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ABSTRACT: Recycled aggregate concrete (RAC) enables construction waste reuse, but surface micro-cracks on
recycled aggregates (RA) and multiple ITZs from old adhered mortar create extra sulfate transport paths, undermining
RAC’s sulfate resistance. Current studies largely examine single modification methods’ effects on durability, yet lack
sufficient predictive power for how such modifications influence final material properties. This study evaluated nine
concrete mixtures comprising 297 cube specimens and employed sulfate wet-dry cycling experiments combined with
XRD and SEM microscopic characterization to investigate the coupled influence of carbonation-treated RA and
fly ash addition on the compressive strength development and resistance of RAC to sulfate-induced deterioration.
Subsequently, a convolutional neural network–long short-term memory (CNN-LSTM) hybrid model was utilized for
performance prediction. SHAP (SHapley Additive exPlanations) analysis was applied to examine the contribution of
each factor to the prediction outcomes, thereby enhancing the model’s interpretability. The results showed that, under
standard curing, carbonation at 0.5 MPa provided the greatest strength improvement among the carbonation pressures
investigated. After 120 d of continued curing, concrete incorporating RA carbonated at 0.5 MPa (CRAC-0.5) reached
a compressive strength of 47.5 MPa, equivalent to 95.6% of that of natural aggregate concrete (NAC) and 13.9% higher
than that of untreated RAC. Among the combined modification levels tested, the mixture incorporating RA carbonated
at 0.5 MPa and 20% fly ash (FCRAC-20%) exhibited the best overall performance. After 120 sulfate wet-dry cycles, it
retained a compressive strength of 25.6 MPa, corresponding to 82.8% of its baseline strength and comparable to the
strength retention of NAC. By contrast, untreated RAC retained only 1.0 MPa, or approximately 3.0% of its baseline
strength. Carbonation generated CaCO3 that filled old mortar cracks, while fly ash improved the new paste via filling and
pozzolanic reaction; together, they mitigated sulfate ion ingress, thus reducing gypsum and ettringite formation. X-ray
diffraction (XRD) phase analysis further showed weaker gypsum and ettringite reflections in FCRAC-20%, consistent
with reduced sulfate reaction product accumulation. Moreover, the CNN-LSTM model (R2 values of 0.94 and 0.93 on
the training and test sets) accurately predicted strength under various modifications and erosion stages. SHAP ranked
wet-dry cycles as the top influencing factor, followed by carbonation pressure, highlighting carbonation’s crucial role
in strength and sulfate resistance. These findings identify FCRAC-20% as the combination with the best performance
among those tested, aid durability assessment and mix design for carbonated RAC in sulfate-rich environments, and
provide a comparative laboratory basis for future validation at full scale.
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1 Introduction
With the rapid urban renewal and construction, massive amounts of construction waste are generated.

Relying solely on landfill disposal occupies valuable land resources and causes environmental issues such as
dust pollution and carbon emissions [1]. Crushing, screening, and processing waste concrete into recycled
aggregate (RA) to partially replace natural aggregate in concrete production offers a key solution. This
approach recycles construction waste, reduces the demand for natural aggregate mining, and promotes low-
carbon development [2,3]. However, compared to natural aggregate (NA), RA usually retains adhered old
mortar and presents a more complex internal structure. They suffer from defects such as higher porosity, high
water absorption, and micro-cracks. Consequently, the strength, impermeability, and durability of recycled
aggregate concrete (RAC) are generally inferior to those of conventional concrete [4–6]. In saline soil, coastal
areas, or regions with high sulfate concentrations, sulfate attack is a primary cause of reduced concrete
durability. When external sulfates penetrate cement-based materials, they react with hydration products,
leading to cracking, spalling, and loss of strength [7]. For RAC, the micro-cracks in the adhered old mortar
on the RA surface and the additional interfacial transition zones (ITZs) introduced by the RA provide more
paths for ion transport. Consequently, RAC is highly vulnerable to internal damage and strength degradation
under dry-wet sulfate cycles [8–10]. Therefore, modifying RA to enhance the sulfate resistance of RAC has
become a major focus of current research.

Modification methods for RA include physical, chemical, biological, and composite techniques [11].
Physical modification removes adhered old mortar, while chemical methods strengthen it and improve
ITZs. Combining efficiency, cost, and environmental value, accelerated carbonation (a chemical approach)
is highly sustainable and effective. It can not only improve properties of RA but also sequester CO2 [11].
Studies show carbonation reduced ion transport and enhanced concrete durability [12]. Specifically, Zhan
et al. [13] and Wu et al. [14] confirmed that the carbonation of RA effectively improved compactness of RA.
Consequently, carbonation treatment of RA can effectively block sulfate ion pathways in RAC, significantly
improving its sulfate resistance [15–17].

Additionally, fly ash can improve RAC durability by reacting with Ca(OH)2 to form C-S-H gel, which
refines the pore structure and blocks sulfate intrusion [17,18]. Therefore, combining RA carbonation with
fly ash incorporation has the potential to maximize the sulfate resistance of RAC. However, systematic
research on their combined effects under dry-wet sulfate cycles within a single, unified experimental system
remains limited [19–21]. Existing studies show inconsistent results due to variations in materials and testing
conditions, and often lack microstructural evidence to support macroscopic observations. Furthermore,
traditional experimental methods are too time-consuming and costly to efficiently analyze the complex
variable combinations in diverse concrete mixes [22,23]. Therefore, it is highly valuable to efficiently evaluate
and predict strength degradation in carbonated RAC (CRAC) under sulfate attack using a unified system,
while clarifying the underlying mechanisms through microstructural analysis.

The strength evolution of RAC in sulfate environments is driven by the coupling of multiple factors,
including aggregate substitution rate, carbonation degree, fly ash content, and exposure time, et al. Although
traditional testing methods provide reliable macroscopic and microscopic evidence, they are limited by sam-
ple size and variable combinations, making it difficult to efficiently reveal these complex nonlinear patterns
over a short period [24,25]. With the rapid development of data-driven techniques, machine learning has
become an effective tool for estimating concrete properties [26]. Feng et al. [27] noted that machine learning
can accurately model the nonlinear relationships between mix parameters and compressive strength.
Similarly, Liu et al. [24] applied ensemble learning to predict the sulfate resistance of RAC, proving that data-
driven methods provide an effective supplement for durability evaluation [28]. Commonly used predictive
approaches include linear regression, support vector regression (SVR), random forest (RF), gradient boosting
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methods such as XGBoost, artificial neural networks or multilayer perceptrons (ANN/MLP), CNN, and
LSTM. These methods provide complementary strategies for modeling relationships between concrete input
variables and target properties, and their relative performance depends on the dataset, preprocessing,
hyperparameter tuning, and validation protocol [29,30]. Pearson product–moment correlation was used
as a preliminary descriptive screen for pairwise linear collinearity among the six numerical inputs. It was
selected over rank-based or nonlinear-dependence measures because the immediate objective was to identify
first-order linear redundancy between predictors rather than to rank their predictive importance. Variables
showing weak pairwise correlations were retained because each represented a distinct and physically
meaningful material, treatment, or exposure factor, and weak linear correlation does not exclude nonlinear,
conditional, or interaction effects. Their model-specific contributions were subsequently examined using
SHAP. The CNN-LSTM model integrates local feature extraction with sequential dependency modeling. The
CNN component extracts local features, identifies correlations among multidimensional input variables, and
reduces data dimensionality, thereby limiting redundant information and noise interference [31]. Meanwhile,
the LSTM component uses memory cells and gating mechanisms to retain critical information across
different stages [32]. This integrated architecture supports the characterization of compressive strength
evolution as curing age increases and sulfate wet-dry cycles progress [33–36], enabling the model to capture
complex responses associated with material parameters, environmental exposure, and time history within
the experimental scope of this study.

In summary, although prior research has shown that carbonation-treated RA combined with fly ash
addition can enhance the resistance of RAC to deterioration caused by sulfate attack, the combined action
of these two modification approaches has not yet been systematically clarified, especially regarding the inte-
gration of macroscopic testing, microstructural characterization, and data-driven analysis within a unified
framework. This study investigated the strength evolution and resistance mechanisms of CRAC under dry-
wet sulfate cycles using consistent material sources, carbonation conditions, and testing procedures. Standard
curing and dry-wet sulfate cycle tests were conducted to reveal strength development and degradation
laws, while microstructural analysis clarified how carbonation and fly ash regulate transport pathways and
structural density. On this basis, a CNN-LSTM model was developed using carbonation time, carbonation
pressure, recycled aggregate replacement ratio, fly ash content, number of sulfate wet-dry cycles, and curing
age as input variables to establish an interpretable, within-domain nonlinear mapping with compressive
strength. Within a consistent experimental framework, the combined response of carbonation-treated RA
and fly ash addition was evaluated across macroscopic, microstructural, and predictive scales, thereby
providing a rigorous and interpretable approach to inform the optimization of the sulfate resistance design
of RAC.

2 Raw Materials and Experimental Methods

2.1 Raw Materials
The binder system consisted of P⋅O 42.5R ordinary Portland cement and fly ash, while river sand, natural

aggregate (NA), recycled aggregate (RA), and tap water were used as the remaining constituents. The RA was
produced from laboratory-cast parent concrete with a design strength class of C30, comprising P⋅O 42.5R
ordinary Portland cement, natural coarse aggregate, river sand, and tap water; after 28 d of standard curing
at 20 ± 2○C and >95% relative humidity, without prior service exposure, the parent concrete was pre-crushed
using a compression testing machine, manually fragmented, further crushed using a jaw crusher, and sieved
into 5–10, 10–15, and 15–20 mm fractions. To ensure the comparability of the experimental results, both NA
and RA were graded using the same particle-size range and grading composition. The three particle-size
fractions of 5–10, 10–15, and 15–20 mm were blended at a mass ratio of 3:5:1. The chemical composition of
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the fly ash is listed in Table 1; its main components are SiO2 and Al2O3, along with minor amounts of CaO
and SO3. The high contents of SiO2 and Al2O3 provide the basis for subsequent pozzolanic reactions. The
basic physical properties of NA, RA, and carbonated recycled aggregate (CRA), including apparent density,
water absorption, and crushing index, are summarized in Table 2.

Table 1: Chemical oxide composition of fly ash used in the experimental program.

Name SiO2 Al2O3 CaO SO3 Fe2O3 Cl−

Mass fraction/wt.% 45.1 24.2 4.5 1.2 0.85 0.015

Table 2: Physical properties of natural, recycled, and carbonated recycled coarse aggregates.

Aggregate Apparent Density (kg/m3) Water Absorption (%) Crushing Index (%)
NA 2719 0.43 11.67
RA 2669 6.90 17.85

CRA-0.1 2687 6.21 16.30
CRA-0.3 2697 6.02 15.37
CRA-0.5 2703 5.69 14.63

2.2 Mix Design
The experiment involves 9 groups of concrete with a total of 297 cube specimens measuring 100 mm ×

100 mm × 100 mm. After casting, the specimens were demolded after 24 h and placed in a standard curing
room. The NAC group, made with NA, served as the reference group. The RAC group was the unmodified
baseline group with 100% RA substitution. The CRAC groups used RA treated under different carbonation
pressures, while the ash recycled aggregate concrete (FRAC) groups were modified by incorporating fly ash.
The FCRAC groups combined both carbonation and fly ash to investigate whether the dual modification
could provide a more stable improvement in durability. The detailed concrete mixture proportions are listed
in Table 3. In this study, the stated fly ash percentages represent the mass fraction of fly ash in the total
binder, calculated as mFA/ (mC +mFA) × 100%. Fly ash replaced cement on an equal mass basis, while the
total binder content, comprising cement and fly ash, was maintained at 430 kg/m3 for all mixtures. Before
batching, the coarse aggregates and river sand were conditioned to a saturated-surface-dry (SSD) state.
Specifically, the RA and CRA were immersed in water for 24 h, with the water level maintained approximately
10 mm above the aggregate surface, and were subsequently towel-dried to remove surface water. The water
content listed in Table 3 was fixed at 215 kg/m3 for all mixtures; because the total binder content was
maintained at 430 kg/m3, the effective water-to-binder ratio was 0.50. Since the recycled aggregates were
introduced in the SSD condition, no separate water correction for aggregate absorption was required. At
least three parallel specimens were tested for each data point, and the final results were averaged.

2.3 Accelerated Carbonation
The RA was dried under ambient laboratory conditions before being placed inside a sealed high-

pressure carbonation reactor, as shown in Fig. 1, for accelerated carbonation treatment. The reactor had an
internal diameter of 500 mm, a height of 500 mm, a wall thickness of 8 mm, an approximate internal volume
of 100 L, and a maximum operating pressure of 0.54 MPa. It was equipped with a temperature–humidity
monitor and layered racks containing perforated circular trays, on which the RA was uniformly spread to
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avoid bulk stacking. The nominal processing capacity of the reactor was up to 30 kg per batch. During
carbonation, the temperature and relative humidity inside the reactor were maintained at 20○C and 50%,
respectively. After airtightness was confirmed, the reactor was evacuated to approximately −0.1 MPa. High-
pressure CO2 with a nominal purity of 99.5% was subsequently introduced through a pressure-reducing
valve until the selected pressure of 0.1, 0.3, or 0.5 MPa was reached. The target pressure was maintained
for 24 h, after which the CO2 was completely vented and the carbonated recycled aggregate was removed.
Before concrete batching, the carbonated aggregate was conditioned to the SSD state following the procedure
described in Section 2.2. By maintaining the carbonation time, temperature, relative humidity, and aggregate-
loading arrangement constant, the graded-pressure design enabled the influence of carbonation pressure on
aggregate modification and sulfate resistance to be comparatively evaluated.

Table 3: Concrete mixture proportions for different aggregate modification and fly ash replacement schemes
(unit: kg/m3).

No. Cement Fly Ash River Sand NA RA Carbonation Pressure (MPa) Water
NAC 430 0 562 1043 0 n/a 215
RAC 430 0 562 0 1043 n/a 215

CRAC-0.1 430 0 562 0 1043 0.1 215
CRAC-0.3 430 0 562 0 1043 0.3 215
CRAC-0.5 430 0 562 0 1043 0.5 215
FRAC-20% 344 86 562 0 1043 n/a 215

FCRAC-10% 387 43 562 0 1043 0.5 215
FCRAC-20% 344 86 562 0 1043 0.5 215
FCRAC-30% 301 129 562 0 1043 0.5 215

Note: The coarse aggregates and river sand were batched in the SSD condition. The listed water content represents the
effective mixing water, corresponding to a water-to-binder ratio of 0.50.

Figure 1: High-pressure carbonation reactor.
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2.4 Compressive Strength Test
Compressive strength was determined in accordance with GB/T 50081-2019 using 100 mm cubic

specimens, and loading was applied with a DYE-2000B hydraulic compression testing machine. Three
parallel specimens were tested for each group, and the arithmetic mean of their compressive strengths was
taken as the final result. Because the specimens were non-standard 100 mm cubes, the test results were
multiplied by a size conversion factor of 0.95 to obtain the equivalent standard compressive strength values.

2.5 Sulfate Dry-Wet Cycle Test
To simulate the erosion process of concrete components in practical environments, such as water-level

fluctuation zones and alternating wet and dry conditions in sulfate environments, sulfate dry-wet cycle tests
were performed with a fully automatic sulfate cycling apparatus (HC-LSB), as shown in Fig. 2. The test
followed GB/T 50082-2009. The exposure medium was a 5% Na2SO4 solution by mass. The pH of the Na2SO4
solution was measured after every 15 cycles and maintained within the range of 6–8. When the measured
pH fell outside this range, the solution was replaced with a freshly prepared 5% Na2SO4 solution. A covered,
salt-resistant specimen container with a capacity of 27 L was used, and the exposure solution was prepared
using chemically pure anhydrous Na2SO4. The specimens were 100 mm × 100 mm × 100 mm cubes, with
at least three specimens prepared for each group. In addition to the exposed specimens, standard-cured
reference specimens of the same age were prepared and maintained to comprehensively evaluate the strength
changes and erosion resistance of the attacked specimens. Two days before reaching the age of 28 d, the
specimens were removed from the standard curing room, wiped to remove surface moisture, dried in an
oven at 80± 5○C for 48 h, and subsequently cooled to room temperature in a dry environment. After cooling,
the sulfate dry-wet cycle tests were started. The specimen arrangement is shown in Fig. 3. The specimens
were arranged with a minimum clear spacing of 20 mm between adjacent cubes and at least 20 mm between
each cube and the side walls of the exposure chamber. One complete dry-wet cycle lasted 24 h, consisting of
soaking (15 h, 25○C–30○C), draining and air drying (1 h, 25○C–30○C), oven drying (6 h, 80○C), and cooling
(2 h, 25○C–30○C). Considering that RAC might suffer significant damage during the process, the maximum
number of cycles was set to 120, and compressive strength tests were performed at intervals of 15, 30, 60,
90, and 120 cycles. It should be noted that the 0-cycle reference specimens were tested immediately after
28 days of standard curing and were not subjected to the 80○C thermal pre-conditioning, serving as a pure
hydration baseline.

2.6 X Ray Diffraction (XRD)
XRD analysis was conducted on RAC, FRAC-20%, CRAC-0.5, and FCRAC-20% specimens before

sulfate exposure and after 30 and 60 sulfate wetting and drying cycles. Samples were collected from the
bottom region of the 100 mm cubes, immersed in absolute ethanol for 48 h to stop hydration, dried at 105○C
to constant mass, ground in a ceramic mortar, and passed through a 200 mesh sieve. Phase analysis was
performed using a Rigaku Ultima IV diffractometer.

2.7 Scanning Electron Microscopy (SEM)
SEM characterization was conducted on selected specimens using a ZEISS Sigma 360 SEM to clarify

the microstructural evolution and sulfate-induced deterioration characteristics of RAC modified through
different approaches during repeated wet–dry sulfate cycles. Based on the macroscopic compressive strength
test results, RAC, CRAC-0.5, and FCRAC-20% were selected as representative samples. The observation
intervals were set after 0 sulfate dry-wet cycles, after 30 cycles, and after 60 cycles.
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Figure 2: Experimental setup for sulfate wet–dry cycling of concrete specimens.

Figure 3: Placement of specimens and solution filling.

3 Machine Learning Methodology

3.1 Experimental Dataset and Input Variables
To establish a compressive strength prediction model that matches the experimental system of this study,

a machine learning dataset was constructed entirely based on the aforementioned experimental results. A
total of 99 samples were obtained after organization, including 54 samples under standard curing conditions
and 45 samples under sulfate dry-wet cycle conditions. This study selected six variables as model inputs:
carbonation time, carbonation pressure, RA replacement ratio, fly ash content, cycle number, and curing
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age. The output variable was compressive strength. The dataset uses two time-related variables. “Curing
age” (0, 15, 30, 60, 90, 120 days) is measured from the start of exposure, which always follows a fixed 28-
day standard cure; therefore the “0-day” point is the end of the 28-day cure and the true specimen age is
(28 + curing age) days, i.e., 28–148 days. “Sulfate cycle number” encodes the wet–dry exposure, where one
cycle equals one day. The encoding is: standard-curing observations have cycle number = 0 and curing age =
0–120 days; sulfate-exposure observations have cycle number = 15–120 and the days field equal to the cycle
count. These input variables included both material composition and modification parameters, as well as
environmental effects and time evolution information. Therefore, they could fully characterize the strength
changes of RAC under standard curing and sulfate wetting-drying cycles.

Fig. 4 presents the correlation matrix between input parameters. Overall, the correlation coefficients
between most variable pairs were low. This indicated that the input parameters had good statistical inde-
pendence. Higher correlations mainly appear between carbonation time and carbonation pressure. This
was related to the experimental design in this study, the carbonation specimens were uniformly carbonated
for 24 h at different pressures. A correlation was observed between cycle number and curing age because
these variables shared the same numerical observation points within the sulfate-exposed subset, with each
cycle corresponding nominally to one day. By contrast, cycle number was fixed at 0 for all standard-curing
observations. This relationship therefore arose from the experimental timing and temporal encoding adopted
in the dataset. Except for the correlations caused by the experimental design mentioned above, there were
no obvious strong linear correlations between other variables.

Figure 4: Correlation matrix among input parameters (0 and −0 indicate near-zero correlation coefficients after
rounding, rather than exact zero correlations).
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3.2 CNN–LSTM Model
To effectively map the non-linear degradation and strength evolution of the concrete under varying

environmental conditions, the machine learning framework utilises a combined CNN-LSTM architecture
integrating convolutional and recurrent neural network components. The network ingests a 1D feature
vector representing material composition, modification procedures, and environmental exposure duration.
Specifically, the model incorporates six fundamental input variables to capture the testing environment:
carbonation time, carbonation pressure, fly ash content, replacement rate of recycled coarse aggregate, sulfate
wet-dry cycle number, and curing age. The singular target output variable predicted by the model is concrete
specimen’s compressive strength.

The hybrid CNN-LSTM architecture leverages the spatial feature extraction capabilities of CNNs
alongside the sequential pattern recognition strengths of LSTMs [37]. The initial phase of the model features
a 1D-CNN layer that acts as a primary feature extractor. This layer filters the input vector to identify hidden
local correlations amongst the diverse mix design variables and environmental parameters, transforming the
raw input into higher-level, abstract feature maps. These abstracted feature maps are subsequently fed into
the LSTM module. While LSTMs are traditionally utilised for sequential time-series data, in this modelling
context, they excel at capturing the complex dependencies and non-linear interactions between the inherent
material properties, such as carbonation and fly ash synergies, and the progressive deterioration induced
by the wet-dry cycles. Finally, the output from the LSTM is flattened and fed into fully connected dense
layers to carry out final regression task, mapping learned high-dimensional representations to the continuous
compressive strength value.

Each sample is a length-six feature vector that is reshaped into an input tensor of shape (batch, 6,
1): six feature positions along the first axis and one channel. The network begins with a one-dimensional
convolutional layer of 64 filters and kernel size 2 with ReLU activation and “same” padding, which slides
along the feature axis to encode local interactions between adjacent input variables. A max-pooling layer
then halves this axis. The pooled feature maps are passed to an LSTM layer of 50 units, followed by a fully
connected layer of 32 neurons (ReLU) and a dropout layer with rate 0.2, and finally a single linear output
neuron that regresses the compressive strength; predictions are constrained to the physically admissible range
(0–55 MPa). We emphasise that this ordered axis is the feature axis, not physical time: the Conv1D–LSTM
stack acts as a structured, parameter-sharing feature extractor over the input vector, while time information
enters explicitly and correctly through the engineered variables “curing age” and “sulfate cycle number”. The
network is compiled with the Adam optimiser at an initial learning rate of 0.001 and trained by minimising
the mean squared error. As shown in Table 4, the model contains 24,857 trainable parameters; because this
is large relative to the 69 training samples, over-fitting is controlled by dropout, early stopping on a held-out
grouped inner-validation set, the bounded output, and by evaluating with mixture-aware cross-validation
(Section 3.4).

Table 4: Trainable parameter counts relative to the 69 training samples.

Model Trainable Parameters
CNN-LSTM 24,857
LSTM-only 12,065
CNN-only 6401
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3.3 Data Preprocessing and Dataset Partitioning
Prior to training, min–max normalisation was applied to scale all input features and the target

compressive strength to the range [0, 1], preventing variables with large magnitudes (curing age and cycle
number, up to 120) from dominating the gradient updates relative to small-valued variables (fly ash content,
carbonation pressure). To avoid any information leakage, the scaler is fitted on the training partition of each
cross-validation fold only and is then applied, unchanged, to the corresponding inner-validation and test
data; no statistics of the test data enter the preprocessing step.

The 99 records originate from only nine mixtures, each evaluated at eleven curing/exposure stages, so
a random row-wise split would place observations of the same mixture in both the training and test sets
and overstate generalization. We therefore adopt mixture-aware cross-validation, using the mixture as the
grouping unit so that all eleven observations of a mixture always fall within a single fold. Two protocols
are used: leave-one-mixture-out (LOMO, nine folds), in which the model is trained on eight mixtures and
tested on the entirely unseen ninth; and repeated three-fold grouped k-fold (six repeats) as a robustness
check. Within each training partition, one further mixture was selected from the remaining outer-training
mixtures, after exclusion of the outer test fold, as a grouped inner-validation set for early stopping and hyper-
parameter selection; this fold-specific procedure ensured that the outer test mixture was never used during
model selection and remained untouched until the final evaluation.

3.4 Hyperparameter Optimisation and Model Training Process
Hyper-parameters were selected by an exhaustive grid search over the number of convolution filters {32,

64}, LSTM units {32, 50}, dropout rate {0.1, 0.2}, and learning rate {1 × 10−3, 1 × 10−4} (16 configurations),
with kernel size fixed at 2, dense width at 32, batch size at 8, the Adam optimiser, and a maximum of 200
epochs. Each configuration was scored by the root mean square error (RMSE) on the fold-specific grouped
inner-validation set defined in Section 3.3, and the whole procedure used a fixed random seed of 42 with
TensorFlow deterministic operations enabled.

The search confirmed that a learning rate of 1 × 10−3 is essential (all 1 × 10−4 configurations gave inner-
validation RMSE ≈ 12–13 MPa vs. ≈ 6.5–8 MPa) and that the adopted configuration—64 filters, 50 LSTM
units, dropout 0.2, learning rate 1 × 10−3—is statistically indistinguishable from the grid optimum. Software
versions were Python 3.11, TensorFlow 2.21, scikit-learn 1.8, XGBoost 3.2 and SHAP 0.51, executed on CPU.

Training used mini-batches of eight samples for a maximum of 200 epochs. To guard against over-
fitting, early stopping monitored the loss on the grouped inner-validation set and restored the best weights
if no improvement occurred over 25 consecutive epochs. Because the inner-validation set consists of whole
mixtures withheld from training, it is independent of both the training data and the outer test fold.

Model selection and early stopping therefore rely solely on the grouped inner-validation set, while
the outer test fold is evaluated only once, after training is complete, and is never used for monitoring,
tuning, or weight restoration. Generalization was quantified with the coefficient of determination (R2), mean
absolute error (MAE) and mean absolute percentage error (MAPE), reported as distributions across the
cross-validation folds rather than for a single split.

3.5 SHAP-Based Model Interpretation Method
SHAP values were used to quantify how the fitted CNN–LSTM attributed its predictions to carbonation

time, carbonation pressure, RA replacement ratio, fly ash content, sulfate cycle number, and curing age. The
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attribution analysis was executed in MATLAB using a model agnostic Shapley value procedure. A represen-
tative background distribution was used to estimate the reference prediction, and feature attributions were
calculated for the observations included in the interpretation analysis.

For feature j, the global attribution magnitude was calculated as follows:

I j =
1
N

N
∑
i=1
∣φi j∣ , (1)

where N denotes the number of interpreted observations and φij is the SHAP value assigned to feature j for
observation i. The relative contribution percentage was then calculated as follows:

Pj =
I j

∑6
k=1 Ik

× 100%. (2)

The resulting percentages describe the distribution of feature attribution within the fitted model. Their
engineering interpretation was evaluated together with the independently obtained compressive strength
results and SEM observations presented in Sections 4.2 and 4.4.

4 Results and Discussion

4.1 Compressive Strength Development under Standard Curing Condition
Fig. 5 and Table 5 show the compressive strength changes of each concrete group under continued

curing conditions of 0, 15, 30, 60, 90, and 120 days after completing 28 days of standard curing. The 0-day
group is the baseline after completing 28 days of standard curing. Overall, the strength of all specimens
continuously increased with the increase in curing age. This indicates that continued hydration and later-
stage densification were the dominant processes in this period. However, different modification methods had
obvious differences in their effects on early strength, later-stage growth magnitude, and final strength levels.

Figure 5: The compressive strength development under different curing ages (note: 0-day group is the baseline after
completing 28 days of standard curing).
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Table 5: The data correspond to the compressive strength after 0, 15, 30, 60, 90, and 120 days of standard curing (note:
0-day group is the baseline after completing 28 days of standard curing).

No. 0 d [8] 15 d 30 d 60 d 90 d 120 d [8]
NAC 36.9 40 41.4 44.6 45.4 49.7
RAC 32.9 36.3 36.9 39.1 40.5 41.7

CRAC-0.1 31.9 35.5 36.7 39.9 40.9 43.1
CRAC-0.3 34.6 36.4 37.4 40.5 43 44.7
CRAC-0.5 34.9 38.4 38.6 42.2 44.5 47.5

FRAC 28.6 32.9 35 38.5 39.5 40.3
FCRAC-10% 34.9 36.3 38.5 42.2 42.6 43.5
FCRAC-20% 30.9 35.4 37.7 40.5 43 43.1
FCRAC-30% 30.2 32.1 36 37.4 40 41.3

Note: The compressive strength values at 0 d and 120 d were previously reported in Ref. [8], whereas the values at 15,
30, 60, and 90 d were obtained in the present study.

The natural aggregate concrete (NAC) group consistently maintained the highest strength level. Its 0-
day, 60-day, and 120-day compressive strengths were 36.9, 44.6, and 49.7 MPa, respectively. The unmodified
RAC group also showed a continuous increase in strength with curing age. However, the 0-day and 120-
day strengths of RAC group were only 32.9 and 41.7 MPa, respectively, which decreased by approximately
10.8% and 16.1% compared with the NAC group. This indicates that the initial disadvantages from attached
old mortar and interface defects on RA cannot be fully eliminated by conventional curing. After 120 days of
curing, the groups treated at carbonation pressures of 0.1, 0.3, and 0.5 MPa reached compressive strengths
of 43.1, 44.7, and 47.5 MPa, respectively. Among them, CRAC-0.5 differed from NAC by only 2.2 MPa (at 120
days). Its strength level reached approximately 95.6% of the NAC level. The enhanced mechanical properties
of RAC should be attributed to the improved surface old mortar defects by high-pressure accelerated
carbonation of RA.

The fly ash group FRAC showed the lowest early strength. Its 0-day strength was only 28.6 MPa.
However, it increased to 40.3 MPa at 120 days. This shows that the latent reactivity of fly ash began
to play a more significant role at middle and later ages. Among the combined-modification (fly ash +
carbonation treatment) groups, FCRAC-10%, FCRAC-20%, and FCRAC-30% reached 43.5, 43.1, and 41.3
MPa at 120 days, respectively. These results indicate that under standard curing conditions, carbonation
treatment had a more direct effect on strength improvement. The effect of fly ash was more stage-dependent:
appropriate addition was beneficial for later stage structural refinement. However, excessive addition limited
strength development due to insufficient early-stage hydration products. Therefore, among the modified
RAC mixtures investigated, CRAC-0.5 achieved the highest compressive strength under standard curing.

4.2 Compressive Strength Evolution under Sulfate Dry-Wet Cycling
Fig. 6 and Table 6 illustrate the residual strength evolution of different concrete mixtures under sulfate

wet–dry cycling. Unlike the continuous strength increase trend observed under standard curing conditions,
the strength changes under sulfate wet-dry cycling showed obvious stage characteristics. During the 15 to
30 cycle stage, the strength decline in some groups was not significant. This was due to salt deposition
within pores and local densification effects. Some specimens even showed slight strength recovery. However,
after entering the 60-cycle stage, strength decay began to accelerate significantly. This was caused by
crack propagation and the accumulation of expansive erosion products. Furthermore, the severity of the
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accelerated test protocol should be considered when interpreting these results. The repeated drying stages at
80○C prescribed by the standard promote the rapid precipitation of Na2SO4 and the associated crystallization
pressure and may also generate thermal stresses. The resulting thermal fatigue may contribute to microcrack
development, thereby facilitating sulfate ingress and accelerating overall deterioration.

Figure 6: The compressive strength development under sulfate wet-dry cycles.

Table 6: Residual compressive strength of concrete mixtures subjected to 15, 30, 60, 90, and 120 sulfate wet–dry cycles.

No. 15 cycles 30 cycles 60 cycles 90 cycles 120 cycles
NAC 38 33.8 36.4 31.9 29.8
RAC 33.4 25.9 7.7 4.5 1

CRAC-0.1 33.2 32.1 17.7 17.6 12.3
CRAC-0.3 35.1 31.7 26.1 21.1 12.9
CRAC-0.5 35.5 35.4 32.9 29.3 17.5

FRAC 33.9 33.5 18.5 21.4 5.4
FCRAC-10% 33.7 31.8 24.1 30.2 21.4
FCRAC-20% 33 33.3 28.2 33.3 25.6
FCRAC-30% 33.5 34 31.2 20.5 18.4

NAC maintained a strength of 29.8 MPa after 120 cycles. The strength retention rate was approximately
80.8%. This indicates that although the NAC also experienced sulfate attack, the overall structure remained
relatively intact. Accordingly, NAC retained the highest compressive strength after 120 cycles among the
mixtures investigated. In comparison, the strength of RAC rapidly decayed from 32.9 MPa at 0 cycles to
7.7 MPa after 60 cycles and to 1.0 MPa after 120 cycles. The specimen almost lost its effective load-bearing
capacity. This shows that the high-porosity old mortar and weak interface in unmodified RAC provided
efficient pathways for sulfate invasion and expansion damage.
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Carbonation treatment noticeably improved this deterioration trend. Furthermore, the improvement
effect generally increased with higher carbonation pressure. At the end of 120 sulfate wet–dry cycles, the
carbonated aggregate groups retained compressive strengths of 12.3 MPa for CRAC-0.1, 12.9 MPa for CRAC-
0.3, and 17.5 MPa for CRAC-0.5. Among them, CRAC-0.5 showed the highest measured strength among the
tested groups. This indicates that more complete carbonation can more effectively densify old mortar and
reduce ion transmission along paths containing old mortar. However, there is still a gap compared to NAC.
In comparison, the fly ash single addition group FRAC maintained strengths of 33.9 and 33.5 MPa at 15 and
30 cycles, respectively. However, strength dropped to only 5.4 MPa after 120 cycles. This shows that relying
solely on fly ash can delay early and middle-stage deterioration but cannot fundamentally compensate for
the inherent defects of RA.

Within the investigated mixture matrix, the combined-treatment groups generally performed better
than the single-treatment groups. After 120 cycles, FCRAC-10%, FCRAC-20%, and FCRAC-30% retained
strengths of 21.4, 25.6, and 18.4 MPa, respectively. Among them, FCRAC-20% showed the highest strength
at 120 cycles. Its strength retention rate reached 82.8%, which was even slightly higher than NAC’s 80.8%.
Meanwhile, FCRAC-30% maintained 31.2 MPa at 60 cycles, while the strength dropped significantly after
90 cycles. This indicates that excessive fly ash content is not beneficial for long-term stability. Considering
absolute strength, strength retention rate, and late stage decay stability, FCRAC-20% showed the most
favorable overall response among the three combined modification levels investigated. This behavior can
be attributed to the combined effects of carbonation treatment and fly ash incorporation on the old
mortar and new paste zones. Accordingly, FCRAC-20% achieved the highest compressive strength retention
among the investigated combined modification mixtures under the adopted accelerated sulfate wetting and
drying protocol.

The durability assessment in this study focused primarily on compressive strength retention and
degradation, supported by SEM observations. Although compressive strength directly reflects residual
load-bearing capacity, complementary indicators, such as mass change, expansion, dynamic modulus,
ultrasonic pulse velocity, visible damage rating, and sulfate penetration depth, should be incorporated in
future studies to provide a more comprehensive characterization of the associated physical and chemical
degradation processes.

4.3 X Ray Diffraction Phase Analysis
Fig. 7 presents the XRD patterns of the four representative mixtures. Before sulfate exposure, reflections

assigned to quartz and portlandite were observed in all mixtures, while calcite reflections were more
pronounced in CRAC-0.5 and FCRAC-20%, supporting the carbonation of the adhered old mortar. After
30 cycles, reflections assigned to gypsum and ettringite appeared and were most evident in RAC. Because
calcium silicate hydrate is poorly crystalline, its development was assessed indirectly rather than assigned to
a discrete XRD peak.

After 60 cycles, the reflections assigned to sulfate reaction products increased further, following the
qualitative order RAC > FRAC-20% > CRAC-0.5 > FCRAC-20%. The weaker gypsum and ettringite
reflections in FCRAC-20% were consistent with its higher compressive strength retention and denser SEM
morphology, providing phase evidence for the combined effect of carbonation treatment and fly ash.
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Figure 7: XRD patterns of RAC, FRAC-20%, CRAC-0.5, and FCRAC-20% at (a) 0, (b) 30, and (c) 60 sulfate wetting
and drying cycles.

4.4 Microscopic Analysis
Imaging was performed in high vacuum using an SE2 secondary electron detector at an accelerating

voltage of 3.00 kV and an aperture diameter of 30 μm. Micrographs were acquired at 1000× and 20,000×,
with working distances ranging from 8.2 to 11.0 mm; the original calibrated scale bars were retained in all
revised panels. For each selected mixture and exposure interval, at least five spatially separated fields were
examined and recorded at 1000×, followed by examination of at least three distinct subregions at 20,000×.
The panels presented in Fig. 8 were selected from the recorded images according to their relevance to the
specified observation targets, including the interface condition, crack morphology, paste compactness, and
sulfate reaction products.

Fig. 8 presents the surface morphology of the adhered old mortar on recycled aggregates before carbon-
ation and after treatment at 0.5 MPa, corresponding to RA and CRA-0.5, respectively. As shown in Fig. 8a,
RA surfaces exhibited obvious through-going cracks and loose hydrated products. This is attributed to the
crushing and sieving processes of the waste concrete. In CRA-0.5 specimens shown in Fig. 8b, local cracks
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were still observable, but the crack widths were narrower. Lots of CaCO3 particles were observed adhering
to the edges of aggregate cracks. Compared to RA, the loose regions in CRA-0.5 decreased. The CaCO3
generated by carbonation deposition occurred near pores and cracks, partially filling micro-cracks, resulting
in a more continuous aggregate surface and a denser overall morphology.

Figure 8: Surface microstructure of adhered mortar on recycled aggregates: (a) untreated recycled aggregate;
(b) recycled aggregate after 0.5 MPa carbonation.

To further explain the macroscopic strength evolution patterns, RAC, CRAC-0.5, and FCRAC-20%
were selected using a targeted approach informed by the compressive strength results. RAC represented
the untreated reference, CRAC-0.5 represented the most effective carbonation only mixture among the car-
bonation pressures investigated, and FCRAC-20% represented the combined modification with the highest
late stage strength retention among the combinations investigated. This targeted selection provided a clear
comparison among the untreated, carbonation treated, and combined modification states. However, because
it was informed by the macroscopic results and did not include all nine mixtures, it may introduce selection
bias. Accordingly, the SEM observations are interpreted as qualitative mechanistic evidence supporting the
measured strength trends rather than as a statistical representation of the complete mixture matrix. The SEM
images are shown in Fig. 9.

Prior to wet-dry cycling, RAC surfaces exhibited the most obvious cracks, which were continuous and
interconnected, with locally loose mortar matrix (Fig. 9a). In contrast, FCRAC-20% surfaces were denser
with finer cracks, and inter-particle cement connections appeared more continuous (Fig. 9c).

After 30 wet-dry cycles, obvious needle-like or platelet-like prismatic erosion products were observed
in all three specimen groups. Based on sulfate erosion mechanisms, these expansive products were identified
primarily as gypsum. As clearly shown in Fig. 9d, RAC generated abundant columnar gypsum crystals, with
needle-like Aft nucleating at crystal tips. The denser and coarser crystal bundles indicate that SO4

2− ions had
rapidly penetrated into the interior along cracks and connected pores, reacting with reactive phases.

Although erosion products were also observed in CRAC-0.5, Fig. 9e revealed that abundant gypsum was
still present, with ettringite not clearly detected. Na2SO4 crystals were adhered to the gypsum surfaces, and
erosion products were distributed around local cracks and pores. However, the surrounding matrix remained
largely intact, demonstrating certain sulfate resistance compared to RAC. In contrast, based on Fig. 9f, for
FCRAC-20%, erosion products were interwoven with the matrix. The paste surrounding the products was
denser, accompanied by C-S-H gel. Columnar gypsum crystals appeared more orderly, with no Na2SO4
crystals observed on their surfaces. Overall, the structure was denser than that of the other two groups.
Considering the strength variations after 30 cycles, RAC exhibited a noticeable decline in compressive
strength, whereas CRAC-0.5 and FCRAC-20% showed relatively gradual strength changes.
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Figure 9: SEM morphology of RAC, CRAC-0.5, and FCRAC-20% before sulfate exposure and after 30 and 60 cycles:
(a–c) 0 cycles at 1000×; (d–f) 30 cycles at 20,000×; and (g–i) 60 cycles at 20,000×.

Based on Fig. 9g, after 60 cycles, large-sized needle-like prismatic crystals in RAC underwent fur-
ther aggregation, with crystals growing in interlaced patterns. As clearly observed, the tops of abundant
columnar gypsum crystals were covered with needle-like Aft. Pores and cracks became more obvious,
and the microstructural degradation was consistent with the rapid strength decline following 60 cycles.
For CRAC-0.5 specimens (Fig. 9h), a considerable amount of erosion products could still be observed.
However, the overall matrix damage degree was lower than that of RAC, resulting in significantly better
strength retention capability. For FCRAC-20% specimens after 60 cycles (Fig. 9i), columnar gypsum crystals
remained relatively orderly. Although Na2SO4 crystals began to adhere to the surfaces, the overall structure
remained denser than that of the other two groups. This corresponds to its superior strength and enhanced
sulfate resistance performance.

Combined SEM with strength variation analyses indicate that RAC, characterized by abundant initial
cracks and loose microstructure, readily generated extensive gypsum and needle-like ettringite following
wet-dry cycling, leading to rapid strength deterioration. CRAC-0.5 exhibited relatively mitigated strength
decline after sulfate exposure due to the filling effect of carbonation products. In FCRAC-20%, fly ash
particles and hydration products collectively enhanced paste densification, enabling the retention of a more
intact microstructure despite the formation of certain erosion products; consequently, it demonstrated
superior sulfate resistance performance. These findings align with macroscopic strength test results from this
study, which showed the most significant deterioration in RAC, moderate improvement in CRAC-0.5, and
optimal overall performance in FCRAC-20%.
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4.5 CNN-LSTM Model Results
4.5.1 Prediction Accuracy and Experimental Consistency

Model generalization was evaluated primarily using leave one mixture out grouped cross valida-
tion. Fig. 10 presents the pooled out-of-fold predictions of the CNN–LSTM under this validation protocol.
Based on the pooled out of fold predictions, the CNN–LSTM achieved an R2 of 0.76, an RMSE of 4.67 MPa,
an MAE of 3.23 MPa, and a MAPE of 30.0%. Across the nine held out mixtures, the mean per mixture RMSE
was 4.10 ± 2.23 MPa. For the eight recycled aggregate mixtures, the held out R2 values ranged from 0.43 to
0.98. NAC produced an R2 of −0.49 and represented the clearest extrapolation along the RA replacement
dimension because its RA replacement ratio was 0%, whereas this feature was 100% for all mixtures available
in its corresponding training fold.

Figure 10: Out of fold predictions of the CNN–LSTM under leave one mixture out grouped cross validation. Blue
markers represent the eight recycled aggregate mixtures, while red markers represent NAC, the clearest extrapolation
along the RA replacement dimension. The solid line indicates y = x, and the shaded region represents the ±20% error
band.

A benchmark against seven alternative models was conducted using the same grouped protocol and
preprocessing procedure. As shown in Table 7 and Fig. 11, the CNN–LSTM achieved the highest R2 and the
lowest RMSE and MAE among the eight models. It did not produce the lowest MAPE: XGBoost and random
forest achieved MAPE values of 23.0% and 27.1%, respectively, compared with 30.0% for the CNN–LSTM.
Because MAPE assigns greater weight to errors at low measured strengths, it was particularly sensitive to
severely deteriorated specimens. The comparison was therefore based jointly on R2, RMSE, MAE, and MAPE.
Within the investigated dataset, the CNN–LSTM provided the most favourable overall balance of explained
variance and absolute error, while XGBoost showed the lowest relative percentage error.

Robustness under reduced training support was further examined using repeated three-fold grouped
cross validation with six repeats. Results were available for the six models listed in Table 8. Linear regression
achieved the highest mean R2 of 0.59 ± 0.06, followed by random forest at 0.55 ± 0.09, XGBoost at
0.45 ± 0.15, SVR at 0.31 ± 0.09, and MLP/ANN at 0.13 ± 0.36. The CNN–LSTM produced a mean R2

of −0.51 ± 0.89 under this more restrictive protocol. With only six mixtures in each outer training pool,
coverage of the experimental feature space was reduced and the CNN–LSTM became more sensitive to
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group allocation. These results support the use of LOMO as the primary assessment with maximum available
mixture support, while the repeated grouped analysis provides a complementary stress test under more
limited training coverage.

Table 7: Performance comparison of eight models under leave-one-mixture-out cross-validation.

Model (Leave-One-Mixture-Out) R2 RMSE (MPa) MAE (MPa) MAPE (%)
CNN-LSTM 0.76 4.67 3.23 30.0

Linear regression 0.62 5.86 4.06 35.0
Random forest 0.58 6.19 3.70 27.1

XGBoost 0.55 6.39 3.70 23.0
SVR 0.34 7.77 5.10 32.9

MLP/ANN 0.31 7.93 5.60 37.7
CNN-only 0.30 7.99 5.17 47.5
LSTM-only −0.81 12.84 7.59 66.9

Figure 11: Generalization R2 and RMSE of the eight models under leave-one-mixture-out cross-validation.

Table 8: Repeated three-fold grouped cross-validation results.

Model R2 Mean ± SD
Linear 0.59 ± 0.06

Random forest 0.55 ± 0.09
XGBoost 0.45 ± 0.15

SVR 0.31 ± 0.09
CNN-LSTM −0.51 ± 0.89
MLP/ANN 0.13 ± 0.36
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As shown in Table 9, the CNN-LSTM produced training R2, RMSE, MAE, and MAPE values of 0.940,
2.30 MPa, 1.59 MPa, and 7.01%, respectively, and corresponding testing values of 0.930, 2.60 MPa, 1.49 MPa,
and 5.90%. The R2 values for both subsets remained above 0.93, indicating satisfactory fitting agreement
within the sample range of this study. The comparable metrics between the two subsets indicate consistent
fitting performance under this particular random split. The grouped leave one mixture out validation
reported above is used as the primary assessment of model generalization.

Table 9: Metrics from the current single 70/30 row-wise split of condition-level mean strengths.

Dataset Sample Size R2 RMSE (MPa) MAE (MPa) MAPE (%)
Training set 69 0.940 2.30 1.59 7.01
Testing set 30 0.930 2.60 1.49 5.90

Fig. 12 presents the distribution of measured values, predicted values, and their corresponding errors
in both training and test sets. Overall, the predicted curve closely followed the measured curve in the test
set. Particularly within the primary strength range of 30–45 MPa, the predicted values aligned well with
the measured values, demonstrating that the model possessed strong predictive capability for the main
distribution interval within the dataset.

Figure 12: Comparison between observed and predicted compressive strength using CNN-LSTM model.

Fig. 13 illustrates the comparative relationship between observed and predicted values in the training
and test sets. The majority of predicted points were concentrated in the vicinity of the y = x line, with most
samples falling within the±20% error band. This indicates that the model was capable of effectively capturing
the variation trends of compressive strength under different mix proportions, curing and erosion stages, as
well as modification conditions. The data points exhibiting relatively larger deviations primarily occurred
in the low strength range, which could be attributed to sudden cracking, spalling, and nonlinear instability
induced by sulfate attack in the later stages.
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Figure 13: Regression performance of the CNN–LSTM model for RAC compressive strength prediction in the training
and test datasets.

4.5.2 SHAP Analysis
Fig. 14 presents the mean absolute SHAP contribution of each input variable. The sulfate cycle number

exhibits the highest contribution (53.0%), confirming that the wet–dry exposure history dominates the
strength response. Curing age (13.6%), RA replacement ratio (10.3%), carbonation pressure (9.9%), carbona-
tion time (6.7%) and fly ash content (6.5%) follow, so that continuous hydration, the use of recycled aggregate
and the degree of carbonation treatment constitute the secondary group of influential variables. This ranking
is consistent with the earlier configuration in which the cycle number was likewise dominant.

Figure 14: Relative contributions of input variables to compressive strength prediction based on SHAP analysis.

Fig. 15 further illustrates the directional impact and distribution characteristics of each input variable.
Larger cycle numbers were typically associated with negative SHAP values, indicating that compressive
strength diminished as sulfate wet-dry cycling progresses. Conversely, greater curing ages predominantly
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exhibited positive SHAP values, reflecting the enhancing effect of sustained hydration during the standard
curing period on the strength. Higher carbonation pressures generally corresponded to positive contribu-
tions, which aligns with the higher strength retention performance observed in the CRAC-0.5 and FCRAC
groups during experiments. When the RA replacement ratio increased from 0% to 100%, SHAP values
predominantly shifted toward the negative domain, revealing the disadvantages conferred by the high-
porosity adhered mortar and weak ITZs associated with RA. For fly ash, SHAP values spanned across
zero and exhibit a discrete distribution pattern, indicating that its influence demonstrated significant stage-
dependence and conditionality: moderate incorporation could improve fresh paste in later stages through
filler effect and pozzolanic reaction, whereas excessive addition might reduce specimen strength due to
insufficient early-stage hydration products.

Figure 15: SHAP-based distribution of input-variable effects on CNN–LSTM compressive strength prediction.

Integrating the findings from Sections 4.2, 4.3 and 4.5 revealed that the variable contribution sequence
elucidated by SHAP analysis exhibited intrinsic consistency with material damage mechanisms: the cycle
number predominantly governed the sulfate erosion damage, while the contributions of carbonation pressure
and duration reflected the influence of RA treatment degree on RAC strength. The model attribution
associated with fly ash content was consistent with the experimental trends observed for the combined-
treatment groups. This indicated that the CNN-LSTM model did not merely reconfigure experimental data
in isolation, but rather identified to some extent the strength evolution patterns jointly determined by
modification conditions and erosion processes.

5 Conclusion
This study conducted a systematic investigation into the compressive strength evolution of RAC

subjected to sulfate wet-dry cycling conditions, with emphasis placed on how carbonation-treated recycled
aggregates and fly ash incorporation regulate the mechanical and durability responses of the material. A deep
learning method was employed to predict the experimental outcomes and corroborate the observed strength
variation laws. Within the investigated material source, mixture matrix, and test protocol, the principal
findings are as follows:
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(1) Under standard curing, compressive strength increased progressively with age via sustained hydration.
RA initially reduced strength, but carbonation treatment offset this effect, with CRAC-0.5 achieving
the highest strength among the carbonation pressures investigated. Fly ash reduced early strength but
enhanced later-stage development, evidencing stage-dependent behavior.

(2) Under sulfate wet-dry cycling conditions, specimen strength exhibited stage-dependent variation:
early-stage deterioration was moderate or showed fluctuations, while mid-to-late stages experienced
accelerated degradation due to crack propagation and accumulation of erosion products. RAC exhib-
ited the most severe deterioration, with its strength declining to only 1.0 MPa after 120 cycles, a decline
attributed to old mortar on RA surfaces, high porosity, and weak ITZs. Fly ash combined with car-
bonation modification demonstrated significant synergistic improvement, with 0.5 MPa carbonation
+20% fly ash emerging as the most effective combination within the scope of our tested variables.
FCRAC-20% achieved a strength of 25.6 MPa after 120 cycles, maintaining 82.8% retention—a value
comparable to that of natural aggregate concrete—and representing the most effective combination
within the scope of our tested variables for enhancing sulfate resistance.

(3) Macroscopic results aligned with XRD and with microscopic observations: inherent RAC cracks
and loose old mortar on RA surfaces facilitated rapid sulfate ion ingress. Accumulated sulfate prod-
ucts caused matrix disintegration and rapid strength loss. Carbonation treatment filled old mortar
pores/cracks with CaCO3, impeding sulfate migration. Fly ash contributed through filling effects
and pozzolanic reactions generating C-S-H gel and refining the pore structure of the new paste.
This combined modification strategy improved both pathways, enabling FCRAC-20% to achieve the
highest compressive strength retention among the investigated combined modification mixtures under
the adopted sulfate wetting and drying protocol. XRD results further showed lower sulfate reaction
product reflections in FCRAC-20%, consistent with the strength and SEM observations.

(4) Within the scope of the present dataset, the CNN-LSTM captured compressive-strength variations
across mix proportions, carbonation conditions, curing ages and wet–dry cycling histories, and under
leakage-free leave-one-mixture-out cross-validation it achieved the best accuracy (R2 = 0.76) among
eight models. It can therefore serve as an auxiliary tool for rapidly assessing strength trends across
mix designs and stages of sulfate wet–dry deterioration. Its main limitations should, however, be
recognized: the dataset is small (99 observations from nine mixtures), the model is data-limited and,
as shown by the repeated grouped k-fold analysis, its accuracy degrades and becomes more variable
when very few mixtures are available for training; moreover, generalization to genuinely new mixtures
that occupy unseen regions of the input space (for example, a natural-aggregate control) cannot yet be
guaranteed. Expanding the experimental matrix and incorporating additional durability indicators are
needed before the model can be relied upon beyond the studied design space.

Overall, a key strength of this study is that the CNN–LSTM prediction was directly supported by
controlled experimental data rather than synthetic inputs. The conclusions are most applicable to the
investigated domain, which involved one RA source, selected carbonation–fly ash combinations, three
specimens per condition, 100 mm cubes, and a specified accelerated 5% Na2SO4 wet–dry cycling protocol.
Compressive strength tests and SEM observations provided complementary evidence at the macroscopic
and microscopic levels, while the model captured nonlinear relationships using 99 experimentally derived
mean values representing different test conditions. Future studies will consider multiple RA sources, factorial
mixture designs, additional durability indicators, and full-scale or field exposure. Multi-source specimen-
level datasets, group-wise external validation, and uncertainty quantification will also be introduced to
further assess model transferability and support the engineering application of the proposed experimental–
data-driven framework.
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7. Bulatović V, Melešev M, Radeka M, Radonjanin V, Lukić I. Evaluation of sulfate resistance of concrete with recycled
and natural aggregates. Constr Build Mater. 2017;152(1):614–31. doi:10.1016/j.conbuildmat.2017.06.161.

8. Li J, Chen J, Bu C, Zhang M, Yu J, Yu X, et al. Synergistic enhancement of sulfate resistance in recycled aggregate
concrete through multi-pathway blocking via carbonation treatment and fly ash incorporation. Constr Build Mater.
2025;491(3):142685. doi:10.1016/j.conbuildmat.2025.142685.

9. Zhang H, Ji T, Liu H. Performance evolution of the interfacial transition zone (ITZ) in recycled aggregate
concrete under external sulfate attacks and dry-wet cycling. Constr Build Mater. 2019;229(5):116938. doi:10.1016/j.
conbuildmat.2019.116938.

10. Ikumi T, Segura I. Numerical assessment of external sulfate attack in concrete structures. A review. Cem Concr
Res. 2019;121:91–105. doi:10.1016/j.cemconres.2019.04.010.

https://doi.org/10.1016/j.jclepro.2018.03.085
https://doi.org/10.1016/j.conbuildmat.2014.04.117
https://doi.org/10.1016/j.conbuildmat.2014.04.117
https://doi.org/10.1016/j.conbuildmat.2018.03.240
https://doi.org/10.1016/j.resconrec.2018.02.005
https://doi.org/10.1016/j.resconrec.2021.105565
https://doi.org/10.1016/j.jclepro.2015.08.057
https://doi.org/10.1016/j.conbuildmat.2017.06.161
https://doi.org/10.1016/j.conbuildmat.2025.142685
https://doi.org/10.1016/j.conbuildmat.2019.116938
https://doi.org/10.1016/j.conbuildmat.2019.116938
https://doi.org/10.1016/j.cemconres.2019.04.010


Comput Model Eng Sci. 2026;148(3):11 25

11. Wu L, Sun Z, Cao Y. Modification of recycled aggregate and conservation and application of recycled aggregate
concrete: a review. Constr Build Mater. 2024;431(3):136567. doi:10.1016/j.conbuildmat.2024.136567.

12. Zhan BJ, Xuan DX, Zeng W, Poon CS. Carbonation treatment of recycled concrete aggregate: effect on transport
properties and steel corrosion of recycled aggregate concrete. Cem Concr Compos. 2019;104:103360. doi:10.1016/j.
cemconcomp.2019.103360.

13. Zhan BJ, Xuan DX, Poon CS, Scrivener KL. Characterization of interfacial transition zone in concrete prepared
with carbonated modeled recycled concrete aggregates. Cem Concr Res. 2020;136:106175. doi:10.1016/j.cemconres.
2020.106175.

14. Wu K, Luo S, Zheng J, Yan J, Xiao J. Influence of carbonation treatment on the properties of multiple interface tran-
sition zones and recycled aggregate concrete. Cem Concr Compos. 2022;127(4):104402. doi:10.1016/j.cemconcomp.
2021.104402.

15. Jin L, Wang Z, Wu T, Xie Z, Xue P. Damage-based ion transport in recycled aggregate concrete under external
sulfate attack. Constr Build Mater. 2024;445:137944. doi:10.1016/j.conbuildmat.2024.137944.

16. Gao Y, Jiang Y, Tao Y, Shen P, Poon CS. Accelerated carbonation of recycled concrete aggregate in semi-
wet environments: a promising technique for CO2 utilization. Cem Concr Res. 2024;180:107486. doi:10.1016/j.
cemconres.2024.107486.

17. Wang J, Che Z, Zhang K, Fan Y, Niu D, Guan X. Performance of recycled aggregate concrete with supplementary
cementitious materials (fly ash, GBFS, silica fume, and metakaolin): mechanical properties, pore structure, and
water absorption. Constr Build Mater. 2023;368(4):130455. doi:10.1016/j.conbuildmat.2023.130455.

18. Kou SC, Poon CS. Long-term mechanical and durability properties of recycled aggregate concrete prepared with
the incorporation of fly ash. Cem Concr Compos. 2013;37(5):12–9. doi:10.1016/j.cemconcomp.2012.12.011.

19. Elahi MMA, Shearer CR, Naser Rashid Reza A, Saha AK, Khan MNN, Hossain MM, et al. Improving the sulfate
attack resistance of concrete by using supplementary cementitious materials (SCMs): a review. Constr Build Mater.
2021;281(2):122628. doi:10.1016/j.conbuildmat.2021.122628.

20. Zhang Z, Angst U, Troian V, Guo B, Zeng Q. Durability performance of concrete incorporating carbonated recycled
coarse aggregates: a review. npj Mater Sustain. 2025;3(1):27. doi:10.1038/s44296-025-00071-x.

21. Zhang H, Ji T, Liu H. Performance evolution of recycled aggregate concrete (RAC) exposed to external sulfate
attacks under full-soaking and dry-wet cycling conditions. Constr Build Mater. 2020;248(10):118675. doi:10.1016/j.
conbuildmat.2020.118675.

22. Kazmi SMS, Munir MJ, Wu YF, Patnaikuni I, Zhou Y, Xing F. Effect of different aggregate treatment techniques
on the freeze-thaw and sulfate resistance of recycled aggregate concrete. Cold Reg Sci Technol. 2020;178(1):103126.
doi:10.1016/j.coldregions.2020.103126.

23. Gao S, Qin Z, Long W, Guo X, Ji Y, Zhang H, et al. The sulfate transfer characteristics in recycled aggregate concrete
incorporated with fly ash under percolation theory. Case Stud Constr Mater. 2024;20(6):e02774. doi:10.1016/j.cscm.
2023.e02774.

24. Liu K, Dai Z, Zhang R, Zheng J, Zhu J, Yang X. Prediction of the sulfate resistance for recycled aggregate concrete
based on ensemble learning algorithms. Constr Build Mater. 2022;317(7):125917. doi:10.1016/j.conbuildmat.2021.
125917.

25. Fan H, Yap SP, Zhang S, El-Shafie A. Bridging the gap in recycled aggregate concrete (RAC) prediction: state-
of-the-art data-driven framework, model benchmarking, and future AI integration. Comput Model Eng Sci.
2025;145(1):17–65. doi:10.32604/cmes.2025.070880.

26. Ben Chaabene W, Flah M, Nehdi ML. Machine learning prediction of mechanical properties of concrete: critical
review. Constr Build Mater. 2020;260(7):119889. doi:10.1016/j.conbuildmat.2020.119889.

27. Feng DC, Liu ZT, Wang XD, Chen Y, Chang JQ, Wei DF, et al. Machine learning-based compressive strength
prediction for concrete: an adaptive boosting approach. Constr Build Mater. 2020;230(3):117000. doi:10.1016/j.
conbuildmat.2019.117000.

28. Sun B, Cui W, Liu G, Zhou B, Zhao W. A hybrid strategy of AutoML and SHAP for automated and explainable
concrete strength prediction. Case Stud Constr Mater. 2023;19:e02405. doi:10.1016/j.cscm.2023.e02405.

https://doi.org/10.1016/j.conbuildmat.2024.136567
https://doi.org/10.1016/j.cemconcomp.2019.103360
https://doi.org/10.1016/j.cemconcomp.2019.103360
https://doi.org/10.1016/j.cemconres.2020.106175
https://doi.org/10.1016/j.cemconres.2020.106175
https://doi.org/10.1016/j.cemconcomp.2021.104402
https://doi.org/10.1016/j.cemconcomp.2021.104402
https://doi.org/10.1016/j.conbuildmat.2024.137944
https://doi.org/10.1016/j.cemconres.2024.107486
https://doi.org/10.1016/j.cemconres.2024.107486
https://doi.org/10.1016/j.conbuildmat.2023.130455
https://doi.org/10.1016/j.cemconcomp.2012.12.011
https://doi.org/10.1016/j.conbuildmat.2021.122628
https://doi.org/10.1038/s44296-025-00071-x
https://doi.org/10.1016/j.conbuildmat.2020.118675
https://doi.org/10.1016/j.conbuildmat.2020.118675
https://doi.org/10.1016/j.coldregions.2020.103126
https://doi.org/10.1016/j.cscm.2023.e02774
https://doi.org/10.1016/j.cscm.2023.e02774
https://doi.org/10.1016/j.conbuildmat.2021.125917
https://doi.org/10.1016/j.conbuildmat.2021.125917
https://doi.org/10.32604/cmes.2025.070880
https://doi.org/10.1016/j.conbuildmat.2020.119889
https://doi.org/10.1016/j.conbuildmat.2019.117000
https://doi.org/10.1016/j.conbuildmat.2019.117000
https://doi.org/10.1016/j.cscm.2023.e02405


26 Comput Model Eng Sci. 2026;148(3):11

29. Santillán LR, Zega CJ, Irassar EF. Current knowledge and pending research on sulfate resistance of recycled
aggregate concrete. Sustainability. 2024;16(3):1310. doi:10.3390/su16031310.

30. Miao Q, Gao Z, Zhu K, Guo Z, Sun Q, Zhou L. Interpretable machine learning model for compressive strength pre-
diction of self-compacting concrete with recycled concrete aggregates and SCMs. J Build Eng. 2025;108(1):112965.
doi:10.1016/j.jobe.2025.112965.

31. Kiranyaz S, Avci O, Abdeljaber O, Ince T, Gabbouj M, Inman DJ. 1D convolutional neural networks and
applications: a survey. Mech Syst Signal Process. 2021;151:107398. doi:10.1016/j.ymssp.2020.107398.

32. Greff K, Srivastava RK, Koutník J, Steunebrink BR, Schmidhuber J. LSTM: a search space odyssey. IEEE Trans
Neural Netw Learn Syst. 2017;28(10):2222–32. doi:10.1109/TNNLS.2016.2582924.

33. Yu Y, Jayathilakage R, Liu Y, Hajimohammadi A. Intelligent compressive strength prediction of sustainable
rubberised concrete using an optimised interpretable deep CNN-LSTM model with attention mechanism. Appl
Soft Comput. 2025;185:113993. doi:10.1016/j.asoc.2025.113993.

34. Gholami S, Hu J, Kim YR. Assessment of bonding, durability, and low-temperature performance of cement-based
rapid patching materials for pavement repair. Int J Pavement Eng. 2023;24(2):2120990. doi:10.1080/10298436.2022.
2120990.

35. Revilla-Cuesta V, Manso-Morato J, Hurtado-Alonso N, Santamaría A, San-José JT. Degradation under cyclic wet-
dry aging of full-scale high-workability concrete maximizing sustainable raw materials. Case Stud Constr Mater.
2024;20(15):e03334. doi:10.1016/j.cscm.2024.e03334.

36. Vélez W, Matta F, Ziehl P. Acoustic emission monitoring of early corrosion in prestressed concrete piles. Struct
Control Heal Monit. 2015;22(5):873–87. doi:10.1002/stc.1723.

37. Yu Y, Al-Damad IMA, Foster S, Nezhad AA, Hajimohammadi A. Compressive strength prediction of fly ash/slag-
based geopolymer concrete using EBA-optimised chemistry-informed interpretable deep learning model. Dev
Built Environ. 2025;23(1):100736. doi:10.1016/j.dibe.2025.100736.

https://doi.org/10.3390/su16031310
https://doi.org/10.1016/j.jobe.2025.112965
https://doi.org/10.1016/j.ymssp.2020.107398
https://doi.org/10.1109/TNNLS.2016.2582924
https://doi.org/10.1016/j.asoc.2025.113993
https://doi.org/10.1080/10298436.2022.2120990
https://doi.org/10.1080/10298436.2022.2120990
https://doi.org/10.1016/j.cscm.2024.e03334
https://doi.org/10.1002/stc.1723
https://doi.org/10.1016/j.dibe.2025.100736

	Combined Effects of Carbonation and Fly Ash on the Sulfate Resistance of Recycled Aggregate Concrete: Compressive Strength Evolution and CNN-LSTM Prediction
	1 Introduction
	2 Raw Materials and Experimental Methods
	3 Machine Learning Methodology
	4 Results and Discussion
	5 Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


