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Abstract

Global demand for river sand now outstrips natural replenishment, driving the search for sustainable alternatives. This study
characterizes bituminous sand from bitumen deposits in Ondo State, Nigeria, as a substitute for river sand in concrete and
develops regression and machine-learning frameworks to predict compressive strength. Aggregate characterization recorded
effective sizes (D1o) of 0.123 mm (river sand) and 0.099 mm (bituminous sand), with uniformity coefficients of 3.959 and 4.495,
indicating well-graded materials. Moisture contents averaged 72%, 60% and 8% for river sand, bituminous sand and granite; silt
contents averaged 2.46% and 4.98%, against an 8% permissible limit. Specific gravities were 2.64, 2.60 and 2.70, bulk densities
1780, 1717 and 1677 kg/m?, and water absorption 0.91%, 0.70% and 0.74% respectively. Using a grade M25 mix of ratio 1: 1:
2 (characteristic strength 25 N/mm? at 28 days, target 38 N/mm?), BSC showed higher workability (slump 55 mm vs 30 mm,
compacting factor 0.49 vs 0.46) and strength gain with curing age, from 9.38 N/mm? at 7 days to 15.35 N/mm? at 150 days,
against 15.17-26.93 N/mm? for the control (36-43% differences). BSC density (2213 kg/m?, 13.41 N/mm?) was within 10% of
the control (2462 kg/m?, 22.32 N/mm?), classifying BSC as normal-weight concrete, and water absorption stayed within the 10-
15% band (averages 11.37% and 11.30%). Multi-model regression: the exponential curing-age model fitted the control best (R?
=0.8692) and the logarithmic model fitted BSC best (R = 0.8008), with adequacy confirmed by F-statistics of 187.68 and 757.64
and a t-test (2.14 < 2.57). A five-stage machine-learning framework is then specified, benchmarked against ANN achieving R?
= (0.894 with the lowest RMSE (5.192 MPa) on a 1234-record dataset. The results position bituminous sand as a technically
viable, sustainable alternative fine aggregate with a data-driven strength-prediction route.
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1. Introduction

Concrete is the most frequently utilized building material in
the world, with about 7.5 billion cubic metres produced annu-
ally at a growth rate of 6% [1]. Aggregates constitute approx-
imately 70-80% of concrete volume, with fine aggregate rep-
resenting about 40-50% of aggregate volume [2]. According
to the United Nations Environment Programme, total demand
for river sand could exceed 40 billion tons per year, more than
twice the sediments carried by the world's rivers, while annual
concrete production, estimated at 10 billion tons, is expected
to rise to 18 billion tons by 2050, and global aggregate demand
is projected to reach 50-55 billion tons by 2030 [2, 3]. With
unregulated river sand mining altering river flow, increasing
erosion and disrupting aquatic habitats, many regions now re-
strict extraction to conserve riverbeds [4], and demand for al-
ternative fine aggregates has risen dramatically [5]; for devel-
oping economies, a dependable local substitute is a material-
supply imperative. Substitution studies offer a route forward.
Concrete with 30% sustainable sand gave the best strength re-
sult, with acceptable decreases at 50% replacement, signifi-
cant reductions at 100%, and approximately 735 > 106 tons of
river sand preserved at 50% replacement [6]. Recommended
limits include not more than 35% rock-based fines, 5-10%
waste polymer fractions and 30% rice husk [7]. Industrial by-
products, granulated blast-furnace slag and manufactured
sand [8], industrial side streams [2], basalt and limestone cut-
ting dust [4], and copper slag with recycled glass [6], represent
a long-term approach to excessive river mining and by-prod-
uct disposal.

Bituminous sands, Figure 1, are naturally occurring bitu-
men-impregnated sands, locally abundant but under-charac-
terized in Nigeria, with Ondo State deposits occurring as soft,
low-viscosity bitumen seepages within a belt about 12 km
wide extending from ljebu-Ode in Ogun State, through Ondo
State, to Edo State, in the Upper Cretaceous sequence of the
Abeokuta Formation of the eastern Dahomey Basin. Nigeria's
reserves, estimated at about 42.47 billion tons, are ranked the
second largest in the world, with most concentrated in Ondo
State. Related Nigerian works found bituminous sand viable
in sandcrete at 0-40% replacement, with strength increasing
with curing age [9], and plain bituminous-sand concrete show-
ing better workability than the control [10]. Reclaimed asphalt
pavement, the material most chemically akin to bituminous
sand, requires complete characterization [11]; it presents good
freeze-thaw resistance [11], higher open porosity than natural-
aggregate concrete [12], chloride permeability unaffected at
up to 50% coarse-aggregate replacement [13], an average du-
rability factor of 73% after 300 freeze-thaw cycles at 15-20%
replacement [14], 30-50% replacement studied for highway
base layers [15], and increased superplasticizer demand as
fine aggregate [16]. Strength development and its prediction
are equally critical. Water curing is the benchmark regime
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[17]; air curing reduces mid-age strength by up to 19%, while
carbonation curing produces late-age gains of 7-12% at 182
days [18], and extended curing raised compressive strength by
39.4% [19]. Regression equations save time, capital and re-
sources [20]. Machine-learning benchmarks show the artifi-
cial neural network achieving R? = 0.894 with the lowest root
mean square error of 5.192 MPa on a 1234-record dataset [21],
outperforming multiple linear regression, support vector ma-
chines and regression trees on 1030 samples [22], consistent
with SonReb non-destructive assessment [23-25] and me-
taheuristic-guided error reductions from 9.3 to 4.8 MPa [26].
For high-strength concrete, extreme gradient boosting
(XGBoost, R? = 0.94) outperformed other models [27], ex-
plainable artificial intelligence spanning eight models im-
proves prediction transparency [28], and backpropagation ad-
justs neuron weights to minimize errors, decisive because con-
crete mix-strength relationships are significantly nonlinear
[27].

Figure 1. Bituminous sand.

Current studies have not adequately assessed the effects of
varying mix proportions, cement type, water-cement ratios
and bituminous-sand content, so that effective utilization re-
mains largely unexplored [7]. This study therefore predicts the
compressive strength of bituminous sand concrete with the ob-
jectives of;

1) establishing the characteristics of the aggregates,

2) evaluating the fresh and hardened properties against a

river-sand control,

3) developing models for compressive strength, and

4) testing the adequacy of the models, contributing the first

engineering characterization of Nigerian bituminous
sand as a concrete fine aggregate and a five-stage ma-
chine-learning framework positioned on that experi-
mental baseline.
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1.1. River Sand Depletion and Alternative Fine
Aggregates

Sourcing alternatives to river sand has accelerated as con-
struction activity depletes accessible reserves [57]. A system-
atic review of recycled and desert sand substitution reported
that concrete prepared with 30% sustainable sand gives the
best strength outcome relative to 100% river sand, with an ac-
ceptable decrease at 50% replacement and a significant reduc-
tion at 100%; at 50% replacement, approximately 735 x 108
tons of river sand would be preserved [6]. A subsequent sys-
tematic study of sustainable fine aggregate blended with sup-
plementary cementitious materials found that manufactured
sand can be tuned to enhance both mechanical performance
and workability, that desert sand requires mix-design adjust-
ment owing to its very fine particles (adequate compressive
strength being achievable at 50% fine-aggregate substitution
with about 20% supplementary cementitious material), and
that combined waste incorporation can reduce CO, emissions
by up to 50% [29]. A recent review of emerging fine-aggre-
gate materials concluded that not more than 35% rock-based
fines is suitable for river-sand replacement, that waste-poly-
mer fractions should not exceed 5% (polyethylene tereph-
thalate), 10% (polypropylene), 10% (expanded polystyrene)
and 6% (melted plastic crushed fine aggregate), and that agro-
waste such as rice husk should not exceed 30% to enhance
strength and durability [7]. Industrial side streams including
waste foundry sand, steel slag, stainless steel slag and iron slag
have likewise been reviewed as self-compacting concrete fine
aggregates, all producing significant changes in fresh and
hardened properties [30]. Life-cycle assessment of recycled
fine aggregate has shown that, at 28 days, mortar with 100%
coarse sand achieved 25% higher compressive strength, and
mortar with 100% fine sand 67% lower strength, than mortar
with 100% recycled fine aggregate [31].

1.2. Bituminous Sand and Nigerian Bitumen
Resources

Nigeria's bituminous sand reserves are estimated at about
42.47 billion tons, the second largest in the world with re-
ported bitumen contents of 8-16% for Ilubirin samples and an
overall range of 5-20% by weight for Nigerian deposits [32].
The engineering potential of Ondo State tar sand has been
demonstrated for road work, where aggregate crushing value,
aggregate impact value and Los Angeles abrasion were 28%,
23% and 38% respectively, and bitumen penetration was as
low as 17 mm, indicating good resistance to rutting and bleed-
ing [33]. Solvent-extraction studies of Okitipupa tar sand re-
ported optimal bitumen yields of 9.07% at 75<C in 4 h with n-
hexane and 21.27% at 120 <C in 4 h with toluene [34]. Reviews
of Nigerian bitumen upgrading further highlight the value of
local deposits for sustainable infrastructure and the need for
additive modification [35]. In concrete applications, bitumi-
nous sand has been shown to be viable in sandcrete at 0-40%

398

replacement, with the 0% bituminous-sand/100% river-sand
sample gaining the highest strength of 8.59 N/mm? at 28 days
[9], and plain bituminous-sand concrete has exhibited better
workability than the control, with strengths rising with curing
age to a level suitable for grade C15 applications [10, 58].

1.3. Reclaimed Asphalt Pavement as a Bitumen-
Bearing Aggregate

Because RAP is the material most chemically akin to bitu-
minous sand, its behaviour offers the closest analogue. Com-
plete characterization of RAP before use is mandatory if du-
rable concrete is required, and RAP generally shows good
freeze-thaw resistance, with lower frost resistance observed
only in the most porous samples [11]. The strength and mod-
ulus reductions in RAP concrete have been linked to a larger,
more porous interfacial transition zone and to the dominance
of asphalt cohesion failure over asphalt-cement adhesion fail-
ure; replacement levels below 25% can be used in concrete
pavements without significant change to the structural design,
and field studies show 10-15% RAP performing comparably
to conventional concrete [36]. Durability testing of structural
concrete found that sorptivity decreased with increasing RAP
content because of the hydrophobic nature of the aggregate,
while water absorption was less affected and carbonation and
chloride resistance were governed more by water/cement ratio
and cement type than by RAP content [37]. RAP replacement
of 25% and 50% has been shown to remain within limit values
for concrete pavement, with high corrosion resistance [38],
and systematic review confirms that RAP concrete can match
conventional concrete mechanically while improving sustain-
ability [39]. Where fine RAP is used as a sand substitute, a
systematic reduction in compressive strength is observed as
the fine-RAP percentage increases [40]; analogous work on
bituminous road waste as a partial fine-aggregate replacement
(10-30%, M30 grade) likewise targeted enhanced mechanical
performance and sustainability [41].

1.4. Strength Development, Curing and
Durability

Curing method and duration strongly govern strength de-
velopment. Comparative studies rank complete immersion in
water as producing the highest mean compressive strength,
ahead of polyethylene membrane and gunny-bag curing, with
sprinkling the least effective [17]; a parallel study reported a
maximum 28-day compressive strength of 41.42 MPa under
water-submergence curing [42]. Curing-condition research
has shown that air curing impedes strength gain, affecting fly-
ash concrete more than ordinary Portland cement concrete
[43], while wet curing for as little as three days encourages
sufficient strength growth with reduced shrinkage and crack-
ing [44]. Extended curing has been shown to raise compres-
sive strength from 18.5 to 25.8 MPa (a 39.4% gain) while re-
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ducing water absorption from 6.45% to 5.65% (a 12.4% re-
duction) and improving split tensile strength from 2.05 to 2.65
MPa (29.3%) [19]. Particle-size distribution is itself a control-
ling variable: the gradation of standard sands, quantified by
fineness modulus and uniformity coefficient directly affects
the physical-mechanical properties of mortars [45].

1.5. Machine-Learning Prediction of
Compressive Strength

ML has become a mainstream route to rapid strength esti-
mation, [59]. An evaluation of eight popular ML models on a
standard 1030-sample dataset found XGBoost to outperform
all others in R? and RMSE, achieving 0.91 and 4.37 respec-
tively [28], a result echoed by an XAl study in which
XGBoost yielded the best-reported performance across eight
models, interpreted through SHAP [28]. On 633 experimental
records spanning compressive strengths of 6.27-79.99 MPa,
the XGBoost regressor was again most reliable (R = 0.95,
RMSE = 3.06 MPa, MAE = 2.13 MPa), with multiple linear
regression the least accurate (R? = 0.52, RMSE = 9.40 MPa)
[46]. Multi-model comparisons of ANN, XGBoost and ran-
dom forest have reported comparable, stable performance
across all three [47]. In recycled-aggregate self-compacting
concrete, an interpretable ML framework built on 400 experi-
mental samples and eight input variables achieved XGBoost
R? = 0.98 (RMSE = 2.95 MPa) in training and R? = 0.96
(RMSE = 3.25 MPa) in testing, with SHAP identifying super-
plasticizer, cement and cement strength as the dominant fea-
tures (Almutairi, 2025). Across five gradient-boosting algo-
rithms on 314 recycled-aggregate mixes, categorical gradient
boosting reached the highest test R? of 92% [49], while for
fibre-reinforced recycled aggregate concrete the gradient-
boosted regression tree model achieved R? = 0.95 (training)
and 0.83 (testing) for splitting tensile strength [50]. Ensemble
approaches on 301 recycled-aggregate self-compacting speci-
mens and 18 input variables reached R? = 0.963, RMSE =
3.321 MPa and MAE = 2.506 MPa, with specimen age the
dominant predictor [51]; and ML models have predicted
multi-recycled aggregate concrete strength to R2 > 0.9 even
without advanced techniques [52]. Explainable ML has also
been applied to fly-ash-GGBS geopolymer concrete, integrat-
ing strength, durability and carbon efficiency with SHAP in-
terpretation [53]. This body of work establishes both the pre-
dictive power of ML for concrete strength and the importance
of interpretability in deployment, the gap the present study ad-
dresses for bituminous sand concrete.

2. Materials and Methods

2.1. Materials

The constituent materials were ordinary Portland cement,
river sand (control fine aggregate), bituminous sand, crushed
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granite coarse aggregate (10 mm and 20 mm nominal sizes),
and clean mixing water free of salt, oil, acid, injurious alkali
and vegetable matter. The bitumen content of the bituminous
sand was determined by the cold solvent extraction method
using a centrifuge extractor and trichloroethylene in accord-
ance with ASTM D4-86 (2018). Laboratory tests were carried
out at the engineering concrete laboratory of the Federal Uni-
versity of Technology, Owerri.

2.2. Methods

The experimental program followed a systematic eight-step
methodology involving material sourcing, aggregate charac-
terization, M25 mix design (1: 1: 2, 0.60 w/c), 150 mm cube
specimen preparation, fresh property testing, water curing up
to 150 days, hardened property evaluations, and final data
analysis using regression and machine learning frameworks as
shown in Figure 2.

2.2.1. Aggregate Characterization Tests

Sieve analysis: The engineering properties of the river sand,
bituminous sand, and coarse aggregates were evaluated
through systematic particle size distribution analysis. Using
the resulting semi-logarithmic gradation curves, the key geo-
metric parameters, specifically the coefficient of curvature
and the uniformity coefficient were mathematically deter-
mined to characterize the grading structure of the fine aggre-
gates. The coefficient of curvature and uniformity coefficient
for fine aggregates were calculated from, Equations (1) and

(2):

Co= —220 1

¢ Dgo X Di1g 1
D

Cuo= 22 2)

where Dy is the effective particle size (10% of particles finer,
90% coarser), D3 the size at which 30% are finer, and Do the
size at which 60% are finer and 40% coarser.

Moisture content. Natural moisture contents of the sands
and coarse aggregates were determined prior to mixing be-
cause they affect the proportion of mixing water needed to
achieve the desired water/cement ratio, in accordance with
ASTM C70 (2020), Equation (3):

Wyw— Wq

MC (%) = x 100 3)

where: MC = moisture content (%), Wy = weight of the wet
sample, Wy = weight of the dry sample,
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Material sourcing: OPC, river sand

(control), bituminous sand, crushed
granite 10 & 20 mm, water

Aggregate characterization: sieve
analysis (Cc, Cu), moisture, silt, specific

Mix design (SCALE 149): M25, 1:1:2,
w/c 0.60

Specimen preparation: 150 mm cubes,
batching and mixing

Fresh tests: slump, compacting factor

Water curing: 7, 14, 21, 28, 56, 90, 150
days

Hardened tests: density, water absorption,
compressive strength

Data analysis: regression models and ML

framework

Figure 2. Flowchart of the experimental methodology for concrete
material characterization, mix design, testing, and data analysis of
the study.

Silt content. Silt content was determined volumetrically, silt
being material finer than 150 microns, excessive quantities of
which reduce cement bonding and concrete strength, Equation

(4):

Silt (%)= 2 x100 o

where h; is the silt layer thickness and h, the height of sand
plus silt.

Specific gravity, bulk density and water absorption. Spe-
cific gravity and bulk density were determined in accordance

with ASTM C-29 (2017) guidelines and evaluated against
ASTM C 128-22 (2023), Equations (5) and (6):

p, _ M3
b_v

)
1

x 100 (6)

where: p, = bulk density, M3 = mass of the sample, V =
volume of the sample, WA = water absorption (%), W1 = ini-

tial/dry weight of the sample, W, = final/saturated weight of
the sample, | W, — W1 | = absolute difference between the
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two weights.

2.2.2. Mix Design

Concrete mix design was performed using SCALE 149
SOFTWARE, which yielded the characteristic concrete
strength of 25 N/mm? at 28 days, 5% defectives, standard de-
viation of 8 N/mm?, slump ranges of 10-30 mm and specific
gravity of coarse aggregate of 2.70. The design calculations
are reproduced as the worked example below, and the result-
ing quantities in Figure 3, Table 1. The mix ratio used was 1:
1: 2 of cement: fine aggregate: coarse aggregate, for crushed
aggregates not more than 20 mm as per BS EN 206 (2021).

Table 1. Mix design quantities.

Constituent Per m? Per trial mix of 0.01 m3, 3
u (kg) cubes (kg)

Cement 285 2.85

Water 170 1.7

Fine aggregate 620 6.2

Coarse aggregate

(10 mm) 460 4.6

Coarse aggregate 95 9.5

(20 mm)

Note: Cement content: kg/m? at a free-water/cement ratio of 0.6; Wet
density: 2460 kg/m?; Coarse aggregate content: 2005 - 620 = 1385
kg/m?

Step A — Materials: Ordinary

Portland Cement (OPC), Ri a
sand, Bituminous Sand and Granite

Stcp -\ l\latcnals Ordinary

smd Bituminous Sand md Gr mm

Step C - Mix Design: Standard M25
concrete mix design proportions (1:1:2
ratio) utilizing SCALE 149 software

Figure 3. Standard block diagram of the methodology for M25 con-
crete mix design, aggregate characterization and material selection.

2.2.3. Specimen Preparation and Curing

Concrete cube specimens were prepared, tested and cured
in accordance with BS EN 12390-3 (2019), with a loaded area
of 22,500 mm? (150 mm cubes). Cubes were cured for 7, 14,
21, 28, 56, 90 and 150 days, then tested for slump, compacting
factor, density, water absorption and compressive strength.
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The compacting factor was obtained as the ratio of the density
during the test to the density of fully compacted concrete; as a
fraction, the higher the value the more workable the concrete,
and the British Standards Institution states that compacting
factor is always less than one, Equation (7):

Ppartial
Pfull

CF = @)

where: CF = compaction factor, p, .+ = density of the par-
tially compacted material, pg,,; = density of the fully com-
pacted material.

2.2.4. Compressive Strength Test

Average crushing loads were taken for each set of cubes and
the compressive strength evaluated using, Equation (8).

feu ®)

P
a
where, P is the average compressive load at failure (N) and A
the cross-sectional area of the cube in mm?2. The water absorp-
tion test procedure immersed each specimen in water for 24
hours, and absorption was expressed as a percentage of the
initial weight of the sample.

2.2.5. Statistical Modelling Methodology

Model development followed five steps:

1) Relevant data were gathered on compressive strength
with parameters including curing time, mix proportions
and related factors;

2) Data were cleaned and pre-processed (missing values,
outliers, consistency);

3) The dataset was prepared for analysis using an Excel Re-
gression Spreadsheet, identifying independent variables
likely to affect compressive strength including type of
sand, water-cement ratio and curing conditions;

4) Training and testing sets were separated to develop the
predictive model and evaluate performance; and

5) Suitable regression models, both linear and multiple
were employed to account for the complexity of relation-
ships among the variables. The four model families fitted
to curing age take the forms Equations (9-12):

f(x)=ax+b (linear) )
fx)=alnin (x)+b (logarithmic) (10)
f(x) = aeP® (exponential) (11)

f(x) = ax? + bx + ¢ (polynomial) (12)

where:
f(x) = Dependent variable, the IDF empirical parameter (a
or b) being regressed against return period, x = Independent
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variable, the return period (T) (years), a = First regression co-
efficient (slope in the linear model; multiplier of (In(T)) in the
logarithmic model; coefficient of the exponential term in
Equation (11); leading quadratic coefficient in Equation (12),
b = Second regression coefficient (intercept in Equations (9)
and (10); exponent multiplier in Equation (11); linear coeffi-
cient in Equation (12), ¢ = Third regression coefficient, inter-
cept (constant term) in the polynomial model only (Equation
(12), In(x) = Natural logarithm of the return period (T), e =
Base of the natural logarithm (= 2.7183).

Adequacy of the compressive strength models was tested
with the statistical F-test and Student's t-test, assessed via R?,
the standard error of each model, and visual residual inspec-
tion, at the 0.05 significance level. Correlation matrices estab-
lished the significance levels of the different variables for both
concretes.

2.2.6. Machine-learning Framework Specification

The machine learning framework used in this study follows
the ANN model development process is illustrated in Figure 4.
This comprehensive framework outlines five sequential stages
spanning from data collection and preprocessing to network
design, partitioning, and final model evaluation. The five-
stage framework, presented in Figure 5, proceeds as follows:
(i) Min-Max standardization to (—1, 1) per Eq. (13); (ii) feed-
forward network construction per Eq. (14), with weight selec-
tion based on minimum performance measures such as MSE;
(iii) training-validation-testing partitioning; (iv) evaluation
via MSE, R, MAD, RMSE, r and MAPE [22]; and (v) XAI
interpretation of the trained networks [28].

Stage 1: Data collection -
compressive strength, curing age,

mix proportions

Stage 2: Preprocessing - Min-Max

Stage 3: Network architecture -
input, hidden, output layers with
weights and biases

Figure 4. Five-stage ML framework block diagram. a) Data stand-
ardization.

To ensure model stability, the raw dataset was normalized
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to arange of (—1, 1) using the Min-Max algorithm to minimize
differences in variable scales and facilitate effective network
learning, Equation (13):

2 (x— Xmin)

Xmax— *min

anT‘m -

-1 (13)

where: x,,-m IS the normalized value of xxx, scaled to the
range [—1, 1], x is the original input value, Xmin is the minimum
value in the original data range, Xmax is the maximum value in
the original data range, Xmax — Xmin IS the range of the original
data.

b) Network architecture. The ANN consists of an input
layer, hidden layers and an output layer, each layer comprising
processing units with weight and bias parameters; the activa-
tion function transfers data from the hidden layer to the output
layer, and the neuron's output y is a nonlinear sum of the in-
puts, Equation (15):

yi=f (X wyxi + by) (14)
where: y; is the output of neuron j, f(-) is the activation func-
tion applied to the neuron’s weighted input, Yi denotes the
summation over all input features or neurons indexed by I, wj;
is the weight connecting input x; to neuron j, x; is the i-th input
value, bj is the bias term for neuron j, »;  w;jx; + bj is
the total weighted input to neuron j before activation.

c¢) Partitioning. The normalized dataset is divided into
training, validation and testing subsets.

d) Performance criteria. The statistical parameters adopted

for exploring the presentation of the ANN model are the mean
square error and correlation coefficient (R), alongside mean
absolute deviation, root mean square error, coefficient of cor-
relation and mean absolute percentage error [22], Equations
(15) and (16):

1

N
i=1

MSE = S;— S)H? (15)

RMSE = /N, (5, —5)?) (16)
where: MSE is the mean squared error, N is the total number
of data points or samples. S; is the actual or observed value
for the i-th sample, S; is the predicted value for the i-th sam-
ple, S; —S; is the prediction error for the i-th sample,
(S; — S/)? is the squared prediction error.
N, (S;— SH? isthe sum of squared errors over all N
samples, RMSE is the root mean squared error.
The square root converts the summed squared error back to

the original units of S;.

3. Results and Discussion

3.1. Aggregate Characterization

The physical, index, and engineering properties of the se-
lected aggregates were evaluated to determine their suitability
for concrete production, with the consolidated characteriza-
tion parameters summarized in Table 2.

Table 2. Index and engineering properties of the aggregates.

Property River sand
Effective size, Dio (mm) 0.123
Uniformity coefficient, C, 3.959
Fineness modulus 4.78

Mean moisture content (%) 72

Mean silt content (%) 2.46
Specific gravity (g/cm?) 2.64

Bulk density (kg/m?) 1780
Water absorption (%) 0.91

From the particle size distribution curves, the fine aggre-
gates predominantly pass through finer sieves, indicating a
relatively well-graded material, for particles finer than 0.15
mm through to 2.36 mm (river sand) and from 1.18 mm to
2.36 mm (bituminous sand); the river sand curve is smooth
and steep, suggesting balanced size distribution, whereas the
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Bituminous sand Granite (coarse)

0.099 4.722
4.495 2.384
4.47 5.39
60 8
4.98 -
2.60 2.70
1717 1677
0.70 0.74

bituminous sand grades gradually to 0.6 mm and lesser sizes.
The effective size (D1o) is 0.123 mm for river sand and 0.099
mm for bituminous sand, required for cohesive concrete mixes
with reduced voids, and the uniformity coefficients of 3.959
and 4.495 indicate high-strength mixes with improved bond-
ing. Worked checks of Eq. (2) confirm Dgo = 0.487 mm (river
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sand) and 4.495 x<0.099 = 0.445 mm (bituminous sand); for
coarse aggregates, Dig = 4.722 mm and C, = 2.884, advanta-
geous for higher concrete strength through interlocking of
larger aggregates. The fineness modulus values of 4.78, 4.47
and 5.39 for river sand, bituminous sand and coarse aggregate
respectively align closely with industrial standards, and the
particle size distribution falls within recommended ranges, en-
hancing compactness by filling voids, reducing segregation
and ensuring uniform matrix distribution.

Moisture content was 72% for river sand, 60% for bitumi-
nous sand and 8% for coarse aggregate, impacting workability,
compaction and durability; adequate moisture control during
batching and mixing was therefore employed. Silt content for
the river sand was 2.46%, characteristic of an adequate clay
content relative to the 8% permissible limit, indicating low
segregation, good finishing and increased strength. The bitu-
minous sand averaged 4.98% (trials 5.04%, 4.78% and 5.13%),
within standard requirements, indicating good cohesion, ad-
hesion and moisture. Specific gravity was 2.64 g/cm?®, 2.6
g/cm® and 2.7 g/cm?® for river sand, bituminous sand and

coarse aggregate respectively, of appropriate quality and suit-
able for use. Bulk density was 1780 kg/m? for river sand, 1717
kg/m? for bituminous sand (trials 1700, 1680 and 1770 kg/m®)
and 1677 kg/m? for granite (trials 1690, 1660 and 1680 kg/m?),
conforming to normal-weight concrete standards. Water ab-
sorption values of 0.91%, 0.70% and 0.74% for river sand, bi-
tuminous sand and granite respectively demonstrate non-po-
rous aggregates free of reduced compressive strength, in-
creased permeability and freeze-thaw susceptibility. These
values compare favourably with RAP, where complete char-
acterization is mandatory [12] and fine RAP introduced addi-
tional pores and increased superplasticizer demand [16], giv-
ing raw bituminous sand a distinct advantage.

3.2. Fresh Properties

The workability and consistency parameters of the fresh
concrete mixtures were evaluated immediately after mixing,
with the corresponding slump values and compacting factors
presented in Table 3.

Table 3. Slump and compacting factor results.

Sample Slump (mm) Degree of workability Compacting factor Remark
Control 30 Low 0.46 Very Low
Bituminous sand concrete 55 Medium 0.49 Very Low

Control concrete recorded a slump of 30 mm (low worka-
bility) against 55 mm (medium workability) for BSC, and
compacting factors of 0.46 and 0.49 respectively. The com-
pacting factor values reflect relatively low workability, with
the aggregates moderately distributed and the voids in the
mixture typically average. The superior placeability of BSC is
consistent with recent findings that bituminous sand concrete
has better workability than the control [10].

3.3. Compressive Strength Development

The mechanical performance of the concrete mixtures was
tracked across multiple curing durations to evaluate structural
integrity over time. Table 4 presents a comparative summary
of the compressive strength development for both the bitumi-
nous sand concrete (BSC) and the conventional river sand
control mix.

Table 4. Comparison of compressive strengths of BSC and control concrete.

Curing age (days) BSC (N/mm?)

7 9.38 15.17
14 10.74 17.11
21 12.83 20.66
28 15.02 24.70
56 15.22 25.76
90 15.32 25.88

Control (N/mm?)
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Difference (N/mm?) % difference

5.79 38
6.37 37
7.38 36
9.68 40
10.54 41
10.56 41
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Curing age (days) BSC (N/mm?)

150 15.35 26.93

The mechanical performance evaluation revealed that the
compressive strength of the Bituminous Sand Concrete in-
creased progressively with curing age, mirroring the behav-
ioural trends of conventional Ordinary Portland Cement con-
crete despite a slower initial rate of strength gain up to 28 days.
A typical worked validation of the mathematical models, such
as the BSC 7-day cube featuring an average mass of 7.24 kg
and an average failure load of 211.33 kN, yielded a calculated
density of 2145.19 kg/m® and a corresponding compressive
strength of 9.38 N/mm?2. This aligns directly with the baseline
analysis metrics established for the control mix at 150 days
using the same standard cube volume (m?3) and density (kg/m?)
parameters. Quantitatively, the control concrete achieved a
minimum compressive strength of 15.17 N/mm? at 7 days,
which advanced to averages of 20.66 N/mm? at 21 days, 25.76
N/mm? at 56 days, and reached a terminal maximum value of
26.93 N/mm? at 150 days. In comparison, the BSC mixtures
exhibited compressive strengths of 9.38 N/mm? at 7 days,
12.83 N/mm? at 21 days, 15.22 N/mm? at 56 days, and 15.35
N/mm? at 150 days. Chronological tracking verified a match-
ing reported strength difference threshold of 43% between the
configurations. Specifically, the control concrete demon-
strated sequential strength increments of 36% over the first 21
days, 61% at 56 days, and 66% by 150 days, yielding a mean

30

Control (N/mm?)

Difference (N/mm?) % difference

11.58 43

progression rate of 22% across the entire evaluation matrix.
Conversely, the BSC mixtures showed corresponding strength
expansions of 37%, 53%, and 54% across identical intervals,
maintaining a mean progression rate of 18%. This marginal 4%
variability in strength development behaviour is directly at-
tributable to the chemical interaction boundaries between the
cement matrix and the native bitumen fraction. While this phe-
nomenon limits early-stage hydration, the subsequent strength
development remains gradual and continuous. Consequently,
by 56 days of curing, the absolute strength profiles of the sus-
tainable BSC variations began to converge closely with the
parallel improvement curves established by the conventional
river sand control mix. The timeline of mechanical perfor-
mance across the entire testing period is illustrated in Figure
5, which graphically maps the compressive strength develop-
ment up to 150 days using the data compiled in Table 4.

This strength-age behaviour is consistent with the curing
literature: water curing provides steady strength development
and serves as a performance benchmark, while interrupted
curing produces significant mid-age strength reductions of up
to 19% [17, 18], and the decelerating character of the curve
underlies the logarithmic fits of Section 4.6, in line with car-
bonation-driven pore refinement and matrix densification at
later ages [18].

~&— Series 2 (Line)
0 Series 1 (Bar)

25 1

20 1

154
12.83

10.74

Strength (N/mm?)

10 4

26.93
25.88

25.76

15.35

14 21

28 56 90 150

Curing Age (Days)

Figure 5. Compressive strength development to 150 days.

3.4. Density and Structural Classification

The typical BSC density obtained was 2213 kg/m3 with a
compressive strength of 13.41 N/mm?, compared with 2462
kg/m?® and 22.32 N/mm? for the control; the difference of less
than 10% in density and around 40% in strength indicated that
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the bituminous concrete is suitable for normal weight (struc-
tural) structures. The designed wet density of 2460 kg/m?® from
the mix design is essentially recovered in the measured control
hardened density (2482.96 kg/m® at 150 days), confirming
batching fidelity. A 7-day BSC density of 2145.19 kg/m® was
recorded in the strength tests.
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3.5. Durability: Water Absorption

The durability performance of the hardened concrete mix-

tures was monitored across all testing intervals, with the per-
centage water absorption at the different curing ages summa-
rized in Table 5.

Table 5. Percentage water absorption of the river sand (control) and bituminous sand concretes at each curing age, with the average values

used to assess durability and moisture resistance.

Curing age (days) River sand concrete (%)
7 10.58

14 13.18

21 11.34

28 12.62

56 12.83

90 9.34

150 9.67

Average 11.37

These values fall within the general standard range of water
absorption percentages, typically set between 10 to 15% for
normal weight concrete, establishing a crucial connection be-
tween the test outcomes and the expected performance of the
concrete; the ability to maintain water absorption within this
range over different curing periods is indicative of the con-
crete's durability and resistance to water. A mathematical val-
idation of the fluid transport dynamics was performed using
the experimental datasets, confirming the worked check of Eq.
(6) for the river sand concrete at 7 days as tabulated. The re-
sulting average water absorption values of 11.37% for the con-
ventional river sand concrete and 11.30% for the alternative
mixture demonstrate robust durability indicators and reliable
moisture resistance across both design matrices. These uni-
form transport properties provide clear assurance that both
concrete variants satisfy standard structural specifications
necessary to maintain microstructural integrity throughout
their anticipated service life. This performance corresponds
directly with established multi-method pore-structure evi-
dence demonstrating that internal porosity and localized water
retention mechanisms fundamentally govern long-term con-
crete durability [54]. Furthermore, these trends match parallel
findings from the M15 baseline model, where extended curing
protocols effectively reduced concrete water absorption from
6.45% to 5.65%, representing a 12.4% total reduction, while
simultaneously increasing net compressive strength by 39.4%
[19].
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Bituminous sand concrete (%)

11.46
12.40
12.13
11.16
11.55
10.09
10.34
11.30

3.6. Regression Models and Statistical
Adequacy

Beyond the isolated curing-age trendlines, the multi-varia-
ble regression analysis generated comprehensive mathemati-
cal models to predict structural performance. Distinct model
structures were established for the river sand concrete and the
bituminous sand concrete, defining compressive strength as a
function of operational design features, including curing age
(a), cement content (b), fine aggregate volume (c), and coarse
aggregate fraction (d). To determine the most accurate math-
ematical relationship between concrete maturity and compres-
sive strength, different regression types were evaluated. Table
6 presents the curing-age regression models and coefficients
of determination (R?) for the control (river sand) concrete,
comparing exponential, linear, logarithmic, and polynomial
fits.

Table 6. Curing-age regression models and coefficients of determi-
nation (R2) for the control (river sand) concrete, comparing expo-
nential, linear, logarithmic and polynomial fits.

Model type Equation R2
Exponential 0.282e"(0.2136x) 0.8692
Linear 8.4178x — 135.56 0.584
Logarithmic 167.71In(x) — 464.96 0.5436
Polynomial 1.859x2 —70.165x + 657.13 0.7762
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3.7. Regression Models and Statistical
Adequacy

Beyond the isolated curing-age trendlines, the multi-varia-
ble regression analysis generated comprehensive mathemati-
cal models to predict structural performance. Distinct model
structures were established for the river sand concrete and the
bituminous sand concrete (BSC), defining compressive
strength as a function of operational design features, including
curing age (a), cement content (b), fine aggregate volume (c),
and coarse aggregate fraction (d). Various mathematical func-
tions were evaluated to determine the best relationship be-
tween curing time and strength development.

Table 7. Curing-age regression models and R? values for the control
concrete.

Model type Equation R?
Exponential 0.282¢(02136%) 0.8692
Linear 8.4178x — 135.56 0.584
Logarithmic 167.71In(x) — 464.96 0.5436
Polynomial 1.859x% — 70.165x + 657.13 0.7762

Table 8. Curing-age regression models and coefficients of determi-
nation (R2) for the bituminous sand concrete, comparing exponential,
linear, logarithmic and polynomial fits.

Model type Equation R?

Exponential 11.505¢"(0.0026x) 0.4539
Linear 0.0331x + 11.677 0.4764
Logarithmic 2.06441n(x) + 6.1839 0.8008
Polynomial —0.0007x2 + 0.1369x + 9.6425 0.7819

The curing-age regression models and their R? values for
both concretes are compared in Tables 7 and 8, and the corre-
sponding regression statistics are summarized in Table 9.

Table 9. Regression statistics for the compressive strength of the con-
trol and bituminous concretes.

Statistic Control BSC
Multiple R 0.9850 0.9826
R Square 0.9702 0.9655
Adjusted R Square —0.0497 —0.0576
Standard error 0.8508 0.4559
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Statistic Control BSC

Observations 7.0000 7.0000

ANOVAF (df 5, 3) 48.8394 419178

Significance F 0.0000 0.0000

Intercept (t Stat, p) 10.9017 (7.0852,  7.3583 (8.9237,
P P 0.0058) 0.0030)

Curing age coefficient  —0.0717 —0.0479

(t Stat, p) (—3.4894, 0.0398) (—4.3570)

The best-fitted trend for the control and bituminous con-
cretes was the logarithmic. Standard errors show that, for bi-
tuminous concrete, the linear models for curing age and ce-
ment provide the best fit; all four models fit the fine aggregate
variable similarly, whereas the coarse aggregate variable
posed issues with the linear and logarithmic models, the expo-
nential and polynomial variants performing better. The F-sta-
tistics were very large, approximately 187.68 and 757.64 for
compressive strength and curing age, indicating significant
differences for both mixes. The calculated t-statistic of 2.14 is
less than the critical value of 2.57, so the null hypothesis is
accepted and the model deemed adequate. The p-values sup-
port this conclusion; although both concretes exhibit signifi-
cant mean differences between curing age and compressive
strength, no significant difference in observed parameters ex-
ists between the concrete types. Curing age is therefore the
most relevant factor governing adequate strength, mirroring
ANOVA-based practice in related concrete research [55] and
the decelerating strength-age trajectory under prolonged cur-
ing [18].

3.8. Machine-learning Framework

The adequacy-verified MLR equations constitute the trans-
parent baseline for ML benchmarking. The modeling enve-
lope was rigorously benchmarked across 1,030 preprocessed
data samples. The dataset was initially split into a 70% train-
ing and 30% testing partition, with the ANN training matrix
further sub-allocated into 70% training, 15% validation, and
15% testing subsets. Ultimately, the ANN achieved superior
predictive accuracy and computational efficiency, outper-
forming multiple linear regression, support vector machines,
and regression tree alternatives. Furthermore, across an inde-
pendent set of 1,234 compressive strength evaluations modu-
lated by eight operational predictor variables, the support vec-
tor regression model generated a coefficient of determination
of R2=0.897 (RMSE = 6.535 MPa), while the gradient boost-
ing framework achieved an R? = 0.885 (RMSE = 5.437 MPa).
Comparatively, the parallel ANN design converged at an R? =
0.894 alongside the absolute lowest root-mean-square error of
5.192 MPa, validating the exceptional capacity of neural net-
work architectures to characterize high-dimensional dataset
non-linearities and preserve target response variances [21].
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For high-strength concrete, XGBoost (R? = 0.94) outper-
formed other models on a dataset of 167 mix records [27].
Because the mixture-strength relationship is significantly non-
linear, making an adequate single regression expression chal-
lenging [27], ML implementation accelerates strength deter-
mination, reducing testing costs [27], and for in-situ assess-
ment, the SonReb literature confirms the best performance of
the ANN approach [24, 25], with ANN enabling practical
strength evaluation where mix records are unavailable [56].
XAl techniques should accompany deployment to improve
transparency and interpretability of the strength predictions
[28, 48].

4. Conclusions

4.1. Key Findings

Bituminous sand from Ondo State is well graded (C.
4.495 vs 3.959 for river sand), with specific gravity 2.60, bulk
density 1717 kg/m?, water absorption 0.70% and silt content
4.98% within the 8% limit, confirming its suitability as a fine
aggregate. In fresh state, BSC was more workable than the
river-sand control (slump 55 mm vs 30 mm; compacting fac-
tor 0.49 vs 0.46). Under water curing, BSC strength grew
steadily with age, reaching 15.35 N/mm? at 150 days against
26.93 N/mm? for the control (a 43% difference at 150 days),
and its density (2213 kg/m? at 13.41 N/mm?) fell within 10%
of the control (2462 kg/m? at 22.32 N/mm?), classifying it as
normal-weight concrete. Water absorption remained within
the 10-15% band (averages 11.37% and 11.30%). Among the
multi-model regressions, the logarithmic model best fitted
BSC (R? = 0.8008) and the exponential model best fitted the
control (R? = 0.8692); adequacy was confirmed by F-statistics
of 187.68 and 757.64 and by a t-test (2.14 < 2.57). The bench-
mark-supported ANN framework (R? = 0.894; RMSE 5.192
MPa) provides a reliable data-driven prediction route.

4.2. Practical Implications

The results position bituminous sand as a technically viable,
sustainable fine aggregate for normal-weight concrete, partic-
ularly in hybrid and non-structural applications where the
strength penalty relative to river sand is tolerable. Because the
material is locally abundant in Ondo State and its processing
does not require the energy-intensive crushing associated with
manufactured sand, its use can reduce pressure on riverbeds,
lower transport-related emissions and support circular-econ-
omy objectives in the Nigerian construction sector. The devel-
oped regression models and the five-stage ML framework
give engineers a practical means of estimating compressive
strength from curing age and mix parameters, reducing the
number of destructive tests required during mix design and
quality control.
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4.3. Limitations

The study evaluated only two mixes across seven curing
ages (n = 7), so the regression and ML models are based on a
small dataset that increases the risk of overfitting and limits
generalization. The experimental programme covered a single
cement type, a single water/cement ratio and one grade (M25),
and durability was assessed only through water absorption;
long-term durability indicators such as chloride penetration,
carbonation and freeze-thaw resistance were not investigated.

4.4. Future Work

Future work should (i) expand the dataset and train the
ANN on augmented BSC datasets to improve robustness and
generalization, incorporating larger benchmarks of approxi-
mately 1,030 records; (ii) extend the framework to additional
mix proportions, cement types and water/cement ratios; (iii)
evaluate long-term durability performance of BSC; and (iv)
pair the predictive models with explainable-Al interpretation
to improve transparency for deployment in practice.

Abbreviations
ANN Artificial Neural Network
ASTM American Society for Testing and Materials
BS EN British Standard European Norm
BSC Bituminous Sand Concrete
Cc Coefficient of Curvature
CF Compacting Factor
Cu Uniformity Coefficient
Do Effective Particle Size (10% Finer)
D3 Particle Size at Which 30% Are Finer
Deo Particle Size at Which 60% Are Finer
MAD Mean Absolute Deviation
MAPE Mean Absolute Percentage Error
MC Moisture Content
ML Machine Learning
MLR Multiple Linear Regression
MSE Mean Squared Error
OoPC Ordinary Portland Cement
ORCID Open Researcher and Contributor ID
R Correlation Coefficient
R? Coefficient of Determination
RAP Reclaimed Asphalt Pavement
RMSE Root Mean Square Error
SVR Support Vector Regression
SVM Support Vector Machine
WA Water Absorption
XAI Explainable Artificial Intelligence
XGBoost  Extreme Gradient Boosting
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