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Abstract

The strength of permeable concrete pavement (PCP) decreases as porosity increases; its
water permeability depends on this porosity. Using the PRISMA 2020 guidelines, 28 open-
access studies (337 mixtures) were selected that reported measured porosity, strength at
28 days, and filtration coefficient. Strength was predicted by a neural network, whose loss
function incorporated the relationship between strength and porosity, its monotonically
decreasing trend, and physical constraints. In the test studies, R? was 0.74; when excluding
one study at a time, it was 0.31 (the network without physical terms yielded 0.43 and 0.25,
and linear regression yielded 0.49 and 0.45); the differences between the models are not
statistically significant. The contribution of porosity to the SHAP prediction (4.9 MPa)
is an order of magnitude higher than that of the water-to-cement ratio and aggregate
parameters. The filtration coefficient cannot be extrapolated to new studies; it was estimated
by calculating the Boltzmann lattice equations for 500 virtual samples with a correction
factor of p = 0.020. Using the NSGA-II method, mixtures with strengths of 10.0-22.1 MPa,
porosity of 15-26.5%, and a carbon footprint of 311-397 kg CO,-eq/m?® were obtained. In
the EPA SWMM model for a 5-hectare watershed, a surface treatment using any of these
mixtures reduces peak discharge by 96-100% during storm events with a return period of
2-50 years; permeability affects the result only when k < 0.01 cm/s. The composition should
be selected based on strength and carbon footprint, while hydraulic efficiency should be
ensured by the surface area of the pavement and the storage capacity of the subgrade. The
results were obtained through calculation and require experimental verification.

Keywords: permeable concrete; physics-informed machine learning; multi-criteria opti-
mization; NSGA-II; Boltzmann lattice equations; EPA SWMM; stormwater management;
sponge cities; low-impact development
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1. Introduction

Rapid urbanization and global climate change are leading to an increase in the fre-
quency and intensity of extreme storm events, which causes critical overload of traditional
urban stormwater drainage systems. In response to these challenges, the concept of “sponge
cities” and low-impact development technologies offer a model for decentralized stormwater
management directly at the source [1].

As a key engineering tool, permeable concrete pavements (PCPs) have proven to be an
effective solution that facilitates surface water infiltration, replenishes aquifers, and reduces
the “urban heat island” effect [2,3], as confirmed by review studies on the materials science
and performance characteristics of PCP [4]. However, the widespread adoption of PCP is
hindered by a fundamental materials science trade-off between its filtration capacity and
mechanical strength. The permeability of concrete depends directly on its effective porosity,
which, in turn, exponentially reduces the material’s compressive strength. This nonlinear
relationship is traditionally described by the Ryshkevich equation:

fc =1y -exp(—b-P.) (1)

where f.—compressive strength, MPa; f,—compressive strength at zero porosity, an approx-
imation parameter, MPa; b—empirical coefficient; and P.—porosity, %.

Traditional approaches to designing PBP mixtures rely on empirical methods and
laboratory trialanderror. This process is resource-intensive, time-consuming, and does
not allow for effective exploration of the multidimensional parameter space (fractional
composition of coarse aggregate, water—cement ratio, type and dosage of chemical admix-
tures) [5,6]. In recent years, machine learning methods have been actively used to predict
concrete properties [7-9]. However, standard algorithms operate as “black boxes” and
do not account for physical laws, which can lead to physically incorrect predictions when
extrapolating beyond the training sample [10].

To overcome the limitations of the approach described, which is based on data, the
scientific community is shifting toward the use of Physics-Informed Machine Learning
(PIML) [11]. This approach integrates physical relationships (e.g., the relationship between
strength and porosity or the condition of its monotonically decreasing behavior) directly
into the neural network’s loss function [12,13].

At the same time, multi-criteria optimization (e.g., the NSGA-II algorithm) al-
lows for the identification of Pareto-optimal compositions under several conflicting
requirements [14].

However, a significant methodological gap exists in the scientific literature: most
studies optimize material properties exclusively at the microscale, ignoring their integrated
impact at the macroscale—namely, the hydrological response of an urban watershed when
modeling storm events [13,14]. There is no unified computational pipeline linking the
generation of a virtual microstructure, PIML strength prediction, and hydrological modeling
(e.g., in the EPA SWMM environment) [15]. To confirm the claimed novelty, the proposed
framework was compared with the three most closely related studies, which cover individual
aspects of the pipeline (Table 1).

As can be seen from the comparison, each of the three studies addresses only one
level of the problem: Refs. [13,14] focus on materials science (physically informed and
data-driven, respectively), while ref. [15] focuses on hydrology: it optimizes the placement
of LID measures in SWMM but does not link them to material composition. None of
them integrates microstructure generation, physicallyinformed strength prediction, and
hydrological modeling of a watershed into a single reproducible computational pipeline—it
is precisely this combination, rather than the individual components, that constitutes the
claimed novelty of this work.
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Table 1. Comparison ofthe proposed framework with the most relevant studies from 2022-2026 in
terms of method, simulation level, and the presence of experimental validation.

Work Method Simulation Level Experimental Validation
PRISMA dataset — PIML
srengh (ke ol st
This work estimation of k(Pc) using LBM ope:ali(i:(l;(r)lsatlr;;:)?eit;s of None (computational, in

with p correction — NSGA-II
within the model’s
applicability domain — EPA

the PBP — hydrological
response of the watershed

silico modeling only)

SWMM
Materials science
PINN with a physical . ! Yes—calibrated usin
EcoBlendNet (Rahman constraint on tllfe Zement micro-scale (cement paste experimental data or%
& Lu, 2024, ]. Cleaner hydration PDE cell ~100 x 100 ym); no adpiabatic heating for
Production) [13] (adiabatic heating) integration with coating or 3 compositions

hydrology

Chen et al. (2022,
Cement and Concrete
Composites) [14]

RF (feature selection) +
LSSVM (property prediction,
without physical constraints)

Materials science (design
of high-quality concrete
mixtures; no integration

with pavement or

Available—data from a
real-world project
(Sunyuan-Tongyu

+ NSGA-II hydrology) Expressway)
Calibration of SWMM using a
neural network with . :

Li, Xu, Hu (2026, ] parameters selected by a Hydrological: residential reiy&%;iﬂgfﬁgiiign
! H ’ drologic e modified sparrow search and office district (Xi'an); of 85.9% in r’uno  and
En ine};rin %01 31 algorithm; surrogate deep the composition and 86.1% i.n S(llS ended solids

& & YOL 2L neural network + NSGA-II for properties of the pavement o b
No. 3) [15] was obtained through

selection of LID measures
based on cost, runoff, and
suspended solids

material are not considered

calculation

The objective of this work is to construct a reproducible computational chain for

designing the composition of the PBP (“literature data — strength model with physical

constraints — permeability estimation using the LBM — multi-objective optimization —

hydrological model of the watershed”) and to determine which of its links are transferable

to data from new studies.

The scientific novelty of this work lies in the following:

The strength model was evaluated by transferring it to studies not included in the
training set; the physical terms of the loss function increase the neural network’s R? on
test studies from 0.43 to 0.74 and, upon sequential exclusion of studies, from 0.25 to
0.31; however, based on confidence intervals, the differences between PIML, a network
without physical terms, and linear regression (0.45) are statistically insignificant.

It was established that the filtration coefficient derived from the literature data is not
transferable across studies, and a method for estimating it based on LBM calculations
with a constant correction factor was proposed; the absence of a trend in this factor
with respect to porosity was verified statistically.

Hydrological calculations show that, within the obtained Pareto front, the concrete
composition does not affect runoff, and a permeability threshold (0.01 cm/s) has been
determined, which defines the safety margin against clogging.

Limitations of the study: All quantitative results presented in this work were obtained

using computational modeling methods and require subsequent experimental validation;

https://doi.org/10.3390/eng7110612


https://doi.org/10.3390/eng7110612

Eng 2026, 7, 612

4 0f 25

a detailed discussion of the study’s limitations, key assumptions, and a plan for further
testing is provided in Section 4.4.

2. Materials and Methods

The computational workflow consists of five stages: generating a set of experimental
data according to the PRISMA guidelines; calculating the permeability of virtual samples
using the LBM and scaling it to the experimental level; training and validating a strength
model with physical constraints and interpreting it using the SHAP method; multi-objective
optimization of the composition; and simulation of runoff in EPA SWMM. Verification of
the LBM solver, data partitioning, and calculation of the correction factor were performed
in MATLAB R2025b; the calculation of 500 LBM samples was carried out using the same
procedure in Python 3 with Numba compilation (on the test problem, both implementations
match to the fourth decimal place). The strength model, SHAP, NSGA-II, and SWMM
scenarios were implemented in Python 3.14.8 (PyTorch, scikit-learn, swmm-toolkit).

2.1. Dataset Creation and Permeability Calculation Using the LBM
2.1.1. Systematic Literature Review and Data Structuring

Experimental data were collected through a systematic search of open-access publica-
tions following the PRISMA 2020 guidelines [16] (Figure Al); the search was conducted on
7 October 2026. In Europe PMC, the following query was used: (“pervious concrete” OR
“porous concrete” OR “permeable concrete” OR “no-fines concrete”) AND (permeability
OR “hydraulic conductivity”) AND (porosity OR “void ratio” OR “void content”) AND
“compressive strength,” restricted to open-access full text (238 records). A search on the
MDPI website yielded an additional 93 records, and a general web search found 4 studies.
After removing 35 duplicates based on title and abstract, 296 records were reviewed. The
full text was evaluated for 136 studies: 132 from databases and 4 from the web search.

We included studies on permeable concrete made with Portland cement in which
the water—cement ratio (W/C), aggregate dosage or maximum aggregate size, measured
porosity, compressive strength at 28 days, and filtration coefficient were specified for each
mixture. The filtration coefficient is included in the inclusion criteria, although the model
predicts only strength: the measured values of k were used to calibrate the correction factor
p of the LBM model (Section 2.1.2).

In total, 108 studies were excluded for the following reasons:

e  Results presented only in graphs—37;

e Different binder or material—26;

e  Filtration coefficient not determined—20;

e  The composition of each mixture was not provided, or the study was a review—10;
e  Strength was not determined at 28 days—?5;

e  Porosity was not measured—>5;

e  Strength not determined—4;

e  Unreliable data—1.

The final dataset included 337 observations from 28 studies conducted between 2017
and 2026 [17-44]. The list of studies, the number of compositions, and their assignment to
samples are presented in Table A2.

Only values listed in tables or in the text for a specific composition were included
in the dataset; data from graphs were not digitized. Each value of fc, Pc, and k was
cross-checked against the full text of the source. If both total and effective porosity
were reported, the effective porosity was used; the filtration coefficient was converted
to cm/s. For each observation in the dataset, the shape and size of the sample are speci-

https://doi.org/10.3390/eng7110612


https://doi.org/10.3390/eng7110612

Eng 2026, 7, 612

50f25

fied (100- and 150-mm cubes—134 observations; 100 x 200, 104 x 208, and 150 x 300-mm
cylinders—68; other or unspecified—135), the method used to determine the filtration coef-
ficient (variable head—95, constant head—74, other or unspecified—168), and the method
used to determine porosity. The strength of samples of different shapes relative to the
reference standard was not recalculated. The microsilica content is expressed relative to
the binder mass; nanosilica [41] and microsilica as part of a composite additive [34] are
accounted for in the same variable as an active silica-based additive. In 78 observations
from 7 studies, only one of the two aggregate parameters was specified: the dosage was
not specified in 57 observations, and the maximum particle size was not specified in 21.
Missing values were replaced with the median of the training sample. The characteristics
were standardized using the mean and standard deviation of the training sample. The
dataset, the selection log with reasons for exclusion, and the value carryover tables are
available in the repository.

The division into training, validation, and test sets was performed at the study level: all
observations from a single study were assigned to a single set. Observations from a single
study were obtained using the same equipment, from the same batch of materials, and
following the same testing methodology. If they had been included in both the training and
test sets simultaneously, the model might have captured the characteristics of the laboratory
rather than the dependence of strength on composition, and the accuracy metrics (Table 2)
would have been overestimated. For the same reason, publications by a single research
team were placed in a single set. Of the 28 studies, 20 were assigned to the training set
(236 observations), 4 to the validation set (51), and 4 to the test set (50), corresponding to a
ratio of 70/15/15%.

Table 2. Accuracy of strength prediction on the test sample (4 studies, 50 observations) and when
excluding one study at a time (28 studies, 337 observations).

Model Test: R? RMSE, MPa MAE, MPa  Across Studies: R2 RMSE, MPa MAE, MPa
PIML 0.742 3.99 3.34 0.311 6.94 5.03
DNN 0.430 5.92 4.83 0.249 7.25 5.33
Formula (1) 0.696 4.32 3.72 0.303 6.98 5.24
Linear regression 0.494 5.59 4.38 0.448 6.21 4.82
SVR 0.131 7.32 6.03 0.073 8.05 6.00
XGBoost 0.557 5.23 421 0.317 6.91 5.38
LightGBM 0.440 5.87 4.68 0.286 7.07 5.51

2.1.2. Numerical Simulation of Microstructure (LBM)

The Lattice Boltzmann Method (LBM) was used to estimate the filtration coefficient.
This method allows for the calculation of flow directly within the pore space of a given
geometry [45].

The calculation included the following steps:

1.  Construction of microstructures. A total of 500 virtual samples of permeable concrete
with dimensions of 100 x 100 x 100 voxels were generated. Spherical aggregate grains
with a nominal diameter d,,, ranging from 5 to 20 mm (£20% variation) were placed
using the random sequential addition (RSA) method, starting with the largest grains.
The centers of the grains were distributed within a region extended by the grain radius
to prevent the formation of a sparse layer at the sample boundaries. Then, using
morphological dilation, a cement paste shell with a thickness ranging from 0.25 to
0.50 times the grain radius—but no less than one voxel—was applied to the grains. The
volume fraction of aggregate ranged from 0.31 to 0.42, and the porosity of the samples

ranged from 7.8 to 48.1% (median 23.5%). For identical spheres, random sequential
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packing reaches saturation at a volume fraction of approximately 0.38 [46]; higher
values were obtained due to the spread of diameters, while lower values correspond
to large grains, of which there are few in the computational domain. This fraction is
lower than in real permeable concrete; therefore, the required solid-phase content is
provided by the cement paste shell, which corresponds to the material’s structure. The
porosity range of the virtual samples covers the experimental range (6.3-36.5%), with
the exception of 7 mixtures with porosity below 7.8%.

A voxel size of 0.5 mm (with a computational domain side length of 50 mm) was chosen
as a compromise between the resolution of the pore channels and the size of the domain.
The characteristic pore size of permeable concrete is 1.5-5 mm [47]; therefore, the pore
diameter corresponds to 3 to 10 lattice nodes. Based on the power-law relationship
between the error and resolution, |ex| ~ 0.6-B(19), where B is the number of nodes
per channel diameter [48], the error in determining permeability ranges from 1.5
to 10%. The edge of the region is equal to 2.5 times the nominal diameter of the
largest aggregate (20 mm), and, taking into account the size distribution, 2.1 times the

diameter of the largest grain. Therefore, for mixtures with d,,, > 15 mm, LBM results

agg
should be considered approximate.

Flow calculation. The discrete LBM equation takes the form:
fi(x + ¢ Att + At) — f;(x,t) = —1/7 [f; (x,t) — £;°9(x,1)]

where f; is the distribution function in the i-direction, ; is the velocity vector, f;°1 is the
equilibrium distribution function, T is the relaxation time, and At is the time step.

A D3Q19 grid with a single relaxation time (BGK) was used, as in [49], where the
permeability of the reconstructed permeable concrete was calculated for a domain
of 100 x 100 x 100 nodes. We set T = 1.0, which yields a kinematic viscosity in grid
units of v = (t — 0.5)/3 = 1/6 [50]. In the range 0.5 < T < 1.0, the error of the BGK
scheme with bounce-back reflection remains acceptable [51]; when T > 1, the calculated
permeability begins to depend on viscosity [52]. Boundary conditions:

- At the solid-phase surface: bounce-back reflection;

- At the inlet and outlet faces—constant pressure according to the Zou-He
scheme [53], with a density ratio pin/pout = 1.001;

- The side faces are impermeable, as in [49];

- Three layers of free liquid were added in front of the inlet face and behind the
outlet face [51].

The pressure drop was determined based on cross-sections at the sample boundaries,
rather than on the buffer layers [48]. The calculation was terminated when the relative
change in the sample-averaged filtration rate over 1000 steps became less than 5 x 10~
(maximum number of steps—30,000). The residual error k under this criterion is
comparable to 0.05%. Convergence required between 2000 and 29,000 steps (median:
4000). The Mach number did not exceed 1.7 x 1073 in any of the calculations; therefore,
the compressibility of the grid fluid can be neglected [50]. The pore Reynolds number
was below 0.1, meaning the flow remained within the applicability range of Darcy’s
law. The flow rate imbalance between the inlet and outlet did not exceed 1%. The
solver was tested on flow in a square-cross-section channel: the deviation from the
exact solution was 0.37% for a 20 x 20 grid. Simulations without a connected pore
cluster in the flow direction that did not meet the convergence criterion or had a flow
imbalance of more than 1% were replaced with a new mesh configuration using a
different generator seed; there were 42 such simulations. A complete list of parameters
is provided in Appendix A (Table Al).

https://doi.org/10.3390/eng7110612


https://doi.org/10.3390/eng7110612

Eng 2026, 7, 612

7 of 25

(a)

()

2, was calculated using Darcy’s law

where 1 is the dynamic viscosity; (u) is the filtration rate averaged over the entire
volume of the sample, including the solid phase. The filtration coefficient was calculated
ask =kpg/y for p =998 kg/m> and p = 1.0 x 1073 Pa-s (water, 20 °C) and was expressed
in cm/s, as were the experimental data. Each of the 500 microstructures yielded one
pair of “porosityfiltration coefficient” values. Porosity was determined by counting

3. Calculation of permeability. The permeability x, m
based on the steady-state filtration rate at a given pressure gradient VP:
k= —u(u)/VP
the pore voxels.
4.

Comparison with Experiment. The calculated values of k were compared with exper-
imental data from 20 studies in the training sample across the entire porosity range.
The range of 20-35% was divided into intervals 2.5% wide. In each interval containing
at least five experimental and five calculated data points, the difference between the
mean logarithms In k.., — In k; gy was calculated. Five intervals (20-32.5%) satisfied this
condition. LBM overestimates the filtration coefficient: the average ratio K., /ky gy was
p = 0.020 (95% CI 0.012-0.032, bootstrap across studies). The slope of the relationship
In(keyp /kipm) versus porosity is insignificant (0.022 per 1%, p = 0.51). Consequently,
LBM captures the shape of the k(P,) relationship, while the discrepancy in magnitude is
constant. The calculated values of k are multiplied by pB; the original values are retained
in the dataset as a separate column. The calculation sequence is shown in Figure 1.

(b)

RSA packing with cement paste shell
100 x 100 x 100 voxels, flow along z

Mid-plane y = 25 mm and
boundary conditions
inlet p;, —  outlet pou

50 4

0 -

0 10 20 30 40 50
z (flow direction), mm

X mp, 50 0
Velocity in the mid-plane
(solid phase in grey)

0
10 [T aggregate
B cement paste
[ pore

107! oA 3 buffer layers,
=== Zou-He pressure

=== impermeable wall

04V ity

P.=257%

107

0 10 20 30 40 50
z (flow direction), mm

Figure 1. Permeability calculation using the LBM on a virtual sample (P, = 25.7%, d

dyge = 11.6 mm
k=7.05x10"" m?
krgy = 69 cm/s
Pkrsm = 1.37 cm/s

agg

=11.6 mm):

(a)—packing of aggregate grains with a cement stone shell (100 x 100 x 100 voxels, 50 x 50 x 50 mm);

(b)—cross-section and boundary conditions; (c¢)—relative filtration velocity in the same cross-section. For
this specimen, k = 7.05 x 1078 m?, k = 69 cm/s; after multiplication by p = 0.020, the result is 1.37 cm/s.

The corrected relationship log;ck = —0.00130-P.2 + 0.1137-P, — 1.967 (k in cm/s, P,
in %) is used as an estimate of the filtration coefficient in Sections 2.3 and 2.4. The standard
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fe (28 d), MPa

deviation of the experimental values from the training studies relative to this relationship is
0.435 in decimal logarithms. The +1.96 standard deviation band corresponds to a deviation
from the mean of between 1/7 and 7 times the mean and covers 88% of the experimental data
points (Figure 2b). Calculated data were not included in the training of the strength model.

(a) o 28 studies (n = 337) (b) ° experimental S
50 1 Eq. (1): 45.1-exp(—0.0566-P.) 10! 4 B-kism
L +1.96 SD band (88 % of data)
40 A
o 1073
30 4 g ]
[3)
o |
20 A 1071 4
10 A °
10,2 3 . c. o ©
0 a T T T T T
20 30 10 20 30

Porosity Pc, % Porosity Pc, %

Figure 2. Compressive strength at 28 days (a) and filtration coefficient (b) as a function of porosity:
data points—337 compositions from 28 studies; the line in panel (a)—Equation (1) based on the
training studies; the line and gray band in panel (b)—the LBM dependence normalized to the
experimental level by the factor B, and its uncertainty band (+1.96 standard deviation).

2.2. Strength Model
2.2.1. Problem Statement and Comparative Models

The model’s output is the compressive strength at 28 days, f.; the inputs are the water-
to-cement ratio (W/C), the mass fraction of coarse aggregate in the dry components, the
mass fraction of microsilica in the binder, the porosity P () and the maximum aggregate
size. The filtration coefficient was not predicted by machine learning: when tested with
out-of-sample data, none of the models (gradient boosting, linear regression, the Kozhen-
Karmann formula) predicted log; k for the new test data better than their mean value
(R? < 0). The discrepancy is attributed to differences in measurement methods between
laboratories (constant and variable pressure, sample size, porosity determination) rather
than to the composition of the mixture.

We compared a physics-informed neural network (PIML), the same network without
physics-based terms (DNN), Formula (1), linear regression, radial basis SVR, XGBoost,
and LightGBM. Performance was evaluated in two ways: on a test set consisting of 4 studies
(50 observations) and by sequentially excluding each of the 28 studies (leave-one-study-out).
Metrics used were R?, RMSE, and MAE.

2.2.2. Physically Informed Loss Function

All models are implemented in Python 3.13. The PIML model and the network without
physical terms are written in PyTorch 2.14; the parameters of Equation (1) were estimated
using the least-squares method for In fc (NumPy 2.5). Linear regression and SVR were
implemented using scikit-learn 1.9, while gradient boosting was implemented using the
XGBoost 3.4 and LightGBM 4.7 libraries. For linear regression and SVR, the inputs were
standardized based on the training set; SVR parameters: C = 30, ¢ = 0.5. The XGBoost and
LightGBM models each contained 400 trees with a learning rate of 0.03. The parameters of
the base models were set in advance and were not tuned. Metrics and the study exclusion
procedure were calculated using custom code (NumPy, pandas).
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L = Ldata + )\R ‘LR + )\MLM + )\BLB (2)

where L, is the root-mean-square error based on experimental data; Ly is the devia-
tion of the prediction from Equation (1), whose parameters (f, = 45.06 MPa, b = 0.0566)
were determined from training experiments (Figure 2a); L, is the penalty for a positive
derivative of./dP,, calculated by automatic differentiation; and Lj is the penalty for the
prediction falling outside the range of 0-70 MPa. The physical terms are computed at
collocation points that uniformly cover the training data region with a 10% margin, rather
than only at the data points. The architecture (32-16 neurons, tanh), learning rate (1073),
and Ap = 3 were selected based on validation studies from among 12 options; Ay; = A = 1.
Training—Adam [54], batch size 64, no more than 1500 epochs with early stopping if the
error on the validation set does not decrease for 100 epochs; at each step, the physical
terms are computed at 256 random collocation points. For Az = 0.3, 1, and 3, R? on the
validation set was 0.44, 0.52, and 0.53, respectively. A network without physical terms
(DNN, A = Ay = Ag = 0) serves as an ablation comparison. The forecast is the average of
five networks with different initializations.

2.2.3. Interpretation (SHAP)

The contribution of inputs to the PIML prediction is estimated using Shepley val-
ues [55], calculated by the permutation sampling method [56]. Threshold values were
determined using a two-segment piecewise-linear regression of the SHAP value as a func-
tion of the variable. The significance of the break was tested using the F-test against a
linear relationship, and the confidence interval for the break point was determined using
bootstrapping (300 repetitions).

2.3. Multi-Objective Optimization (MOO)
2.3.1. Formalization of Objective Functions

The mix design is formulated as a multi-objective optimization problem using the
PIML strength model. The vector of design variables x includes the water-to-cement ratio,
the coarse aggregate content, the microsilica content, and the porosity P..

The optimization aims to simultaneously achieve three conflicting objectives:

1. Maximizing porosity F; (x) = max P, which determines the coating’s capacity and,
via the relationship in Section 2.1.2, its water permeability.

2. Maximizing structural integrity: F,(x) = max(f.(x)), where f, is the compressive
strength, MPa.

3. Minimization of environmental impact: F3(x) = min(GWP(x)), where GWP is the
global warming potential (carbon footprint), kg CO,-eq/m?, calculated based on the
emission factors of the mixture’s ingredients (cement, aggregates, admixtures) [57].

The component consumption per 1 m® was determined using the absolute volume
method based on the water-to-cement ratio, the aggregate content, the microsilica content,
and the porosity P, assuming a density of 3150 kg/m? for Portland cement, 2200 kg/m? for
microsilica, 2650 kg/m? for aggregate, and 1000 kg/m? for water. Emission factors (stages
A1-A3) are based on ICE v3.0 [58], kg CO,-eq/kg: Portland cement 0.900; aggregate 0.005;
water 0.0003; for microsilica as a byproduct —0.014.

Constraints: fc > 10 MPa (pedestrian pavements, ACI 522R-10 [59]); Pc > 15%. The
variables are constrained to the 5-95th percentile range of the training data: W/C 0.22-0.35,
aggregate content 71.8-81.9%, microsilica 0-8.3%, P. 15-29.5%; the aggregate size was set at
9.5 mm. Additionally, it was required that the average distance to the five nearest training
compositions in the normalized input space not exceed the 95th percentile of this distance

https://doi.org/10.3390/eng7110612


https://doi.org/10.3390/eng7110612

Eng 2026, 7, 612

10 of 25

within the training sample. This prevents the optimizer from venturing into regions where
the model is not supported by data.

2.3.2. NSGA-II Algorithm

The NSGA-II algorithm [60] was used, with limited dominance, simulated binary
crossover, and polynomial mutation (population of 200, 200 generations). The optimization
was repeated 30 times with different initial generator numbers. Set A consists of the
solution with the highest strength, Set B consists of the solution with the highest porosity for
f. > 10 MPa, and Set C consists of the solution closest to the ideal point in the normalized
objective space for f. > 15 MPa.

2.4. Integration with a Hydrological Model (SWMM)

The hydrological effect was evaluated using EPA SWMM 5.2 [61] (Python interface
swmm-toolkit). The pavement was modeled using the Permeable Pavement module, whose
performance was verified in [62]. A 150-mm-thick concrete layer has a void ratio P,/ (1 — P,)
and a permeability of k x 36,000 mm/h, where k is the value from Section 2.1.2 for the
material’s porosity (cm/s). The calculation was performed for the central estimate of k and
for the lower bound of its uncertainty interval (+1.96 standard deviation). A 300-mm-thick
crushed-stone base has a void ratio of 0.40 (porosity of 0.29), infiltration into the underlying
soil is 5 mm/h, there is no drainage, and clogging was not modeled.

The 5-hectare catchment area consists of 60% impervious surfaces; infiltration in per-
meable areas is described by the Horton model (76.2 — 12.7 mm/h). The watershed is 200 m
wide with a 1% slope; the Manning roughness coefficient is 0.012 for impervious surfaces and
0.15 for permeable surfaces, with depression retention of 2 and 5 mm, respectively (for 25%
impervious area—no retention); the pavement surface has no curb, a roughness coefficient of
0.015, and a slope of 1%. In the baseline scenario, impervious surfaces are made of asphalt. In
scenarios with PBP, 1.5 ha of impervious area are replaced with permeable pavement, which
also receives runoff from the remaining 1.5 ha of impervious surfaces (area ratio 1:1).

The design storm events are not tied to a specific city. The intensity was determined
using the formula in SN RK 4.01-03-2011 [63]:

q =y 20" (1+1gP/lgm,)7/t" (3)

where q is the average rainfall intensity over a duration of t, L/(s-ha);

t—the duration of the rainfall, min; gyy—rainfall intensity over a 20-min period with a
return period of P = 1 year, L/(s-ha); P—return period of the design intensity (recurrence
interval), years; n, y—exponents; and m,—average number of rainfall events per year.

Values typical of a temperate continental climate are used: q,y = 80 L/(s-ha),
n = 071, m, = 150, v = 1.54. The intensity is converted to mm/h using the ratio
1L/(s-ha) = 0.36 mm/h; the precipitation layer over time t is equal to q-t.

Histograms covering a 3-h duration with 5-min intervals were constructed using the
alternating blocks method [64], with a peak at 40% of the duration for return periods of 2,
10, and 50 years. The precipitation depth was 22.2; 32.5, and 44.2 mm, respectively, and the
maximum 5-min intensity was 94, 138, and 187 mm/h. Additionally, for the 50-year storm,
permeability ranged from 1 to 10~ cm/s. The runoff balance error in all calculations does not
exceed 0.15%.

3. Results
3.1. Accuracy and Reliability of ML Models

On the test set, PIML yielded R? = 0.742 (RMSE 3.99 MPa, MAE 3.34 MPa), the network
without physical terms yielded R? = 0.430, the formula (1)—0.696, XGBoost—0.557, linear
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regression—0.494, LightGBM—0.440, and SVR—0.131 (Table 2). When excluding one
study at a time, the values are lower: PIML—0.311, Formula (1)—0.303, XGBoost—0.317,
DNN—0.249, and linear regression—0.448. Physical terms reduce the neural network’s
transfer error to new studies but do not provide an advantage over a simple linear model:
a significant portion of the strength variation (MAE 5 MPa) is determined by differences
between laboratories that are not reflected in the input variables. With input noise up to
10% of R?, the PIML in a 5-fold group cross-validation decreased from 0.39 to 0.35, while the
DNN remained at 0.34 (Figure 3). Outside the data range, none of the networks produced
negative strength or an increase in strength with porosity.

0391 —-e— PIML
- —%- DNN
5 0.38 -
=
@

2 0.37 -
>
O
S 0.36
e
5
T 0.35 -
o
034 | B=---—____ I — o
0 2 4 6 8 10

Input noise, % of SD

Figure 3. Coefficient of determination for strength prediction in 5-fold group cross-validation (28 stud-
ies) with noise in the training sample’s input data ranging from 0-10% of the standard deviation:
PIML and the same network without physical terms (DNN).

Confidence intervals for R when excluding one study at a time (study-based bootstrap,
2000 repetitions): PIML 0.06-0.57, DNN —0.03...0.48, linear regression 0.08-0.66, XGBoost
0.08-0.46. The difference in R? between PIML and DNN is 0.06 (95% CI —0.04...0.17), and
between PIML and linear regression is —0.14 (—0.46...0.16); that is, the differences between
the models are statistically insignificant. The test sample consisting of four studies does
not allow for the estimation of a confidence interval; therefore, R? = 0.74 characterizes only
these studies. Five-fold cross-validation (Figure 3) was performed by grouping the studies.

3.2. Contribution of Variables to Strength Prediction (SHAP)

Porosity is the determining factor for strength: average [SHAP| = 4.90 MPa (95% CI
4.29-5.57). The contributions of the other variables are an order of magnitude smaller:
water-to-cement ratio—0.24 MPa, microsilica—0.16, aggregate content—0.10, and particle
size—0.09 MPa (Figure 4). The small contribution of microsilica is partly due to the fact that
it is present in only 6 out of 101 observations used to calculate the SHAP values; the effect
of this additive on strength has not been assessed based on these data. The relationship
between SHAP and porosity exhibits a break at P, ~ 24% (95% CI 23.1-27.5%): above this
value, the decrease in strength with increasing porosity accelerates. The breaks in the W/C
ratio (0.34; 95% CI 0.26-0.35), the aggregate content (81.8%; 80.5-82.3%) and aggregate
size (12.5 mm; 10.0-15.9 mm) are statistically significant (p < 10~°), but correspond to a
change in the prediction of less than 0.3 MPa and are of no practical significance.
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Figure 4. SHAP values for strength prediction using the PIML model (101 observations from the
validation and test sets); point color indicates variable values ranging from low (blue) to high (red).

3.3. Pareto-Optimal Solutions (MOO Results)

An increase in porosity from 15% to 26.5% reduces strength from 22 to 10 MPa
(Figure 5). The carbon footprint of the front solutions ranges from 279 to 413 kg CO,-eq/m?
and is determined by cement consumption. The lowest values (279-311 kg CO,-eq/m?,
23 out of 100 solutions) were obtained at strengths of 10.0-17.3 MPa and cement consump-
tion of 301-336 kg/m?; in half of these solutions, the W/C ratio is not lower than 0.33.
Composition C was not selected based on the minimum carbon footprint, but rather as a
compromise solution closest to the ideal point at f. > 15 MPa. At the same strength on the
front, there is a solution with a carbon footprint of 303 kg CO,-eq/m? (3% lower than that
of C), which differs from C mainly in its higher W/C ratio (0.34 instead of 0.26).

Table 3. Mix designs A, B, and C selected from the NSGA-II Pareto front.

k (LBM), cm/s

Mix W/C Aggf)/egate, Sli\;[ii::o;/ P, % f., MPa [Uncertainty Interval CCSVY:’ kg 3 (;(emer;t,
? r (£1.96 Standard Deviation) | 2-eq/m g/m
A 0.23 77.2 6.8 15.0 221 [0842_20] 397 431
B 0.24 76.6 8.2 26.5 10.0 [01192697] 343 373
C 0.26 81.9 4.1 19.7 15.8 [0(())822] 311 336

Note: The coefficient of variation for the parameters across 30 optimization runs does not exceed 4.4%,
except for the microsilica content in compositions B (5.9%) and C (13.4%).

The optimal permeable concrete mixtures and their predicted performance character-
istics are presented in Table 3.

The optimization variables (W/C ratio, aggregate content, microsilica content, and
porosity) unambiguously determine the consumption of the components: the total absolute
volume of cement, microsilica, aggregate, and water is equal to 1 — P, (Section 2.3.1). The
consumption of components is shown in Table 4, and the carbon footprint calculated based
on it is shown in Table 3.
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Figure 5. Pareto front of permeable concrete mixtures (first of 30 NSGA-II runs); color indicates
carbon footprint; diamond, square, and triangle denote mixtures A, B, and C from Table 3.

Table 4. Component consumption per 1 m® of concrete for mixtures A, B, and C.

. Cement, Microsilica, Aggregate, 3

Mix kg/m® kg/m® kg/m® Water, kg/m
A 431 31 1570 106
B 373 33 1333 99
C 336 14 1583 92

Composition A was obtained with the lowest permissible water-to-cement ratio (0.23)
and porosity (15%) and contains 431 kg/m? of cement, which accounts for the largest
carbon footprint. Mix B is limited by strength (10 MPa); at a porosity of 26.5%, its cal-
culated filtration coefficient is 5 times higher than that of Mix A. Composition C, with a
porosity of 19.7%, has the lowest cement consumption (336 kg/m?) and carbon footprint
(311 kg CO,-eq/m?) of the three compositions, with a strength of 15.8 MPa. The microsilica
content in the mixtures ranges from 4% to 8%. The optimizer includes it primarily because
it replaces a portion of the cement with an emission factor 64 times lower, which reduces
the mixtures’ carbon footprint by 4% to 9%. The contribution of microsilica to the SHAP
strength prediction does not exceed 0.2 MPa, and its content in the optimal mixtures is
determined to be weak (coefficient of variation across 30 replicates up to 13%).

The constancy of the p factor was verified over a porosity range of 20-32.5%. Composi-
tion B falls within this range, composition C lies at its lower boundary, and composition A
(15%) falls below it; the filtration coefficient for composition A was estimated by extrapolat-

ing the k(P,) relationship.

3.4. Macro Level: Stormwater Management (SWMM )

The simulation results are presented in Table 5 and Figure 6.

Compositions A, B, and C yield identical results for the central estimate of the filtration
coefficient and at the lower limit of its uncertainty interval (£1.96 standard deviation). The
permeability of all three mixtures (at least 0.04 cm/s, or 1400 mm/h) is many times greater
than twice the peak intensity of a 50-year storm (375 mm/h), while the pore capacity of the
pavement and subgrade (108-125 mm) exceeds the water layer reaching the pavement (up to
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88 mm). Residual runoff during 10- and 50-year downpours occurs in water-permeable areas
of the watershed where precipitation intensity exceeds the rate of infiltration into the soil.

Table 5. Runoff from a 5-hectare catchment area with asphalt and permeable pavements.

Rainfall (Layer, mm) Pavin Runoff Peak Discharge, Reduction in Peak
amnia ayet, aving Volume, m? m3/h Volume, %  Reduction, %
2 years (22.2) Asphalt 617 1725 - -
PBP (A, B, C) 0 0 100 100
10 years (32.5) Asphalt 932 2860 - -
PBP (A, B,C) 4 28 99.6 99.0
50 years (44.2) Asphalt 1341 4289 - -
PBP (A, B, C) 64 154 95.3 96.4
2-year storm 10-year storm 50-year storm 50-year storm
& | e 3000 T5) © 100 i
1500 = PEPAB,C) | 2500 4000
< X® 80
f: 2000 - 3000 g
3 J Z 60
E e R 2000 1 2
T - 1000 A E 207
= b ©
2 500 | 1000 - B 50
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Figure 6. Runoff hydrographs for asphalt pavement and PBP for storm events with return periods of
2 (a), 10 (b), and 50 years (c); reduction in peak discharge as a function of the filtration coefficient for
a 50-year storm (d); the range of k estimates for compositions A-C is shown in gray.

The effect of permeability is evident only when k < 0.01 cm/s: at k = 0.005 cm/s, the
reduction in peak discharge decreases to 72%, and at k = 0.001 cm/s, to 25% (Figure 6d).
This threshold is 4-19 times lower than the lower limit of the k estimate for the compositions
in Table 3. The uncertainty of the filtration coefficient, established in Section 2.1.2, does not
affect the hydrological result. The permeability margin determines the permissible degree
of clogging: a several-fold decrease in k during operation will not alter the pavement’s
performance under the assumed storm events.

4. Discussion
4.1. Strength: What the Model Explains and What Remains Beyond Its Scope

The strength of permeable concrete in the collected data is determined primarily by
porosity. The mean absolute SHAP value for porosity is 4.90 MPa; for the remaining four
variables, it ranges from 0.09 to 0.24 MPa (the contribution of microsilica is not estimated
based on these data; see Section 3.2). The break in the dependence of the porosity con-
tribution at P, ~ 24% indicates that strength decreases more sharply above this value.
Apparently, above this threshold, the number of contacts between grains bound by cement
paste decreases faster than the volume of voids increases.

The variation in strength for the same composition is large and is associated with
differences between laboratories that are not reflected in the input variables. The most
illustrative study involved compacting the same mixture using vibration for durations
ranging from 0 to 60 s [44]. In this case, the strength increased from 12.8 to 28.4 MPa,
while the porosity decreased from 20.7 to 7.0%. The type and size of the specimen (cube
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or cylinder), the compaction method, and the type of aggregate (natural crushed stone,
recycled concrete, steelmaking slag, ash-slag aggregate) vary from study to study. Therefore,
when transferring the model to a new study, the average absolute error is approximately
5 MPa, and R? does not exceed 0.45 for any model when studies are sequentially excluded.

Including physical terms in the loss function improves the accuracy of the transfer,
but the improvement does not exceed the confidence interval. Without these terms, the
model explains 43% of the strength variance in the test studies; with them, it explains
74%. However, when studies are excluded one at a time, linear regression (R*> = 0.45)
outperforms PIML (0.31). With 28 data sources, increasing the model’s complexity does
not yield any advantage over a simple relationship in which porosity plays the primary role.
The “strength—porosity” relationship, defined by Equation (1), provides the network with
the correct general trend of the relationship but does not eliminate interlaboratory variation.

In the presence of noise in the input data, PIML retains an advantage over the network
without physical terms (R? 0.35-0.39 versus 0.34), although the difference decreases as noise
increases. Outside the range of physically incorrect data, none of the networks produced
incorrect predictions; therefore, for this dataset, physical constraints improve the accuracy
of the transfer but are not a prerequisite for the plausibility of the predictions.

4.2. Why the Filtration Coefficient Cannot Be Predicted

None of the tested models predicted the filtration coefficient for the new studies better
than their average value. The main reason appears to lie in the measurement methods
rather than in a lack of composition variables. Test method. The median k value for variable
head in the collected data is 0.84 cm/s, and for constant head, it is 0.38 cm/s.

Determination of porosity. For concrete made with ash—slag aggregate [29], with a total
porosity of 19-37%, the filtration coefficient ranges from 0.006 to 0.56 cm/s, whereas in other
studies, for the same porosity, its median is 1.04 cm/s (interquartile range 0.46-1.68 cm/s).
Apparently, the total porosity of this concrete includes pores within the aggregate grains
that do not contribute to filtration.

Until the method for measuring k is standardized, a model trained on a compilation of the
literature data will reproduce the differences in methods rather than the material properties.

The LBM calculation provides a different basis for estimating k. It overestimates
permeability by a factor of 50, but this discrepancy remains constant within the porosity
range of 20-32.5% (p = 0.51 for the trend). The shape of the k(P,) relationship is accurately
reproduced, and the magnitude is brought into agreement with the experimental values by
a single multiplier. The uncertainty band (1+1.96 standard deviation) around the corrected
curve (from 1/7 to 7 times the central value) reflects the spread of the experimental data. It
is this band, rather than a point estimate, that is used in the hydrological calculation.

4.3. Pareto-Optimal Mix Designs and Hydrological Effect

The trade-off between strength, porosity, and carbon footprint is primarily resolved
by selecting the porosity and cement content. Mixes A and B lie at the boundaries of the
acceptable range: A at the lower porosity limit (15%), and B at the strength limit (10 MPa).
There is no internal optimum within the training data. Cement consumption ranging from
336 kg/m? (formulation C) to 431 kg/m? (formulation A) determines the difference in the
carbon footprint (311-397 kg CO,-eq/m?); the emissions from microsilica and aggregate
account for no more than 3% of the carbon footprint, but microsilica reduces it by 4-9% by
replacing a portion of the cement.

The effectiveness of the coating is determined by its area, its ratio to the area from which
runoff flows onto it, the pore volume of the base, and the permeability of the underlying
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soil. The concrete mix design determines the bearing capacity and carbon footprint, and
more than adequately ensures the hydraulic function under such conditions.

This determines the design procedure. Porosity is selected based on the required
strength using a model. Then, the condition k > 0.01 cm/s is verified, taking into account
expected clogging. The thickness and porosity of the base are determined based on the
design storm. A permeability margin of 4-19 times determines the permissible decrease in
k during operation: as long as it does not exceed this margin, clogging does not affect the
pavement’s performance under the assumed rainfall events. It is possible to incorporate the
strength model and the k(P,) relationship into design decision-support tools, including
digital models of urban infrastructure [51]. No software implementation of such a tool was
carried out in this study.

4.4. Limitations of the Study

Data. The dataset includes 337 mixtures from 28 studies, comprising only values from
tables and text. Studies presenting results solely in graphs (37 out of 108 excluded) were not
used. For 78 observations, the aggregate content or size was replaced with the median of the
training sample. The model was trained on mixtures with porosity ranging from 6.3% to 36.5%.
Optimization was restricted to the 5th-95th percentiles of the training data (W/C 0.22-0.35,
aggregate content 71.8-81.9%, microsilica up to 8.3%) and porosity 15-29.5%; the aggregate
size was assumed to be constant (9.5 mm). Microsilica was present in 72 of 236 training
observations (7 studies) and in none of the test observations; the effect of the additive on the
strength of the optimal mixtures was not verified using independent data.

Interlaboratory differences. The compaction method, sample type, and aggregate type
are not included in the model; therefore, the error in transferring results to a new study
(MAE approximately 5 MPa) is significantly higher than the error within a single study.
The test sample consisting of four studies is small, and the estimate based on it (R? = 0.74)
is higher than the estimate obtained by excluding one study at a time (R* = 0.31). Both
estimates should be considered together. The model’s robustness to noise in the input
data (Figure 3) was assessed using a single noise realization for each level; therefore, the
variation in R? across realizations is undefined. The compositions in Table 3 were obtained
by optimization using this model; therefore, their strengths (22.1, 15.8, and 10.0 MPa) are
expected values with errors of the same order of magnitude. Composition B lies on the
constraint f. > 10 MPa, and its actual strength may turn out to be lower than required.

Sources. The selection is limited to open-access publications: 27 of the 28 included stud-
ies were published in MDPI journals, which may bias the sample in terms of methodologies
and regions.

Carbon footprint. Stages A1-A3 were accounted for using fixed emission factors,
excluding transportation, chemical additives, and variations in cement composition. When
emission factors are varied (cement 0.90-0.91, aggregate 0.005-0.01, microsilica 0.014-0.10 kg
CO,-eq/kg), the carbon footprint of the mixtures changes by no more than 4%, and the
order of the mixtures remains the same.

Interpretation. The SHAP values were calculated for 101 observations from the valida-
tion and test sets and characterize the model, not the hardening mechanism.

Filtration coefficient. It is estimated by calculating LBM on simplified microstructures:
spherical grains, a cement paste shell of constant relative thickness, and an aggregate
content of 0.31-0.42, which is lower than in actual concrete. The uncertainty range covers the
experimental variation but does not replace the measurement of k for a specific mix design.

Hydrological calculation. Design storm events were derived using a standard formula
with parameters typical of a temperate continental climate, without reference to a specific
city. There is a single catchment area; the underlying soil has a permeability of 5 mm/h,
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and there is no drainage. Clogging and freezing of the foundation were not modeled. On
low-permeability soils, with a higher area ratio, or during more intense downpours, the
capacity of the foundation may become a limiting factor.

Durability. Frost resistance and changes in properties over time were not evaluated [65].

Experimental Verification. All quantitative results were obtained through calculation
and require experimental verification. The strength predictions for the mixtures in Table 3
should be verified using specimens prepared according to a standardized method. The
filtration coefficient of these same specimens should be measured under constant and
variable head with the side surfaces sealed.

5. Conclusions

Of the 136 studies evaluated based on their full text, 28 open-access studies (337 mix-
tures) were selected according to the PRISMA guidelines. For each mixture, these studies
specified the water—-cement ratio, aggregate consumption or aggregate size, measured
porosity, 28-day strength, and filtration coefficient.

The 28-day strength of permeable concrete is determined primarily by porosity: its
contribution to the prediction (4.9 MPa) is an order of magnitude greater than the combined
contribution of the W/C ratio, aggregate proportions, and aggregate size; based on available
data, the effect of microsilica has not been established. The decline in strength accelerates
when porosity exceeds 24%.

Incorporating the relationship between strength and porosity into the neural network’s
loss function, along with the conditions for its monotonically decreasing behavior and
physical boundaries, increased R? in the test studies from 0.43 to 0.74. The difference is
not statistically significant. When studies were sequentially excluded, R? was 0.31 and was
inferior to linear regression (0.45). Interlaboratory differences in compaction, sample type,
and aggregates limit the accuracy of any model based on the literature data.

None of the tested models can be applied to new studies to determine the filtration
coefficient, due to differences in the methods used to measure it and to determine porosity.
Calculating the LBM for 500 virtual samples yields the form of the relationship k(P,)
without a systematic bias trend (p = 0.51), and after scaling to the experimental level
by a constant factor B = 0.020, it provides an estimate of k with an uncertainty interval
(£1.96 standard deviation).

Multiobjective optimization within the model’s applicability domain yielded three
compositions:

A:  22.1 MPa, porosity 15%, 397 kg CO,-eq/m?;
B:  10.0 MPa, porosity 26.5%, 343 kg CO,-eq/m?;
C:  15.8 MPa, porosity 19.7%, 311 kg CO,-eq/m?>.

The difference in carbon footprint is determined by cement consumption.

In a hydrological model of a 5-hectare watershed, a permeable surface covering
1.5 hectares—which also receives runoff from an additional 1.5 hectares of impervious
surfaces—reduces peak discharge by 96-100% during storm events with a recurrence in-
terval of 2-50 years. Mixes A, B, and C yield identical results. Permeability limits the
pavement’s performance only when k < 0.01 cm/s, which is 4-19 times lower than the
estimates for the mixtures obtained. The concrete mix design should be selected based on
strength requirements and carbon footprint, while hydraulic efficiency should be ensured
by the pavement area and the base’s storage capacity.

The results were obtained through calculation. The next stage involves the production
and testing of the mixtures listed in Table 3 using a standardized methodology, including
measurements of strength and filtration coefficient with the side surfaces of the specimens
sealed, as well as field testing at a pilot site.
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Figure A1. Study selection flowchart according to PRISMA 2020 and use of LBM results.
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Appendix B
Table A1l. LBM modeling parameters.
Parameter Value Source
Software environment MATLAB R2025b (reference implementation); calculation .
of 500 samples—Python 3 + Numba
Lattice model D3Q19, BGK [50,51]
Relaxation time T 1.0 (acceptable range for BGK: 0.5 < T < 1.0) [49,53]
Kinematic viscosity, lattice units v=(t-05)/3=1/6 [51]
Computational domain 100 x 100 x 100 voxels + 3 buffer layers each at the input [11,49]
and output
Voxel size 0.5 mm; 3-10 nodes per pore diameter [48,52]
Estimation of Sampling Error 1.5-10% (&,) -
multi-level RSA (from coarse to fine grains), aggregate
Aggregate placement dagg = 5-20 mm, variation +20% T
Volume fraction of aggregate 0.31-0.42 (RSA fllhng.hrrut for sp.he?'es ~ 0.38; higher due 3
to diameter variation)
Porosity of virtual samples 7.8-48.1% (median 23.5%) —
Cement stone shell 0.25-0.50 times the graip radi'us,'at least 1 voxel; .
morphological dilation
“Liquid-solid” interface bounce-back [50,51]
Inlet and outlet constant pressure (Zou-He), 0 (in)/Poue = 1.001 [54]
Side faces impermeable [50]
Convereence criterion change in the average filtration rate over :
& 1000 steps < 5 x 10~%; limit of 30,000 steps
Replacements 42 (in 39 samples out of 500) -
k according to LBM before correction 0.54-567 cm/s (median 42.5 cm/s) -
Flow regime Ma« 0.1; pore Re < 0.1 [51]
Conversion to filtration coefficient k = xpg/®; p = 998 kg/m?; p = 1.0 x 1073 Pa-s —
Virtual samples 500 —
Correction factor p (training studies) 0.020 (95% CI0.012-0.032); no trend in P, (p = 0.51) -
Appendix C
Table A2. Studies included in the dataset (28 studies, 337 formulations).
No Source DOI Compositions Sampling
Hung V.V, Seo S.-Y.,, Kim H.-W., Lee G.-C.
01 Permeability and Strength of Pervious Concrete 10.3390/5u13010426 3 educational

According to Aggregate Size and Blocking

Material. Sustainability. 2021;13(1):426.
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Table A2. Cont.

Source

DOI

Compositions

Sampling

502

Adresi M., Yamani A., Tabarestani M.K., Nalon
G.H. A Prediction Model for the Unconfined
Compressive Strength of Pervious Concrete
Based on Mix Design and Compaction Energy
Variables Using the Response Surface
Methodology. Buildings. 2024;14(9):2834.

10.3390/build-
ings14092834

24

educational

503

LiuJ., Bakri Z., Li F,, Jaffar S.T.A.
Strength—Permeability Optimization of
FA-MK-NS Blended Pervious Concrete Based on
Response Surface Methodology. Buildings.
2026;16(16):3335.

10.3390/build-
ings16163335

15

educational

504

Zhan Q., Yin C. A Novel Pervious Concrete
Improved by Hexagonal Boron Nitride and Basalt
Fiber in Mechanical Properties, Permeability, and

Micro-Mechanisms. Buildings. 2024;14(3):778.

10.3390/build-
ings14030778

16

educational

505

Lee M.-G., Wang Y.-C., Wang W.-C., Hsieh Y.-C.
Abrasion and Maintenance of High-Strength
Fiber-Reinforced Pervious Concrete. Buildings.
2024;14(1):127.

10.3390/build-
ings14010127

15

educational

506

Yuan W, Ji L., Meng L., Fang M., Zhang X.
Influence of Mineral Admixtures on the
Performance of Pervious Concrete and
Microscopic Research. Buildings. 2024; 14(2):533.

10.3390/build-
ings14020533

19

educational

507

Liu H., Luo G., Wang L., Gong Y. Strength
Time-Varying and Freeze-Thaw Durability of
Sustainable Pervious Concrete Pavement Material
Containing Waste Fly Ash. Sustainability.
2019;11(1):176.

10.3390/su11010176

educational

508

Liu H., Luo G., Wei H., Yu H. Strength,
Permeability, and Freeze-Thaw Durability of
Pervious Concrete with Different Aggregate Sizes,
Porosities, and Water-Binder Ratios. Applied
Sciences. 2018; 8(8):1217.

10.3390/app8081217

educational

509

LiuF,LiZ,LiuB., YuZ,LiZ.,, Zhu M., Wang Y.,
Ding X. Experimental and Numerical
Investigations on the Influences of Target Porosity
and w/c Ratio on Strength and Permeability of
Pervious Concrete. Materials. 2025;18(17):3951.

10.3390/ma18173951

30

test

510

Chen C., Zhang K., Yin Z., Zhou ]J. Deterioration
Performance of Recycled Aggregate Pervious
Concrete under Freezing-Thawing Cycle and

Chloride Environment. Buildings. 2023;13(3):645.

10.3390/build-
ings13030645

educational

511

Peng H., Yin J., Song W. Mechanical and
Hydraulic Behaviors of Eco-Friendly Pervious
Concrete Incorporating Fly Ash and Blast
Furnace Slag. Applied Sciences. 2018;8(6):859.

10.3390/app8060859

5

educational
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No Source DOI Compositions Sampling

Tamimi A., Tabsh S.W., El-Emam M. Pervious
Concrete Made with Recycled Coarse Aggregate
and Reinforced with Date Palm Leaves Fibers.
Materials. 2023;16(23):7496.

Park J.-H., Jeong S.-T., Bui Q.-T., Yang I.-H.
Strength and Permeability Properties of Pervious
Concrete Containing Coal Bottom Ash
Aggregates. Materials. 2022;15(21):7847.

Mitrosz O., Kurpiniska M., Miskiewicz M.,
Brzozowski T., Abdelgader H.S. Influence of the
S14 Addition of Recycled Aggregates and Polymer ~ 10.3390/mal6155222 8 educational
Fibers on the Properties of Pervious Concrete.
Materials. 2023;16(15):5222.

Yan X., Wang X., Sun C., Xin M., He J.
Performance Analysis and Admixture
Optimization of GBFS-HPMC/Fiber Pervious
Concrete. Materials. 2023;16(19):6455.

Zhu H., Wen C., Wang Z., Li L. Study on the
516 Permeability of Recycled Aggregate Pervious 10.3390/ma13020321 18 validation
Concrete with Fibers. Materials. 2020;13(2):321.

WuR,,ShiS., Shen Y., Hu C., Luo M., Gan Z., Xiao
B., Wang Z. Effects of Different Factors on the

S12 10.3390/mal16237496 6 validation

513 10.3390/ma15217847 18 test

S15 10.3390/mal16196455 10 educational

517 Performance of Recycled Aggregate Permeable 10.3390/mal15134566 32 educational
Pavement Concrete. Materials. 2022;15(13):4566.
Bao X., Liao W., Dong Z., Wang S., Tang W.
318 Development of Vegetation-Pervious Concrete in 10.3390/ma10020096 5 educational

Grid Beam System for Soil Slope Protection.
Materials. 2017;10(2):96.

Barisi¢ I., Netinger Grubesa I., Doksanovi¢ T.,
Zvonari¢ M. Influence of Clogging and Unbound
519 Base Layer Properties on Pervious Concrete 10.3390/ma13112455 11 educational
Drainage Characteristics. Materials.
2020;13(11):2455.

Jiao W., Peng Z., Ma B., Dai C., Gong B., Huang Z.
Performance Testing and Evaluation of
Double-Layer Pervious Concrete Based on
Recycled Aggregates. Materials. 2026;19(6):1067.

Liu H., Luo G., Wang L., Wang W,, Li W., Gong Y.
Laboratory Evaluation of Eco-Friendly Pervious
Concrete Pavement Material Containing Silica
Fume. Applied Sciences. 2019;9(1):73.

Xie H.Z., Li L.G., Liu F,, Kwan A.K.H. Recycling
Old Concrete as Waste Concrete Powder for Use
522 in Pervious Concrete: Effects on Permeability,
Strength and Eco-Friendliness. Buildings.
2022;12(12):2172.

520 10.3390/ma19061067 18 validation

521 10.3390/app9010073 4 educational

10.3390/build-

ings12122172 12 educational
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Table A2. Cont.

No Source DOI Compositions Sampling

Gratdo U., Innocentini M.D.M., Simao L.
Processing Parameters for Pervious Concrete with
523 Basalt and CDW Aggregates: Addressing the 10.3390/waste4030025 1 test
Strength-Porosity-Permeability Trade-Off. Waste.
2026;4(3):25.

Alex A.G., Jose P.A., Saberian M., Li J. Green
Pervious Concrete Containing Diatomaceous
524 Earth as Supplementary Cementitous Materials ~ 10.3390/ma16010048 1 educational
for Pavement Applications. Materials.
2023;16(1):48.

Fu]., Jiang L., Yang M., Yu D., Shen M., Wang Y.
Influence of Nano-Silica and Porosity on the
525 Strength and Permeability of Permeable Concrete:
An Experimental Study. Buildings.
2026;16(1):148.

10.3390/build-

ings16010148 18 educational

Tang C.-W., Cheng C.-K,, Tsai C.-Y. Mix Design
526 and Mechanical Properties of High-Performance 10.3390/mal2162577 9 validation
Pervious Concrete. Materials. 2019;12(16):2577.

Paula Junior A., Jacinto C., Oliveira T., Polisseni
A., Brum F,, Teixeira E., Mateus R.
527 Characterisation and Life Cycle Assessment of ~ 10.3390/cryst11020209 1 test
Pervious Concrete with Recycled Concrete
Aggregates. Crystals. 2021;11(2):209.

Mitrosz O., Kurpiniska M., Miskiewicz M.,

Brzozowski T. Effect of vibration duration on 10.1038/541598-025-

528 strength and permeability of pervious concrete 198476 15 educational
with recycled aggregate and low-carbon cements. i
Scientific Reports. 2025;15:35905.
Total: 28 studies 337 20/4/4
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