. measured permeability for (a) LR, (b) ANN, (c) BDT, (d) RFR, (e) KNN and (f) SVR models (Note that middle continuous line indi-
cates the predicted permeability = measured p permeability, upper dotted line indicates predicted permeability = 1.2 measured permeability and lower dotted line
indicated the predicted permeability = 0.8 measured permeability).
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Figure 27. Taylor diagram showing the performance of the ML models for input parameters such as compaction energy, A/C ratio, aggregate size and UPV.

SHAP is a unified approach to explaining the output of any
machine learning model. It is based on cooperative game the-
ory and assigns a unique contribution value to each feature for
a given prediction. The first step in SHAP analysis is to define
input and output parameters. In the context of machine learn-
ing, the process involves predicting the output for a given
instance based on the model’s features. The second step is to
generate a power set, which creates all possible combinations

(subsets) of features. This represents all possible coalitions of
features. The third step is to evaluate the contributions of
each coalition of features, calculating the model’s prediction
with and without the features in that coalition. The difference
in the predictions represents the marginal contribution of
those features to the model’s output. The fourth step is to cal-
culate Shapley values using the Shapley value formula, which
calculates the average marginal contribution of each feature

Figure 28. Error distribution of predicted value and measured permeability by ML models for considering input parameters as compaction energy, A/C ratio, aggregate

size and UPV.
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Figure 29. Mean SHAP values using RFR model by considering input parameters as compaction energy, A/C ratio, aggregate size and UPV.

Figure 30. SHAP Summary Plot for compressive strength using RFR model by considering input parameters as compaction energy, A/C ratio, aggregate size and UPV.

across all possible coalitions. The Shapley value for feature ¥ is
the average marginal contribution of feature i’ across all poss-
ible coalitions and is calculated using Equation (27) (Lundberg
and Lee 2017).

ZOESSS
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Where

N is the set of all features.

S is a subset of features that does not include 7.

f(S) is the model prediction for the subset S.

f(SU{d}) is the model prediction for the subset S, including
feature 7.

Shapley values represent the fair contribution of each fea-
ture to the model’s prediction for a given instance. The final
step is to summarise and visualise the results. The Shapley
values can be used to understand the impact of each feature
on the model’s output for a particular instance, and features
with higher Shapley values have a more significant influence
on the prediction. Visualise the Shapley values using different
plots, such as summary plots, power plots or waterfall charts,
to help interpret the results.

Since ANN had the best performance in predicting por-
osity, the SHAP results were obtained using the prediction
model of ANN model. Figure 22 shows the average SHAP
values for the porosity predictions based on the ANN

model for different features (independent variables). The
results indicate that UPV has the highest SHAP value (i.e.
the most impact on prediction) for the porosity prediction.
UPV is highly sensitive to changes in the structure and
composition of materials. Variations in porosity often result
in changes in the speed of sound waves through a material,
making UPV an effective tool for detecting and quantifying
porosity. The compaction energy also directly affects the
voids within a material. High compaction generally leads
to low porosity as they reduce the voids. Therefore, UPV
and compaction energy were the most influential par-
ameters in predicting porosity. While the aggregate size
and aggregate-to-cement ratio influences are essential in
determining pervious concrete’s overall composition and
strength, they may not be as directly related to porosity
or permeability as aggregate size or UPV. They are more
closely related to compressive strength. Therefore, UPV
shall be considered the critical factor in predicting porosity.
Moreover, all other input parameters had the lowest SHAP
values, suggesting they had little effect on porosity predic-
tion compared to UPV.

Figure 23 presents the SHAP summary plot for the porosity
predictions from the ANN model. The colour specifies the
range of the feature values. The horizontal axis shows the
SHAP value, representing the feature’s contribution to the por-
osity prediction. A red dot means the feature has a high and
positive SHAP value. This implies that a higher aggregate



Figure 31. Feature interaction plot: (a) UPV, (b) aggregate size, and (c) A/C ratio.

size has a higher porosity, while higher UPV and compaction
energy have a lesser porosity. The highest SHAP value, which
is 16 on the right side (positive), suggests that compared to the
average value, the UPV range used in this study can increase
porosity by 16%. Similarly, a SHAP value of - 13 on the far
left (negative) means that the porosity may decrease by 13%
below the average value if the UPV is increased. These
SHAP results show that the proposed hybrid ML models can
be interpreted more clearly using the game theory method,
and they also indicate that the model’s accuracy is acceptable.

Figure 24 shows the correlation between characteristics and
the porosity of pervious concrete. Figure 24(a) demonstrates
the relationship between UPV feature interaction and its direct
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impact on porosity. The combination of low compaction and
low UPV has a beneficial effect on porosity. Figure 24(b) illus-
trates the negative correlation between aggregate size and A/C
ratio, which leads to reduced porosity. The aggregate size fea-
ture exhibited positive and negative consequences, contingent
upon the A/C ratio. The impact of UPV on compaction energy
and A/C ratio is demonstrated in Figure 24(c) and (d), respect-
ively. Low UPV positively influenced porosity in cases with
insufficient compaction, while high UPV had a detrimental
effect on porosity as compaction energy increased. The influ-
ence of UPV on porosity exhibited a varied tendency in
relation to the A/C ratio.

7. Prediction model for permeability
7.1. K-fold validation

The results of K-fold cross-validation are evaluated by an R*
and RMSE, as illustrated in Figure 25. The RFR and BDT
models show a narrow range of R*> and lower RMSE for
train datasets and KNN models show better accuracy for test
datasets. The RFR model shows an R* between 0.86 and 0.89
for all the folds for training datasets, which is the best out of
all the ML models. However, KNN offers better accuracy for
test datasets than other ML models. Overall, the RFR model
performs exceedingly well in training and testing datasets.
These results demonstrate no overfitting issue for ML models
except the LR model, and they can be considered more reliable
machine learning models for prediction.

7.2. Performance indicators and correlations

The performance indicators of six ML models are presented in
Table 9. The permeability of pervious concrete predictions
made by all machine learning models except the linear
regression model had a strong correlation, as indicated by
the R* values ranging from 0.85 to 0.93 for train datasets
and 0.70 to 0.78 for test datasets. Among the analysed models,
the BDT model exhibits a reduced dispersion of data points, as
evidenced by its R* value of 0.9323 for train datasets and
0.7574 for test datasets. Also, it had lower RMSE and MAE.

Figure 26 shows the predicted and measured permeability
values for each of the six machine-learning models. The RFR dis-
plays more points inside the 20% error envelope. The BDT model
had inliers for permeability of 63.33% for train datasets and
42.67% for test datasets. The LR model shows only 40.67% of
data points inside the 20% error envelope for train datasets. Simi-
lar to porosity, this result reveals the presence of outliers,
suggesting some inaccuracy. This could be due to errors in the
experimental measurement of porosity. Table 4 shows variations
in permeability even for a specific mix, particularly for a mix with
alarger aggregate size. This is affecting the accuracy of the predic-
tion models. Using the average permeability value instead of indi-
vidual values may be helpful to reduce error.

7.3. Performance of the ML models

Figure 27 shows Taylor diagrams to evaluate the accuracy of
the permeability prediction. The model prediction and the
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Table 10. Summary of published literature on prediction models for porosity and permeability of pervious concrete.

No of ML algorithms Response Best ML
Ref Input parameters datasets used® parameter models Accuracy
Sun et al. (2019) Aggregate size, A/C ratio, W/C ratio 90 e LR Permeability SVR R? =0.9635,
e MLR RMSE =0.218
¢ SWR mm/s
lbrahim et al. (2014) Cement content, Water content, Aggregate 24 e MLR Permeability MLR R?=0.75
content, Aggregate size
Adewumi et al. (2016)  Aggregate size, Cement content, W/C ratio, 24 e SVR Porosity SVR R2= 0.8697,
Aggregate content RMSE = 3.452
mm/s
Le et al. (2022) A/C ratio, W/C ratio, Aggregate size, Sand content, 164 e ANN Porosity XGB R?=0.88,
Silica fume content e RFR RMSE = 3.2%
¢ SVM
e XGB
Huang et al. (2020) A/C ratio, Aggregate size, Aggregate gradation 69 e RFR Permeability RFR R?=0.8478
Almasaeid and A/C ratio, W/C ratio, Density 369 e MLR Porosity ANN R?=0.886
Salman (2022)? e ANN Permeability ANN R?=0.934
Shirgir et al. (2016)* Fine aggregate content, W/C ratio, Aggregate size, 20 ¢ ANN Permeability ANN R?=0.912
Aggregate gradation, Porosity RMSE = 0.798
mm/s
Present study ggregate size, A/C ratio, Compaction energy, UPV 225 e ANN Porosity ANN R?=0.8958
e KNN Permeability BDT R?=0.7574
e SVR
e RFR
e BDT
e LR

2Performance indicator for all datasets, for others it is for test datasets.

PANN - Artificial Neural Network, BDT - Boosted Decision Tree Regression, GPR —

Gaussian Process 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

observed permeability are more similar when the pentagram is
closer to the observation point. The linear regression model is
the most distant from the observation point among all the ML
models, while the BDT model is the closest. Moreover, the
BDT model has a higher correlation value than the others, as
indicated by its proximity to the horizontal line. An assessment
of the closeness demonstrated that the ranking of the ML
model performance is described in the following order BDT
>SVM > RFR > ANN > KNN > LR. Therefore, results indicate
that the BDT model outperforms other ML models regarding
prediction accuracy.

7.4. Error distribution

Figure 28 shows the error (difference between predicted and
observed permeability) of each ML method for training and
testing datasets. The graph indicates that some of the observed
data points are outliers, especially for the LR model, which
means they have a significant error. The BDT models has
more consistent prediction accuracy than other models with
more varied errors. The BDT models have the slightest error
range for permeability, from - 1.30 to 1.36 cm/s for train data-
sets and - 2.36 to 2.41 cm/s for test datasets, which are the nar-
rowest among all the ML models. Overall, BDT and RFR
models have the slightest error range compared to others.

7.5. Sensitivity analysis

Since BDT had the best overall performance, we used SHAP
analysis to explain the results of the BDT model. The main
idea behind SHAP is to compute the Shapley values for each
instance feature that needs to be explained. The Shapley values
indicate the contribution of each feature to the prediction.

Figure 29 shows the mean SHAP values for input parameters
based on the BDT model for different input parameters. The
UPV has the highest SHAP value for predicting permeability
among the input parameters. This means that UPV is the
most critical factor compared to other parameters for predict-
ing permeability. The speed of sound waves propagating
through a material, as measured by UPV, can be related to
the material’s permeability. Variations in UPV can occur due
to changes in permeability, which is influenced by factors
such as pore size and connectivity. Aggregate size also has a
significant effect on the ability to predict the permeability of
pervious concrete. Pervious concrete is characterised by sub-
stantial porosity and a network of interconnected voids. The
choice of aggregate size directly affects the size and arrange-
ment of voids within the concrete structure. Larger aggregate
sizes result in larger voids, which in turn increase permeability.
Increased particle size in permeable concrete results in larger
voids between particles, allowing for increased water per-
meability. This increased permeability improves the overall
permeability of the pervious concrete. Therefore, UPV and
particle size significantly influence permeable concrete’s per-
meability. The A/C ratio and compaction energy can affect
the density and compaction of materials, but their direct cor-
relation with permeability may not be as strong. However,
even the lowest value observed for the compaction energy,
which was 0.16, indicates that other input parameters also
have significant importance in predicting permeability.
Figure 30 shows the SHAP summary for permeability pre-
diction with different input values. The colour specifies the
range of the feature value, which represents how much the fea-
ture affects the expected outcome. The red dots on the right
indicate that increasing a particular input parameter increases
permeability. The blue dots, on the other hand, suggest that



increasing a specific parameter of input decreases per-
meability. For permeability prediction with all the input vari-
ables, UPV has the highest positive SHAP value of 3.5, which
means that permeability could be 3.5 cm/s higher than the
average value for the lower UPV values used in this study.
On the other hand, UPV has a negative SHAP value of - 1.5,
which means that permeability could be 1.5 cm/s lower than
the average value for the higher UPV values used in this
study. It is consistent with the SHAP mean values, which
measure the individual contribution of each feature. The
UPV strongly influences permeability deviation, as small
changes in UPV can lead to significant differences in per-
meability. On the contrary, the A/C ratio weakly influences
permeability deviation, as changes in the A/C ratio less affect
the permeability prediction. The SHAP analysis demonstrates
that using game theory to calculate SHAP values can help
interpret the ML models and validate their prediction
accuracy.

Figure 31 shows the correlation between characteristics and
the porosity of pervious concrete. Figure 31(a) demonstrates
the relationship between UPV and aggregate size feature inter-
action and its direct impact on permeability. There is no clear
trend on the partial dependency between aggregate size and
UPV with permeability. Lower UPV negatively impacts per-
meability more than higher UPV for small and medium aggre-
gate sizes. However, for larger aggregate sizes, lower UPV
positively impacts permeability more than higher UPV.
When the A/C ratio increases, an increase in aggregate
size positively influences the permeability, as shown in
Figure 31(c).

8. Comparison with previous works

Table 10 summarises the published literature and presents a
study on prediction models for the porosity and permeability
of pervious concrete utilising various machine learning tech-
niques. When multiple machine learning techniques were
used for comparison, the research conducted by Almasaeid
and Salman (2022) demonstrated that ANN models exhibit
high accuracy for predicting the porosity and permeability of
pervious concrete. Le et al. (2022) recommended XGBoost
for porosity prediction, and Sun et al. (2019) recommended
SVR for permeability prediction. Except for these studies, all
other studies are conducted with limited datasets. Also, except
Le et al. (2022), all other studies used limited machine-learning
techniques. In contrast to prior research, the present study
possesses many data sets and machine-learning methods. Fur-
thermore, the ANN model, which was suggested, exhibited
superior accuracy for porosity prediction with R* equal to
0.8958 for testing datasets. The BDT model performs better
for permeability prediction with R*=0.7574 for testing
datasets.

9, Limitations of the models

The proposed analytical model equation consists of four input
variables: compaction energy, A/C/ratio, aggregate size, and
UPV. This study’s ML models for permeability show a respect-
able agreement with the experimental values. However, it
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should be noted that the parameters considered are within a
limited range. The aggregate size varied from 5 to 25 mm,
the A/C ratio varied from 3 to 5, and the compaction varied
from 0 to 60 blows. In future research, it is essential to consider
a wide range of values for these parameters, as parameters out-
side this range may be used for onsite applications. Also, sev-
eral other factors influence the permeability of pervious
concrete, such as aggregate gradation, fine content, water-to-
cement ratio, etc. The models derived in this study may
reflect the effect of those missing variables that are implicitly
included in the model. Moreover, adding more data could
improve the machine learning model’s performance. There-
fore, it is required to maintain the extensive data set for
mixed parameters, UPV, porosity and permeability of pervious
concrete.

Conventional soft computing techniques such as ANN, ran-
dom forest regression, boosted decision tree regression and
support vector regression used in this study have their
strengths and limitations. Although these techniques have
shown excellent performance in predicting porosity, their per-
formance in predicting permeability is not up to the mark. Due
to their limited expressiveness and reliance on hand-crafted
rules, these techniques can struggle to capture complex and
non-linear relationships in the data. They also often require
manual feature engineering, which can be time-consuming
and may not capture all the relevant information in the data.
Deep learning models, with their deep neural architectures,
excel at learning complex hierarchical representations, auto-
matically extracting features and capturing non-linear patterns
in data, allowing for more flexible and powerful represen-
tations. Deep learning models can also automatically learn
hierarchical features from raw data, eliminating the need for
extensive manual feature engineering. This capability is par-
ticularly beneficial when dealing with high-dimensional or
unstructured data.

10. Conclusion

This study proposes a framework for predicting the porosity
and permeability of pervious concrete using machine learning
techniques. Two hundred twenty-five experimental specimens
(data points) were used to train and test the models. Six
machine learning techniques were customised and trained as
baseline predictors: linear regression, artificial neural net-
works, boosted tree regression, random forest regression, K-
Nearest Neighbor and support vector regression. The main
findings of the study are:

e ANN showed best-predicted porosity among the ML
models evaluated in this study (R*=0.9502, RMSE =
1.91% for training datasets and R?=0.8959, RMSE =
2.87% for testing datasets). The scatter plots showing the
relationship between the actual and predicted porosity
values show that the models accurately fit both the training
and test datasets, as indicated by the observed values.
Nevertheless, the ANN model demonstrates superior per-
formance with an accuracy of 92.6% on the training datasets
and 89.3% on the test datasets, which fall below a 20%
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margin of error. It, therefore, gives the most accurate
predictions.

o The boosted decision tree regression model performed bet-
ter than other models for permeability prediction. It has
performance indicators of R*=0.9323 and RMSE =
0.34 cm/s for training datasets and R*=0.7574, RMSE =
0.70 cm/s for testing datasets, respectively. The scatter
plots showing the relationship between the actual and pre-
dicted porosity values indicate that the models fit the train-
ing and test datasets less accurately. Nevertheless, the
boosted decision tree regression model demonstrates better
performance with an accuracy of 63.3% on the training
datasets and 42.7% on the test datasets, both of which fall
below a 20% margin of error.

A sensitivity analysis aims to examine the impact of expla-
natory variables on the porosity and permeability. The
findings indicated that the order of relative significance of
explanatory variables employed in ANN for predicting por-
osity was as follows: UPV > compaction energy > aggregate
size > A/C ratio. The order for predicting permeability
using a boosted decision tree regression model is UPV >
aggregate size > A/C ratio > compaction energy. According
to the feature importance analysis using SHAP, the par-
ameter that has the most significant impact on predicting
the porosity of pervious concrete is UPV.

The present work systematically evaluates the permeability
prediction of pervious concrete, which can contribute to the
knowledge base and be applied in the real world. Material
scientists and designers can use reliable prediction models to
select the optimal input variables and the suitable mix par-
ameters for producing pervious concrete with the desired
properties.
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