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Abstract

Cement industry is one that encourages the need to develop sustainable solutions sooner in realizing its significant
carbon footprint. But mechanical characteristics and environmental performance of alkali-activated recycled
aggregate concrete (AARAC) have not been yet addressed comprehensively, especially with the inclusion of the
supplementary cementitious materials sourced to industrial byproducts. The present research is an in-depth
analysis of alkali-activated recycled aggregate concrete (AARAC) including industrial byproducts, in which both
experimental and computational modeling is performed. Nine concrete formulations with different ratios of fly
ash (FA), ground granulated blast furnace slag (GGBS), and silica fume (SF) as the main binders were tested in
a systematic way to determine their rheological properties, mechanical result, and environmental performance
based on life cycle assessment (LCA). Three machine learning models, namely Support Vector Regression (SVR),
XGBoost (XGB) and LightGBM (LGBM) are applied to predict the compressive strength and optimized with

particle swarm optimization (PSO), in such a way that SHAP can be used to understand the model.

It was found that the addition of GGBS significantly improved the mechanical performances and 40%
replacement of GGBS special concrete showed valued compressive strength of 120.36 MPa, which means 168%
performance improvement when compared to normal OPC concrete. The model showed that the XGB had the
best prediction capacity with R? value of 0.905 with curing temperature and the coarse aggregate as key factors
that influence development of strength. LCA output reveals how the AARAC allowed environmental benefits

including the global warming potential that was reduced by 41% in balance with FA-dominant type mixes as
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compared to OPC structures. In this study, a forward, aggressive challenge was made to advance self-sustainable
high-performance concrete construction by synergistically coupling state-of-the-art materials characterization and

machine learning parameters optimization.

Keywords: Alkali-activated concrete, Recycled aggregate concrete, Machine learning optimization, Geopolymer

binders, Life cycle assessment.



1. Introduction

The ordinary Portland cement (OPC) industry is rich in the global construction sector with its emissions estimated
at 5-7 percent of all global CO> emissions generated by the intense energy consumed and clinkerization procedure
[1], [2]. OPC manufacturing requires the calcinations of limestone with high temperatures estimated to be greater
than 1400°C [3], [4], and as such, this process results in high CO2 emissions through the combustion of fuel and
raw materials degradation. Moreover, natural resources are exhausted and environmental degradation is
accelerated by the cement industries using too much mining and energy-consuming operations. Alkali-activated
materials (AAMs) have been developed as a result of growing interest in more sustainable/environmentally
friendly alternatives to traditional cement-based products; these use industrial waste products such as fly ash,
ground granulated blast furnace slag (GGBS) and silica fume to create geopolymer binders. As opposed to OPC,
these binders are not calcinated, thus considerably cutting the carbon emissions, and having an improved
mechanical behaviour, increased durability and resistance to hostile environments [5], [6]. Geopolymer concrete
(GPC) had proven to be extremely strong, barely permeable, and highly resistance to all forms of chemical attack,
which is a leading factor that makes it a potential material towards curbing up to 80% of global warming through
cement production [7], which will later lead to the destruction of huge carbon footprints in the building and

construction industry.

Production of alkaliactivated concrete (AAC) occurs when the formation of a three-dimensional network of
aluminosilicate gelace network occurs [8], [9], [10], [11]. The reaction of polycondensation forms a very durable
matrix giving enhanced mechanical properties and fire resistance, as well as sulfate and acid attack resistance
[12], [13], [14]. SiO2 and Al>O3 rich fly ash of type F would be a good precursor since it is highly pozzolanic;
though the poor concentrations of calcium are a disadvantage because early strength ability can be achieved [15],
[16]. The addition of GGBS that has greater CaO content augments the formation of calcium silicate hydrate (C-
S-H) gel and geopolymeric reaction products, improves strength and durability. Further, the highly reactive, ultra-
fine silica fume enhances densification of the interfacial transition zone (ITZ) [17], minimizing porosity, and

enhancing microstructural integrity.



Sodium hydroxide (NaOH) and sodium silicate (Na>SiOs) are the commonly applied alkali activators in the
process of alkali activation. NaOH makes aluminosilicate phases to dissolve and hence make the reaction kinetics
faster and result in a denser geopolymer network. NaOH-based systems are cost-effective and tightly controlled
in reactivity compared to other activators like potassium hydroxide (KOH) or mixed alkaline solutions [18], and
hence are also suitable for large scale systems. Also, AAC possesses a better resistance to alkali-silica reaction

(ASR) in minimizing the risk of undesired expansion in concrete structures [19], [20], [21], [22].

However, extensive research has been carried out on alkali-activated systems based on natural aggregates, but not
much effort has been put in to AAC using recycled aggregates (RA). As a recycled aggregate concrete (RAC),
recycling of the construction and demolition waste provides an environmentally friendly solution, pressure to
construction and demolition waste as well as the ease in utilization of the natural resources is offset [23], [24].
Nevertheless, the porous structure, unevenness, and the presence of mortar in RA have adverse consequences on
RA mechanical properties and durability of concrete. The additional difficulties are even more complicated in
alkali-activated systems where precursor activator aggregates interactions are very nonlinear [25]. The past
studies of alkali activated recycled aggregate concrete (AARAC) in individual supplementary cementitious
materials (SCMs) have been done more specifically in view of fly ash or GGBS based geopolymer concrete.
According to study by Ho et. al [26] high-volume fly ash geopolymer concrete has a long-term satisfactory
strength and needs high temperature of cure to speed up the kinetics of reaction. Conversely, according to Pratap
et. al. [27] GMBS-based geopolymer binders gain early strength because of the caesium phases that exist. Using
GGBS based AARAC, Tejas et al. [28] managed to attain compressive strength of 85 MPa. Another reduction in
porous surface and micro-cracks in aggregates is reported improving on the Alkali activators [29]. According to
Nanayakkara et al. [29], porous surface was dense due to the gel networks and there was an increase in mechanical
and durability performance of weak recycles aggregate. Adding silica fume as a second addition has also emerged
as a possible way of microstructural refinement, reduction of permeability, and ITZ performance [30], [31], [32].
Nevertheless, a limited number of studies exist on synergetic effect of fly ash, GGBS and silica fume in the same

binder system and their overall influence to its strength, durability and microstructure.



Additional factors of the AARAC development include mixing design optimization that has not been yet
overcome, as precursors do not form an even mixture and SCMs reactiveness might vary. The conventional
methods of mix design are by empirical purview, which is cumbersome, resource-consuming. New developments
in the field of machine learning (ML) suggest methodologies that have great potential in predicting the
compressive strength of AARAC with consideration of chemical compositions, mix proportions, and curing
conditions. Research on ML models including artificial neural network (ANN) and decision tree algorithms have
been found to provide better results in the prediction of strength than the linear regression modeling [33], [34].
Nonetheless, the studies focusing on ML-based predictive modeling of the combined effect of fly ash, GGBS,
and silica fume have not been done yet. Besides, the comparison is also not done dwelling on the identification
of a correlation between chemical properties and compressive strength, which is imperative to the optimization

of mix design parameters.

Strength optimization in parallel to evaluating environmental viability of AAC on a broader sustainability level
is essential as well. Owing to its high-profile favorability as an eco-friendly alternative to OPC, the true
environmental impact of AARAC is determined by a number of factors, primarily being AAC precursor, alkali
activator manufacturing, and transportation. Thus, life cycle assessment (LCA) plays the critical role of defining
the net positive impacts to environment and possible trade-offs on the AARAC production chain. LCA also allows
measuring the resource consumption, energy efficiency, and emission during the entire life cycle, referring to
both extraction of the raw material and concrete production [35]. Although other researched studies have
conducted LCA on OPC and in a case-by-case SCM -based systems [36], [37], [38], the number of in-depth LCA
research conducted on AARAC, in particular involving numerous SCMs and recycled aggregates, is low. In
addition, the association of LCA information with ML models presents a new solution to achieve dual
optimization of the mechanical performance and environmental effect, which ensures parallel targets of material

design towards adopting sustainable strategies.

However, this study was set to address these gaps attempting to evaluate and compare mechanical behavior of
alkali activated recycled aggregate concrete and the fly ash, GGBS and silica fume when used alone and in blends

respectively. Thus, the key objective of this study is to evaluate mechanical performance of alkali activated



recycled aggregate concrete as well as developing the best suited machine learning model for parameter

optimization and life cycle assessment for potential environmental constraints.

2. Materials and methods

2.1 Binders

In this study, fly ash (FA) was utilized as the primary binder, while Silica fume (SF) and ground granulated blast-
furnace slag (GGBS) were employed as secondary binders. Low-calcium fly ash (Class F) was used following
BDS EN 197-1:2003 and ASTM C618 standards. Figure 1 (b), (c) and (d) presented these binder materials used
in this study. The fly ash utilized in this investigation was sourced from Lafarge-Holcim Bangladesh Limited,
Dhaka. Silica fume, conforming to BDS EN 197-1:2003 and ASTM C1240 standards, was procured from
NEOTECH Construction Chemical Company Ltd, Dhaka. GGBS, an industrial by-product of iron production,
was obtained from Bengal Cement Ltd, Munshiganj, Bangladesh, meeting the specifications of BDS EN 197-

1:2003 and ASTM C595. The chemical composition of these binders is presented in Table 1.

Table 1: The chemical composition of Fly Ash, Silica Fume & GGBS.

Chemical Fly ash (%) Silica Fume GGBS (%)
Components (%)

Si0 50.20 90.20 33
FexOs 3.32 1.67 0.27
Al O3 40.10 0.82 15.3

CaO 1.29 1.24 38.9
MgO 0.20 - 7.54

SO3 0.45 1.2 2.84
Na;O 0.06 - 0.28

K>0O 0.93 4.02 0.37

TiO> 2.38 - 0.92




MnO 0.05 - 0.27
P20s 0.66 - -
NiO 0.01 - -
CuO 0.0158 - -
ZnO 0.0068 - -
PbO 0.0073 - -
Bao - - 0.11

2.2 Fine and Coarse Aggregates

This research incorporated river sand as the fine aggregate and employed recycled coarse aggregate (RCA) with
a particle size distribution ranging from 4.75 to 20 mm. Fine aggregates were sourced from the local market and
recycled aggregate (RA) were sourced from demolished high strength concrete specimens from RUET, Rajshahi,
Bangladesh (presented in Figure 1 (a)). The physical characteristics of the aggregates, including the fineness
modulus, specific gravity, and both loose and compacted bulk density, were analyzed in compliance with ASTM
standards. Specifically, ASTM C136/C136M-19 was followed for fineness modulus determination, ASTM C127-
15 for specific gravity measurement, and ASTM C29/C29M-17a for bulk density evaluation under both loose and
compacted conditions. The physical characteristics of the sand and RAC are detailed in Table 2.

Table 2: Physical Properties of sand and recycled coarse aggregate (RAC).

Properties Sand RAC

Fineness modulus 2.65 7.02

Specific Gravity 2.68 2.73

Loose Bulk Density (kg/m?) 1541 1502

Compacted Bulk Density 1600 1638
(kg/m®)




Figure 1 Coarse aggregate and binders; (a) RCA, (b) Fly ash, (c) Silica fume, (d) GGBS.

2.3 Alkali activators

Alkali activation is pivotal in the formation of geopolymer networks through the activation of aluminosilicate
materials. Sodium hydroxide (NaOH) acts as an effective activator, significantly enhancing the compressive
strength of geopolymer concrete. The optimal concentration of NaOH generally ranges from 6M to 16M, with 14
M frequently employed for enhanced performance. In addition to NaOH, sodium silicate (Na2SiOs) improves
workability and supplies additional silicon, functioning synergistically with NaOH in a dual-activator system. For
this study, a 14M NaOH solution was prepared by dissolving 560 g of NaOH flakes in 1 liter of distilled water,
ensuring gradual addition to prevent excessive heat generation. The sodium silicate solution used in the mixture
contained 16.37% Na-0, 34.35% SiO-, and 49.28% H-O, contributing to the overall geo-polymerization process.

Figure 2 presented the alkali activator used in this study.

Figure 2: Alkali activators; Sodium Silicate and Sodium Hydroxide.



2.4 Mixture Proportioning

The study developed nine distinct geopolymer concrete mixtures, including a conventional reference mix, as
outlined in Table 3. In these mixtures, fly ash served as the primary binder, while silica fume and ground
granulated blast furnace slag (GGBS) acted as secondary binders, mirroring the composition found in ordinary
Portland cement (OPC) concrete. Silica fume and GGBS were each added in varying proportions of 10%, 20%,
30%, and 40% relative to the fly ash content. The design of the geopolymer mix incorporated fine aggregate
(sand) and coarse aggregates (CA), which together accounted for 75.84% of the total volume. The alkali activator-
to-binder ratio was set at 0.4, where the water/cement ratio for control mix were kept 0.3. The alkali activator
solution comprised sodium hydroxide (NaOH) and sodium silicate (Na2SiOs) in a 1:2.5 ratio, with the NaOH

solution having a molarity of 14 M.

Table 3: Geopolymer Concrete Mix Proportions.

Specimen opPC FA GGBS SF NaOH | Na:SiOs | Water Sand CA
ID (kg/m?) | (kg/m®) | (kg/m?) | (kg/m?) | (kg/m?®) | (kg/m?®) | (kg/m?) | (kg/m?) | (kg/m?)
OPC-M40 400 0 0 0 0 0 120 554 1294
F100S0GO 0 400 0 0 45 113 26.104 610 1221
F90S10G0 0 360 0 40 45 113 26.104 610 1221
F80S20G0 0 320 0 80 45 113 26.104 610 1221
F70S30G0 0 280 0 120 45 113 26.104 610 1221
F60S40G0 0 240 0 160 45 113 26.104 610 1221
F90S0G10 0 360 40 0 45 113 26.104 610 1221
F80S0G20 0 320 80 0 45 113 26.104 610 1221
F70S0G30 0 280 120 0 45 113 26.104 610 1221




F60S0G40 0 240 160 0 45 113 26.104 610 1221

2.5 Sample Preparation & Curing

The mixing process commenced with the dry mixing of the binding materials with Sylhet sand in a laboratory
pan mixer for 2 minutes. The alkaline activator solution was prepared 24 hours in advance to allow for the
dissipation of heat generated by the exothermic reaction between NaOH and Na.SiOs. Gradually, the solution was
integrated into the dry mixture, after which water was added, and the mixture was stirred for an additional three
minutes to achieve uniform consistency. Following this, the freshly prepared geopolymer concrete was transferred
into molds for subsequent mechanical evaluation. Compressive Strength & Splitting Tensile Strength: 150 mm x
300 mm cylindrical steel molds, compacted in three layers, with 60 strokes per layer using a 20 mm compacting
rod, in accordance with ASTM C 39 and ASTM C496-90. Flexural Strength: 150 mm x 150 mm x 530 mm beam
molds, prepared in accordance with ASTM C 42. The specimens remained in the molds for 48 hours, followed
by oven curing at 70°C for 24 hours, a temperature selected for achieving maximum strength. Figure 3 presented
the heat curing process geopolymer specimens of the alkali activated concrete. Additionally, the control mix with
only Ordinary Portland Cement (OPC) was cured for 28 days in ambient temperature. Once the curing process

was completed, the specimens were kept at room temperature until the scheduled date for testing.

Figure 3: Heat curing of AARAC specimen.



2.5 Test methods

The workability of fresh concrete was evaluated using the slump test in accordance with ASTM C143 standards.
This test was conducted to determine if the concrete mixture met the necessary workability requirements.
Additionally, slump tests were performed for all replacement options to analyze the effects of substituting silica

fume and GGBS for fly ash on concrete workability, presented in Figure 4 (a).

The compressive and splitting tensile strength tests were executed in alignment with ASTM C140 guidelines. The
setup was highlighted in Figure 4 (b) & (c). The cylindrical specimens underwent evaluation using a calibrated
compression testing apparatus with a 3000 kN capacity. Ten cylindrical specimens, each with dimensions of 150
x 300 mm, were subjected to compressive strength testing, while another set of ten specimens of identical size
was tested for splitting tensile strength at the 28-day mark. Flexural strength assessments were carried out on a
set of ten beam specimens, each measuring 150 x 150 x 530 mm, under the curing conditions previously outlined

(presented in Figure 4 (d)). These assessments were conducted in compliance with the ASTM C293-02 standard

to evaluate the concrete's flexural strength.

- e
i

Figure 4: Rheological & Mechanical Properties Testing of Geopolymer Concrete Specimen; (a) slump, (b)
compression test, (c) split tensile test, (d) flexural test.



2.6 Machine learning models

2.6.1 Dataset development

Table 4 presented the statistical summary of the dataset used for ML models. The data set for this study developed
from two sources: experimental data taken from recent peer-reviewed publications and the experiment outcomes
from this research. The collection includes a wide range of alkali-activated concrete (AAC) mixes that use fly
ash, ground granulated blast furnace slag (GGBS), and silica fume, both on their own and in combination with
other materials. We only considered at material that had been published in the last ten years to make sure it was

still relevant and that the experimental circumstances were the same.

The goal of the prediction is to find the compressive strength (CS), which is measured in megapascals (MPa) and
ranges from 7.6 MPa to 73.02 MPa, with an average of 28.27 MPa. We chose eight important independent
variables based on how they affect AAC performance in terms of their chemical and physical properties. These
were fly ash, silica fume, GGBS, coarse aggregate (CA), fine aggregate (FA), curing temperature, activator
molarity, and the alkali activator-to-binder (AA/Binder) ratio. The amount of fly ash can be anywhere from 0 to
410 kg/ms3, the amount of silica fume can be anywhere from 0 to 160 kg/m3, and the amount of GGBS can be
anywhere from 0 to 370.6 kg/m3. This shows that there are many different combinations of binders. The amount
of CA and FA in the air is between 875 and 1294 kg/m? and 554 and 875 kg/m3, respectively. The temperature
at which the curing process happens ranges from 28°C to 100°C, with an average of 45.44°C. The activator

molarity can be anywhere from 8 to 16 M, and the AA/Binder ratio can be anywhere from 0.35 to 0.6.

To keep the data accurate, we left out all records that had missing or conflicting values. The last dataset has 108
whole observations. To normalize the data, we used the StandardScaler approach to standardize all of the input
features before training the model. This is important for making machine learning algorithms that are sensitive to

feature scaling work better. Each chosen feature has a big effect on how AARACC works.



Table 4: Statistical description of dataset for ML models.

Statisti Fly Silica GGB | CA FA | Temperatu | Molarity( | AA/Bind CS
cs Ash Fume S re M) er (MPa)
Mean 1209.3 | 612.9
315.16 12.67 | 58.71 8 4 45.44 11.85 0.46 28.27
SD 105.7
109.59 29.67 5| 12293 | 91.51 24.69 2.83 0.081 17.02
Min 0 0 0 875 554 28 8 0.35 7.6
25% 284.9 0 0| 1154.7 554 28 10 0.4 14.4
50% 360 0 0 1293 554 28 12 0.45 20.9
75% 390 0| 814 1294 | 610.5 70 14 0.5 40.1
Max 410 160 | 370.6 1294 875 100 16 0.6 73.02

2.6.2 Model development and validations

We used three distinct supervised machine learning algorithms—Support Vector Regression (SVR), eXtreme
Gradient Boosting (XGB), and Light Gradient Boosting Machine (LGBM)—to guess the compressive strength
of alkali-activated concrete (AAC). We chose these models because they have been shown to work well for
regression tasks and can handle nonlinear connections and complicated interactions between features, which are

common in concrete mix design parameters.

Support Vector Regression (SVR) is a kernel-based method that comes from Support Vector Machines. Its goal
is to discover a function that fits the data within a certain margin of tolerance (epsilon) while keeping the model
simple. SVR works well with high-dimensional data and is less likely to overfit when there aren't many training

examples. XGBoost is a more advanced version of gradient boosting that trains many weak learners (usually



decision trees) one after the other. Each new tree fixes the mistakes made by the preceding one. It uses
regularization methods to stop overfitting and gives great predicted accuracy and rapid calculations. It is an
excellent choice for modeling AAC behavior because it can capture intricate interactions between features.
Another strong gradient boosting framework is LGBM. It generates trees using a leaf-wise growth strategy instead

of a level-wise one. This lets it train faster and more accurately on huge datasets.

We split the dataset into training and test sets with an 80:20 ratio to see how well the model worked. We trained
all of the models on the training data and then tested them on the test data that we hadn't seen before. Grid search
and cross-validation were used to find the best hyperparameters so that models may be compared in a fair and
strong way. SVR used standardized input characteristics, while tree-based models (XGB and LGBM) were

trained on data that hadn't been scaled because they don't care about scaling features.

For the model optimization, used hyperparameters are presented in Table 2. We used three popular regression
metrics to measure how well the model worked: the coefficient of determination (R?), the root mean squared error

(RMSE), and the mean absolute error (MAE). The mathematical expression of these metrics are:
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2.6.3 Model optimization techniques

This work used Particle Swarm Optimization (PSO) as the optimization method to improve the prediction power
of the machine learning models and find the best hyperparameters. PSO is a metaheuristic algorithm that is based
on nature and simulates how birds flock or fish school. It does this by having a group of candidate solutions,

called particles, move through the solution space to find the best values based on both individual experience and



group knowledge. PSO is better than exhaustive grid search or random search at finding your way through vast,
high-dimensional hyperparameter spaces. This makes it a great way to tune complex regression models like SVR,
XGB, and LGBM. The method adjusts the position of each particle over and over again, using its own best-
known position and the swarm's best-known position. This balances exploration with exploitation to find the best
hyperparameter combinations. We used PSO in this study to find the best hyperparameters for each of the three
models. The goal of the optimization procedure was to lower the prediction error, which was measured using
cross-validation on the training set. Table 5 shows the final hyperparameters chosen by PSO. For SVR, these
include the kernel type, penalty parameter (C), and epsilon; for XGB, the number of estimators, learning rate, and
tree depth; and for LGBM, the number of leaves, learning rate, and regularization terms. After that, the models

were retrained using these adjusted parameters and then tested on the test data.

The use of PSO fits well with the goal of effectively forecasting the compressive strength of alkali-activated
concrete systems, where there are complicated nonlinear connections between the input features and the target
strength values. The different mix designs and chemical activator qualities make things a little different, which

is why a strong optimization technique that can find small interactions is useful.

Table 5: Used hyperparameters for the ML models.

Model Hyperparameter Selected Value
Kernel rbf
C (Penalty parameter) 100

SVR
Epsilon 0.1
Gamma scale
n_estimators 200
max_depth 7

XGB learning_rate 0.05
subsample 0.8
colsample_bytree 0.8




reg_alpha (L1) 0.01
reg_lambda (L2) 1
n_estimators 300
max_depth 10
learning_rate 0.05
num_leaves 31
LGBM

feature_fraction 0.8
bagging_fraction 0.8
lambda_I1 0.1
lambda_I2 1

2.7 Life cycle assessment process

The environmental effects linked to the manufacturing of the alkali-activated recycled aggregate concrete
(AARAC) were measured with the help of a life cycle assessment (LCA). The assessment was based on a cradle-
to-gate system boundary and would involve all the upstream and manufacturing processes beginning at extraction
of raw materials and the manufacture of fresh concrete. Supporting data were obtained by using LCA (OpenLCA
2.0.4) and background life cycle inventory (LCI) data were supplied by ecoinvent v3.10 database which is one of
the most popular and peer reviewed LCI databases. Table 6 presented the Life cycle inventory for input and output

resources.

A 1 m?® of fresh AARAC was used as the functional unit and five key stages that comprised the system boundary
included,; (i) production and preparation of supplementary cementitious materials (fly ash, ground granulated blast
furnace slag, and silica fume); (ii) upstream energy production, excavated and processed construction and
demolition waste to produce recycled aggregates; (iii) production and preparation of alkaline activators (sodium
hydroxide and sodium silicate); (iv) production and preparation of upstream energy, coal, oil, and natural

Transportation and end-of-life stages were subtracted. The synergies of the energy inputs were modeled on the



basis of the ecoinvent processes in the form of average world production mixes of coal-based electric power
inputs, crude oil-based fuels and natural gas combustion. The sources have been chosen to present the leading
contributors to non-renewable sources used in processing raw material and production of concrete. As reported
earlier in other studies, the alkali activator manufacturing especially the ones that are based on sodium silicate
were energy intensive and thus played a major role in fossil fuel depletion and global warming potential. Midpoint
impact categories, such as global warming potential (GWP), scarce fossil resources and acidification potential as

well as eutrophication potential were used as an assessment of the environmental impacts.

Table 6: Life cycle inventory for input and output resource of AARAC.

Resource Input (MJ) Emission Output (kg)
Ener CO; | CO | CH: | NMVOC* | SOz | NH
MixID | Energy | Energy | 1% i 4 2 3
from from
: Natural
Coal Oil
Gas
OPC-M40 333| 985| 305| 402.216| 2.628| 0.649 2.013 | 5571 2.628
F100S0G0 315|  968|  305| 236.873| 1.371| 0.428 1174 | 3.003| 1.19
FI0S10G0 318| 973  306| 241.273| 1.391| 0.3 1182 | 3.043 | 1.198
F80520G0 321| 9078|397 245673 | 1.411| 0.432 1.19 | 3.083 | 1.206
F70S30G0 324| 983| 308| 250.073| 1431 0.434 1198 | 3.123| 1.214
F60540G0 327| 988  309| 254.473| 1.451| 0.436 1.206 | 3.163 | 1.222
F90S0G10 318| 973|  396| 242.873| 1411 0432 1194 | 3.083| 1218
F8050G20 321|  97.8| 397 | 248.873| 1.451| 0.436 1214 | 3.163 | 1.246
F7050G30 324| 983  398| 254.873| 1.491| 0.44 1.234 | 3243 | 1.274
F60S0G40 327| 988|  309| 260.873| 1.531| 0.444 1254 | 3.323| 1.302

*NMVOC = non-methane volatile organic compounds.

3. Result and discussion

3.1 Rheological Properties

The workability of geopolymer concrete, assessed through slump testing, demonstrated notable variation
depending on the binder composition. The Figure 5 presented the slump values of each trial mix. The reference

OPC mix (OPC-M40) achieved the highest slump value of 84.7 mm, attributed to the lubricating effect of



hydration products in Portland cement systems. In contrast, the geopolymer control mix containing 100% fly ash
(F100S0GO0) exhibited a slump of 82 mm, representing a minor reduction of approximately 3.2% compared to

OPC.

However, the incorporation of silica fume significantly reduced the slump values. As the silica fume content
increased from 10% to 40% (F90S10GO0 to F60S40G0), the slump values declined progressively from 78.23 mm
to 64.4 mm. Compared to the OPC control, this corresponds to a decrease of 7.6% and 24.0%, respectively, while
relative to the geopolymer control, the reductions were 4.6% and 21.5%. This reduction in workability is primarily
due to the extremely fine particle size and high surface area of silica fume, which increases the water demand and

adsorbs a significant portion of the mixing water, thereby reducing free water available for flow [39].

A similar trend was observed with the inclusion of ground granulated blast furnace slag (GGBS), albeit with a
slightly less pronounced impact. When fly ash was partially replaced by GGBS from 10% to 40% (F90S0G10 to
F60S0G40), the slump values ranged from 75.22 mm to 65.4 mm, indicating a decrease of 11.2% to 22.8%
compared to OPC, and 8.3% to 20.2% relative to the geopolymer control. Additionally, GGBS exhibits higher
reactivity in alkaline environments, promoting early setting and stiffening of the mix, which adversely affects

flowability [40], [41].

While geopolymer concrete can achieve comparable workability to OPC when formulated with 100% fly ash, the
incorporation of silica fume or GGBS significantly reduces slump due to changes in particle morphology,
reactivity, and water demand. These findings underscore the necessity for careful optimization of binder
proportions and potential incorporation of chemical admixtures to maintain adequate workability in high-

performance geopolymer systems.



100

90

80 I
7
6
5
4
3
2
10

o o o O o O
—
(]
|_|

Figure 5: Slump values for each trial mix in mm.
. 3.2 Mechanical properties
3.2.1 Compressive strength

The process of development of compressive strength of alkali-activated recycled aggregate concrete mixtures
varied considerably in regard to the composition and proportion of the binder materials. The Figure 6 depicted
the compressive strength results of each trial mix. The control mix that was prepared with ordinary Portland
cement had a compressive strength of 44.85 MPa which formed the control in this respect. The use of a mix with

100 percent fly ash produced comparable results of 45.98 MPa.

Minor improvements were noted when silica fume was incorporated at 10-20% with fly ash. These mixes
achieved strengths ranging from approximately 50.93 MPa to 65.53 MPa, indicating that while silica fume
enhances the microstructure due to its fineness and high pozzolanic activity, it does not drastically accelerate
strength development when not paired with a calcium-rich precursor. The effect becomes slightly more evident
in mixes containing 30% silica fume, where the compressive strength reached 65.9 MPa. A more significant rise
in compressive strength was observed when GGBS was introduced into the binder composition. A mix with 40%
silica fume and 60% fly ash reached a strength of 73.02 MPa, which is a notable improvement over fly ash and
silica fume-based systems. This indicates that the increased alumina and calcium interaction due to higher silica

fume content and fly ash synergy enhances the gel formation and early strength.



However, the most pronounced improvements were achieved in mixtures where GGBS progressively replaced
fly ash. A binder blend with 10% GGBS and 90% fly ash resulted in a compressive strength of 66 MPa. This
increased further to 85.9 MPa with 20% GGBS, and 105.86 MPa with 30% GGBS. The highest strength, 120.36
MPa, was observed in the mix containing 40% GGBS and 60% fly ash. This steep increase clearly illustrates the
crucial role of GGBS in promoting rapid and substantial hydration, resulting in a dense matrix and high strength
development. The excellent behaviors of GGBS-based mixes are given to its calcium contents that enable
calcium-alumino-silicate-hydrate (C-A-S-H) gels to construct due to the presence of alkaline activation. This gel
gives a compaction, place together architecture, which lessens porousness and boosts the mechanical aspect.
These results emphasize that, although alkali-activated recycled aggregate concrete using fly ash or silica fume
alone can be of equal or slightly superior compressive strength as the OPC based mixes, the incorporation of
GGBS is key to high-strength-performance and aligned with the findings of several research [42], [43], [44]. The
blend containing 40% GGBS was the best formulation and showed the possibility of GGBS-rich alkali-activated
binder as an alternative sustainable binder to conventional cement, where higher strength is required in structural

settings.
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Figure 6: Compressive strengths of different trial mix.



3.2.2 Splitting tensile strength

The alkali-activated recycled aggregate concrete (AARAC) mixtures of different binder materials also showed
great variation in the splitting tensile strength, presented in Figure 7. The control specimen was made out of 100
percent ordinary Portland cement and was seen to have a splitting tensile strength of 5.58 MPa. Conversely,
mixtures that included fly ash as the only precursor and that also had 100 and 20 percent silica fly ash addition
increased only by a marginal degree to close to 5.6 MPa. It implies that pure fly ash, even when high in proportion
with little amounts of silica fume, has little effect on the early micro development of tensile strengths, probably

because the reaction kinetics of pure fly ash is relatively slower, under alkaline activation.

There was a considerable gain in tensile strength after adding ground granulated blast furnace slag (GGBS) to the
binder system. When there was a mixture of 30% silica fume and 70% fly ash the tensile strength was up by slight
increment to become 5.92 MPa and a combination of 60 percent fly ash and 40 percent silica fume had a strength
of 6.73 MPa. These findings reveal that the performance can be improved by increasing silica fume level, which
increases performance partly because of the filler effect and high degree of pozzolanic activity, but it is the

addition of GGBS that yields the greatest increase in performance.

As the proportion of GGBS increased in the mixture, the tensile strength improved substantially. A mixture with
10% GGBS and 90% fly ash achieved a tensile strength of 6.2 MPa, which further increased to 7.2 MPa when
the GGBS content was raised to 20%, and to 7.76 MPa with 30% GGBS. The highest strength, 9.0 MPa, was
observed in the mixture containing 40% GGBS and 60% fly ash. This progressive enhancement is attributed to
the higher calcium content of GGBS, which accelerates the formation of calcium-alumino-silicate-hydrate (C-A-
S-H) gels, resulting in a denser microstructure and stronger matrix. It is, however, proving to be effective in
reduction of the carbon footprint and enhancement of workability which was also reported by previous

studies[45], [46], [47].
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Figure 7: Splitting tensile strengths of different trial mix.

3.2.3 Flexural strength

Results of flexural strength as shown in Figure 8 follow the same trend as splitting tensile strength to some extent
but the gains in strength with incorporation of GGBS are more evident in flexural strength. The flexural strength
of the control mixture made up of ordinary Portland cement was 5.6 MPa and this was used as a standard of
comparison. The specimens that were 100% fly ash and additions of silica fume (10 to 20%) also showed values
that were similar at 5.6 and 5.65 MPa which show that these combinations should not be used to achieve any extra

flexural strength.

As in the tensile strength test, the introduction of GGBS led to significant improvements in flexural strength. A
mixture containing 30% silica fume and 70% fly ash recorded a strength of 5.9 MPa, followed by a mix with 40%
silica fume and 60% fly ash reaching 6.5 MPa. While these improvements are modest, they suggest a synergistic
effect between silica fume and fly ash in enhancing early-age stiffness and bridging capacity across cracks.
Notably, the greatest gains were observed with increasing GGBS content. When 10% of the binder was replaced
with GGBS, the flexural strength rose to 7.41 MPa. This value further increased to 10.0 MPa with 20% GGBS

and continued to climb to 10.76 MPa and 11.55 MPa for 30% and 40% GGBS content, respectively. The trend



clearly demonstrates the pivotal role of GGBS in improving the flexural behavior of alkali-activated concrete.
This enhancement is linked to the rapid and extensive formation of C-(A)-S-H gels due to the higher calcium
content in GGBS, which contributes to better matrix densification and crack resistance. The flexural strength
reached 11.55 MPa with a mixture containing 60% of fly ash and 40% of GGBS, which is over 2 in comparison
with the value of 5.06 in the OPC-based control mix. This highlights the excellence in the mechanical performance
of alkali activated systems where GGBS material serves as an important shareholder. The improved bond with
aggregates and paste and the additional internal cohesion brought about by the denser microstructure are likely to
be the reasons behind the improved performance. Similar findings also reported by several previous studies [48],
[49], [50].
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Figure 8: Flexural strengths of different trial mix.

3.3 Prediction model results

3.3.1 Model performance

Table 7: Statistical metrics of model performance.

Models R2 MAE RMSE




SVM 0.903 3.491 4.982
XGB 0.905 3.345 4911
LGBM 0.884 4.159 5.437

The predictive performance of the three machine learning models—SVR, XGB, and LGBM—was evaluated
using the test dataset, with results summarized in Table 7. Performance was assessed based on three statistical
metrics: coefficient of determination (R?), mean absolute error (MAE), and root mean squared error (RMSE).
Additionally, Figure 9 presented scatter plots comparing predicted versus actual compressive strength values for

each model, visually demonstrating their prediction accuracy.

Among the models, the XGBoost (XGB) algorithm achieved the best overall performance, with an R2 value of
0.905, MAE of 3.345 MPa, and RMSE of 4.911 MPa. This indicates that XGB was able to capture the complex
nonlinear relationships between the mix design features and compressive strength with high accuracy. Its robust
ensemble structure, regularization capabilities, and ability to handle feature interactions likely contributed to its

superior generalization on unseen data.

The Support Vector Machine (SVR) model closely followed XGB, achieving an R2 of 0.903, MAE of 3.491 MPa,
and RMSE of 4.982 MPa. Although SVR performed nearly as well in terms of RZ, it slightly underperformed in
error-based metrics. Again, the Light Gradient Boosting Machine (LGBM) model, while still exhibiting
reasonable performance, ranked third with an R2 of 0.884, MAE of 4.159 MPa, and RMSE of 5.437 MPa. The
slightly lower accuracy may be attributed to its leaf-wise tree growth strategy, which, although faster and more

efficient, can sometimes lead to overfitting, especially in datasets with limited size and moderate noise levels.

XGB’s gradient boosting framework with strong regularization makes it especially adept at capturing subtle
nonlinearities and interactions inherent in multi-binder, variable-curing systems. Previous studies also heighted
the superior performance of ensemble based XGB model for predicting the compressive strength of alkali
activated concrete [51], [52], [53], [54], [55], [56]. In contrast, SVR and LGBM, while effective, may require

further tuning or larger datasets to fully leverage their modeling capabilities By accurately capturing nonlinear



relationships, models like XGB can significantly aid in optimizing mix proportions, reducing trial-and-error, and

accelerating sustainable material development.
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Figure 9: Actual vs predicted CS; (a) XGB model, (b) SVM model, (c) LGBM model.

3.3.2 Residual error analysis

To further evaluate the performance and robustness of the developed machine learning models, a residual error
analysis was conducted. Figure 10 presented a ridge plot that illustrates the distribution of residual errors—defined
as the difference between actual and predicted compressive strength values—for each model: SVR, XGB, and
LGBM. The width of each distribution curve (w) was calculated using kernel density estimation (KDE), providing

a smoothed representation of error dispersion.

Among the models, SVR exhibits the narrowest distribution with a w value of 2.31, indicating that most of its

predictions are tightly clustered around the true values. This suggests that SVR, despite being slightly



outperformed by XGB in terms of overall R2 and RMSE, maintained consistent accuracy across individual

samples with fewer large deviations.

The XGB model, which showed the best overall performance in terms of statistical metrics (Table 6), has a
moderately narrow error distribution with a w value of 2.48. The slightly broader curve compared to SVR implies
occasional under- or overestimations, though it remains well-centered around zero, indicating balanced prediction

tendencies without significant bias.

In contrast, the LGBM model displays the widest distribution of residuals, with a w value of 2.65, reflecting
greater variability and a higher likelihood of larger prediction errors. The broader and flatter shape of the LGBM
residual curve suggests less stability in prediction, which is consistent with its lower R and higher RMSE values.
This may be due to overfitting or sensitivity to certain hyperparameters such as num_leaves and feature_fraction,

particularly given the limited size and diversity of the dataset.

Overall, the residual analysis supports the conclusions drawn from the statistical performance metrics. SVR
offered more consistent predictions, XGB provided a balance of accuracy and robustness, while LGBM exhibited

greater prediction variance.
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Figure 10: Residual error distribution of each model.



3.3.3 SHAP analysis

This study used SHapley Additive exPlanations (SHAP) to figure out how much each input feature affected the
anticipated compressive strength of alkali-activated concrete (AAC). SHAP is a model-agnostic interpretation
approach based on cooperative game theory. It gives each feature an importance value by measuring how much
it affects the model's output. SHAP gives consistent and locally accurate explanations, which makes it a great
choice for complex models like ensemble trees and kernel-based regressors. This is different from other methods
for determining feature importance. Figure 11 showed the SHAP summary plot, which displays the mean absolute
SHAP values for each feature across the three models: SVR, XGBoost, and LGBM. This visualisation makes it
possible to compare how important different input variables are for making predictions about compressive
strength.

Coarse Aggregate (CA) is always one of the most important elements in all three models. CA which was sourced
from recycled concrete aggregate (RCA), was most important in the XGB and LGBM models. It showed how
important aggregate content is for strength development because it affects packing density and load-bearing
structure. Temperature also stood out as a major factor, especially in SVR. This shows how sensitive the
geopolymerization process is to the conditions under which it cures.
Fly Ash, the AA/Binder ratio, and Fine Aggregate (FA) are also essential, but their value varies from model to
model. The LGBM model, for example, gives more weight to the AA/Binder ratio and FA. This is because it can
pick up on small changes in the content of the binder and the gradation of the matrix. The alkaline activator's
molarity and the Na.SOs/NaOH ratio also had a big effect, which supports their significance in controlling the
speed of reactions and the strength of AAC systems. It's interesting to note that GGBS and Silica Fume, although
though they are known to improve concrete performance, had lower SHAP values in most models. This could be
because fly ash is the most common material in the dataset or because the mix designs didn't use GGBS/SF in

very different ways, which made them less statistically important for training the model.
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Figure 11: Absolute importance of independent features by SHAP analysis.

3.3 Life cycle assessment results

A cradle-to-gate life cycle assessment (LCA) was undertaken to determine the environmental performance of
alkali-activated recycled aggregate concrete (AARAC) on the basis of the following four main impact categories:
global warming (GWP), photochemical oxidation, acidification, and eutrophication potential. These outcomes
were compared with the traditional ordinary Portland cement concrete so as to portray the environmental benefits
of alkali activated systems. Figure 12 presented the life cycle passement report for environmental impact of

AARAC.

The mix with OPC-M40 had the highest GWP (51.18 kg CO: -eq), due to the carbon-heavy clinker creation
procedure. Conversely, all alkali-activated blends had low emission, a factor indicating that they are more
sustainable substitutes. The 100% fly ash-incorporated mix registered the lowest GWP (30.14 kg CO»-eq), and
realized a 41 % decrease in GWP as compared to OPC-M40. Such decrease is consistent with the fundamental

sustainability of the fly ash, an industrial byproduct that needs little processing. But with introduction of silica



fume or GGBS the GWP rose slightly. An example is the 40% silica fume mix and 40% GGBS mix which had
GWPs equal to 32.38 and 33.19 kg CO-, -eq, respectively. This increase is indicative of increased embodied energy
requirements of silica fume (because it is produced at a high temperature) and GGBS (which is associated with
granulation of slag). These gains notwithstanding, the alkali-activated mixes all had significantly lower GWP by

35-45% compared to OPC based control mix, demonstrating the benefits in reducing climate change by their use.

Control mixes also covered most of the base in photochemical oxidation potential (0.015 kg C2Has -eq), but alkali-
activated mixes lowered such an influence by up to 47%. This simplest chemistry had the lowest value (0.0088
kg C2Ha -eq), the F100S0GO mix. Likewise, the acidification potential (taken in kg SO2-eq) was very close to 2-
folds as OPC-M40 (0.3856 kg SO2-eq) over F100S0GO (0.2271 kg SO2-eq). The fact that the acidification of
silica fume- and GGBS-containing mixes gradually increases is explained by sources of sulfur dioxide emissions
related to slag processing and sodium silicate activators manufacture. Also, the trend in Eutrophication effects

was similar whereas, alkali-activated mixes out-performed over OPC-M40.

A particularly important trade-off presented by the LCA findings is that although silica fume and GGBS lead to
improved mechanical properties, (Section 3.2) their use increases the environmental burdens compared to the fly
ash -only mixes. An example is that the F60S0G40 mix (40% GGBS) had a compressive strength of 120.36 MPa
at 10 percent extra GWP compared to that of F100SOGO mix. The dichotomy highlights the necessity of balanced
mix designs in which performance requirements are balanced with other sustainability goals. Another hotspot was
the alkali activators (NaOH/Na>SiOz) and they have a significant share of the impact of GGBS rich systems,
which are energy- intensive to produce. The advantage of fly ash-based dominating mixes on the basis of LCA
corresponds with previous publications on low-carbon binders [37], [57]. The increment in moderate effects noted
when using GGBS and silica fume are however justified by the fact that they contribute towards the provision of

high strength applications.
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Figure 12: Life cycle assessment report for environmental impact of AARAC; (a) Global Warming Potential,

(b) Acidification, (c) Eutrophication, (d) Photochemical Oxidation.

4. Conclusion

This paper explored the mechanical behavior and the environmental performance of the high-strength alkali
activated recycled aggregate concrete (AARAC) with the help of machine learning (ML) and particle swarm
optimization (PSO). The studies were aimed at the optimization of mix designs with binders consisting of fly ash
(FA), ground granulated blast furnace slag (GGBS) and silica fume (SF) as well as recycled coarse aggregates
(RCA). A thorough review of rheological, mechanical, and sustainability was performed with the help of

predictive models of ML and the life cycle assessment (LCA). The main conclusions can be stated as follows:



1. Compressive, splitting tensile, and flexural strengths were boosted considerably by the incorporation of
GGBS with the 40 percent GGBS mix recording the highest compressive strength of 120.36 MPa that was
better than conventional OPC concrete (44.85 MPa). Also, the Silica fume enhanced early-age strength
but it had to be withdrawn cautiously as it negatively affected workability.

2. Fly ashes mixes provided better workability (82 mm slump) and silica fume and GGBS decreased the
slump value by up to 24 % and 22.8 % respectively owing to high surface areas and reactivity of these
materials.

3. XGBoost (XGB) model proved more effective than SVR and LGBM to predict the compressive strength,
showing R 2; = 0.905 and RMSE; = 4.911 MPa, making it capable of modifying AARAC mix designs.
Additonally, SHAP analysis revealed that coarse aggregates and curing temperature were the most potent
factors when it comes to the strength prediction.

4. GGBS enhanced the precipitation of calcium-alumino-silicate-hydrate (C-A-S-H) gels giving a more
dense and high strength matrix. Silica fume improved interfacial transition zone (ITZ) and made it less
porous.

5. LCA showed that global warming potential (GWP) decreased 41 percent in using FA-based AARAC than
OPC. Although GGBS and SF contributed marginally to GWP, the mechanical advantages of using
GGBS/SF were worth using it in high-performance applications. Alkali activators (NaOH/Na,SiO3) were
also found to be a hotspot environmental issue because this process is energy intensive.

6. The combination of ML and PSO allowed the optimization of mix design to be efficient without losing
the point of balance between mechanical performance and sustainability. This was reflected in the 40

percent GGBS mix, which provided great strength at moderate environmental trade-offs.

This research advances the understanding of AARAC as a sustainable alternative to OPC, providing actionable
insights for material design, performance prediction, and eco-friendly construction practices. Future work could

explore hybrid binders and low-carbon activators to further reduce environmental impacts.
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