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A B S T R A C T

With the increasing demand for sustainable and resilient marine infrastructure in marine envi
ronments, 3D printing technologies offer a promising solution for fabricating customized, durable 
components under challenging conditions. 3D-printed fiber-reinforced concrete (3DPFRC) pre
sents significant potential for rapid, waste-reducing construction of complex geometries, making 
it suitable for marine structures such as sea walls, breakwaters, underwater pipelines, and floating 
platforms. However, optimizing 3DPFRC for mechanical performance and environmental sus
tainability remains a complex challenge. This study proposes advanced machine learning (ML) 
models to simultaneously predict compressive strength and CO₂ emissions of 3DPFRC, enabling 
both mechanical and environmental performance evaluation. A user-friendly graphical user 
interface (GUI) was also developed to facilitate practical deployment by engineers without pro
gramming expertise. Four hybrid ML models were evaluated: CNN-LSTM, RA-PSO, XGBoost-PSO, 
and SVM-PSO. RA-PSO outperformed others with an R² of 0.9819 (training) and 0.9674 (testing) 
for compressive strength and 0.97 (training) and 0.94 (testing) for CO₂ emissions, alongside the 
lowest MSE (48.24 MPa²) and highest F1-score (0.9519). This superior performance is primarily 
due to RA-PSO’s adaptive parameter tuning and randomized search, which maintain population 
diversity and prevent premature convergence, enabling the model to capture complex nonlinear 
interactions in 3DPFRC mix parameters. Sensitivity analysis revealed that water content (34 %), 
silica fume (30 %), and the water-to-binder ratio (23 %) were the most influential parameters on 
compressive strength. These findings confirm RA-PSO as a highly reliable tool for optimizing 
3DPFRC mix designs while minimizing environmental impact, particularly in Sustainable Marine 
and Civil Infrastructure Applications.
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1. Introduction

Concrete is widely used in construction because of its high strength-to-weight ratio, low cost, large range of design options, and fire 
resistance [1]. Concrete production wastes water, land, and energy and harms the environment [2]. Due to technical innovation and 
engineering automation, the construction sector is undergoing a tremendous transformation. Building information modeling (BIM) 
and 3D computer-aided designs (CAD) have been used to automate construction operations [3]. These breakthrough methods and 3D 
printing technology have led to fully automated processes in engineering, art, medicine, and industry [4]. In 1997, Joseph Pegna 
pioneered 3D concrete printing, creating hollow concrete constructions [5]. This was a major construction milestone. Thus, digital 
building methods are more popular for dependable and fast structural construction [6]. The demand for low-rise buildings is the key 
reason. 3D printing reduces costs by 80 %, waste by 60 %, and production efficiency by 70 % compared to conventional concrete 
constructions [7]. Due to job site productivity and lower construction time, construction costs have dropped. Due to its appropriateness 
for space buildings, 3D printing is expected to prove viable for building lunar and Martian dwellings [8]. The military uses 3D concrete 
to build entrance checkpoints, defensive combat sites, and barrack houses [9]. Engineers and architects may utilize 3D concrete 
printing to build detailed and beautiful concrete creations due to their creative flexibility, precision, and accuracy [8]. Computer-aided 
design (CAD) software creates a three-dimensional model for 3D printing [9]. The model is then segmented, and “G-Code (pro
gramming language to control printer movements)” is produced to regulate the printing head’s concrete extrusion [10]. Computers 
control the print head and orifice concrete extrusion. As shown in Fig. 1, 3D concrete printing uses extrusion from a nozzle, pumping, 
and accurate deposition in successive layers to create a three-dimensional object [11]. Self-supporting, shape-retaining extruded 
concrete does not bind with layers or require formwork. Concrete ink printing, or additive manufacturing, involves layer-based 
concrete extrusion [12]. Despite its many benefits, 3D concrete printing must be addressed before being extensively used, such as 
altering component compositions to meet printability standards like workability and constructability [13].

For 3D printing, optimizing the extrudable slurry system’s rheology keeps the structure intact following material deposition before 
hardening[15]. Printed concrete has physical and durability restrictions. More problems arise due to insufficient printing equipment 
and trained personnel [16]. Regulatory impediments include the requirement to certify printed structures, the need to amend building 
codes for 3D-printed concrete structures, and material and procedure issues [17]. Understanding the environmental impact of 3D 
concrete printing (3DCP) constructions is essential to addressing these issues [18]. Compressive strength (CS) is being studied to assess 
3DPFRC composite mechanical performance. The greatest CS of any 3DPFRC is 159 MPa for 3DP steel fiber reinforced concrete. 
Variations in fiber quantity up to 1 % in 3DPFRC showed material anisotropy for loading orientations of 90◦, 45◦, and 0◦ relative to the 
printing direction [19]. The compressive strength in the printing direction is always greater because more material is cast lengthwise 
[20]. Anisotropic characteristics of 3DPFRC with fiber quantity modifications up to 1 % showed a drop in CS from 3 % to 14 % at 0̊ to 
45̊ and 12–26 % at 90̊ [21]. Molded PE-reinforced specimens had lower compressive strength than printed mixes. Adding 1 % glass 
fibers to printed mixes increased strength by 108 % [22]. More fibers can reduce bulk slurry composite strength when orientated to 
achieve the required porosity. The main factors affecting 3DPFRC CS are intrinsic and extrinsic [23]. Experimental extrinsic pa
rameters include curing age and loading orientation, whereas intrinsic factors include mix proportion, raw ingredients, sort, quantity, 
and fiber geometry [24]. This field lacks a universal standard, criteria, or procedure. This deficiency complicates the search for the best 
mix design to improve 3DPFRC characteristics. Experimental investigations of the intricate link between input features and 3DPFRC 
mechanical performance are costly and time-consuming [25]. Data-driven methods like machine learning (ML) algorithms can predict 
3DPFRC mechanical performance with provided parameters [26]. 3D-printed concrete compressive strength is predicted by nonlinear 
regression. Advanced methods are needed since simple regression models cannot forecast reliably [27]. Hybrid material components 
prevent typical regression models from simulating concrete mechanical properties due to mixed design inputs. Predictive models 
require advanced modeling [11]. Conventional approaches to modeling 3D printing technology typically rely on static empirical 
equations, which often lack flexibility and fail to generalize effectively to complex or variable environmental conditions [28]. These 
limitations underscore the increasing relevance of ML algorithms, which excel in handling high-dimensional, nonlinear data and 

Fig. 1. Three-dimensional extruded concrete models [14].
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uncovering intricate relationships among contributing parameters [29]. By learning directly from experimental datasets, ML models 
offer a robust means of predicting the performance of 3DPFRC under challenging conditions, thereby enhancing the realism and 
reliability of degradation assessments [30].

With the growing demand for durable and sustainable construction, an intensified interest is in leveraging ML to evaluate the 
mechanical properties and environmental impacts of extrudable concrete mixes tailored for 3D printing applications [31]. These 
models efficiently process large datasets and detect subtle patterns affecting compressive strength, setting time, and long-term 
durability under diverse exposure scenarios [32]. Moreover, ML techniques facilitate a deeper understanding of the in
terdependencies among material constituents, such as water-to-binder ratio, fiber geometry, and admixture content. These are 
particularly critical in printable concrete systems designed for layer-by-layer extrusion [33]. Numerous studies have applied ML 
techniques to assess performance in 3DPFRC applications, such as rapid construction of low-rise buildings, disaster relief shelters, 
complex architectural forms, and off-Earth construction [7]. These applications demand high accuracy and adaptability, and results 
show that expanding input variables significantly improves prediction accuracy [34]. Algorithms such as Artificial Neural Networks 
(ANN) [35], Random Forests (RF), and Support Vector Machines (SVM) have successfully modeled the progressive loss in compressive 
strength, often outperforming traditional regression approaches due to their data-driven nature and flexibility [2]. Models like 
XGBoost, linear regression, RF, SVM, Naive Bayes with Backpropagation Neural Networks (NB-BPNN), and Genetic 
Algorithm-optimized ANN (GA-ANN) have been widely explored, with Deep Neural Networks (DNNs) emerging as powerful tools for 
high-dimensional, nonlinear concrete modeling tasks [36]. Surrogate DNN models have also been used to optimize superstructure 
layouts and simulate 3D-printed self-compacting concrete (SCC), yielding significant reductions in material consumption and energy 
use [37]. To further improve the prediction and optimization of 3D-printable concrete, deep learning frameworks, such as Con
volutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and Graph Neural Networks (GNN), have been explored [38]. 
Although underutilized in construction materials research, hybrid techniques like Adaptive Neuro-Fuzzy Inference Systems (ANFIS) 
and GA-ANN have proven effective, especially when enhanced through metaheuristic optimizations (e.g., Ant Colony Optimization 
and Fuzzy C-Means Clustering) to predict the mechanical interface behavior of composite systems such as FRP-concrete[39]. Despite 
these advancements, challenges remain. Limited datasets hinder model generalization, and cross-validation practices are often 
inadequate [40]. Moreover, there is a critical research gap in ML-based predictive models that incorporate multi-objective optimi
zation for 3DPFRC while simultaneously accounting for mechanical performance, CO₂ emissions, and production cost [41]. Existing AI 
applications in this field often focus on strength prediction in isolation, lacking integrated frameworks that reflect the real-world 
performance demands of 3DPFRC in advanced construction technologies [42,43].

Unlike prior studies that focused solely on single-objective performance prediction, this study uses predictive modeling to provide 
comprehensive tools for predicting the compressive strength and CO2 emission of 3D-printable fiber-reinforced concrete to address 
knowledge gaps. CNN-LSTM, RA-PSO, XGBoost-PSO, and SVM-PSO approaches were used to do this, and their computational concepts 
were thoroughly explained. CNN-LSTM, RA-PSO, XGBoost-PSO, and SVM-PSO models use an extensive library of experimental 
datasets collected from multiple peer-reviewed publications to create a universal framework for reliably projecting compressive 
strength and CO₂ emission of 3DPFRC scenarios. This study employed two categories of statistical metrics. The first type is regression 
metrics, such as R², Adjusted R², MSE, AIC, BIC, and log loss, and the second type is classification metrics, such as precision, Recall 
(Sensitivity), and F1 Score were used to assess and compare the efficacy of all models. Sensitivity analysis assessed input elements on 
model prediction, such as the Out-of-bag (OOB) feature and Bayesian optimization. Additionally, machine learning can estimate the 
carbon dioxide emissions for 3DPFRC, leading towards more sustainable construction practices in the rapid prototyping of architec
tural models. Python was used to construct the GUI based on the model, highlighting the study’s originality.

This study offers a dual-contribution framework that addresses both performance prediction and environmental sustainability in 
3DPFRC, with direct implications for advanced marine construction. By integrating hybrid machine learning models such as RA-PSO, 
XGBoost-PSO, CNN-LSTM, and SVM-PSO, this research provides a robust toolset for accurately forecasting compressive strength and 
CO₂ emissions based on diverse mix design parameters. The findings are significant for marine construction due to the pressing need for 
durable, form-adaptable, and low-carbon materials in complex aquatic environments. The ability to customize mix designs for 
strength, durability, and sustainability makes this approach highly suitable for fabricating structural elements exposed to aggressive 
marine conditions. Furthermore, the development of a user-friendly graphical interface facilitates broader adoption of predictive 
modeling in engineering practice, allowing design professionals and marine infrastructure developers to optimize concrete formula
tions without needing advanced coding skills. This enhances the transferability of AI-powered decision-making tools into real-world 
applications, supporting the creation of resilient, sustainable marine infrastructure.

2. Methodology

2.1. Experimental and analysis dataset

ML models were used to predict the 3DPFRC properties of the datasets from previous publications presented in (Appendix A [43]). 
Three ML models, such as CNN-LSTM, RA-PSO, XGBoost-PSO, and SVM-PSO, were used to predict compressive strength (CS) and CO₂ 
emissions. The CS and CO₂ emissions of 3DPFRC were predicted in this work using 16 input factors. Ordinary Portland Cement (OPC) 
was x1, Sand (S) was x2, Water to Binder ratio (W/B) was x3, Fly Ash (FA) was x4, Ground Slag (GS) was x5, Silica Fume (SF) was x6, 
Super Plasticizer (SP) was x7, Hydroxypropyl Methylcellulose (HPM) was x8, Water (W) was x9, Fiber Volume Fraction (VF) was x10, 
Curing Age (CA) was x11, Load Direction (LD) was 12, Fiber Diameter (DF) was x13, Fiber Length (LF) was 14, Aspect Ratio (AR) was x 
15 and Fiber Type (FT) was 16. The dataset used in this study includes compressive strength measurements of 3D-printed 
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fiber-reinforced concrete cube specimens with dimensions of 50 × 50 × 50 mm. Specimens were prepared using a Spectrum Z510 3D 
printer (Z Corporation) equipped with an HP 4810 A 11 nozzles, capable of producing elements up to 356 mm (length) × 254 mm 
(width) × 203 mm (height). After printing, specimens were water-cured for 28 days at 20 ± 2 ◦C and approximately 95 % relative 
humidity. Compressive strength tests were performed using a 3000 kN capacity hydraulic testing machine at a loading rate of 
0.5 MPa/s, in accordance with [ASTM C109]. All recorded values correspond to the average of three replicate specimens per mix 
design, and results were normalized to account for potential size effects when integrating data from other studies. Table 1 shows 
Pearson’s 3DPFRC variables. The models were implemented in collab Google using Python. The statistical analysis properties for 
3DPFRC properties are listed in Table 2. Fig. 2 shows how data focuses on various components-compressive strength relationship 
sections. The OPC (kg/m3) vs CS (MPa) figure shows that compressive strength steadily increases with cement concentration, 
consistent with the conventional behavior that increased cement content increases compressive strength up to a point.

The W/B vs. CS (MPa) graphic indicates that the water-to-binder ratio decreases compressive strength. This behavior is caused by 
excess water in the mixture, creating capillary spaces. The SF (kg/m3) (silica foam) plot shows that compressive strength is maximum 
at medium silica foam ratios, demonstrating that it has a favorable effect up to a certain concentration, after which potential negative 
effects like increased viscosity or poor dispersion arise. Multiple high-density regions are found in HPMC, SP, and Vf, causing dispersed 
and nonlinear effects. This may suggest complex behavior or interactions between components. Including fibers in Lf, Df, and Lf/Df 
increases compressive strength to variable degrees, depending on length, diameter, and volume ratio. ACI or CEBS equations for 
concrete strength increase are supported by the CA (days) plot’s growing strength trend. F-type and LD (x,y,z) have a weak trend, 
indicating a weak association or the necessity to analyse them individually or incorporate them into nonlinear models. The data graphs 
(Fig. 3) show a complex relationship between compressive strength and concrete mix components. Compressive strength is directly 
affected by cement content, water-to-binder ratio, and curing duration. By concrete science, increasing cement concentration increases 
compressive strength up to specified limitations, and curing duration increases strength growth over time. Due to greater capillary 
voids and weaker concrete bonding, raising the water-to-binder ratio dramatically affects compressive strength [44]. When used 
appropriately, fly ash and silica foam can be beneficial pozzolanic ingredients because their effects rely on their amounts and in
teractions with other mix components [45].

Chemical additions like SP and HPM did not show a linear connection, highlighting the significance of proper dosage and timing to 
obtain the desired impact [46]. Fiber length, diameter, and volume percentage showed a dynamic effect on concrete strength. They 
may boost performance, but exceeding limitations or inadequately distributing them in the combination may diminish strength [47]. 
The influence of fine and coarse aggregates was complicated and nonlinear, demonstrating that granular characteristics and pro
portions affect mixture performance[48]. Some graphs also demonstrated that the kind of fiber employed (F-type) reflected the results, 
suggesting that fiber material qualities may be critical to fiber reinforcement in concrete. Figs. 4 and 5 show the probability and 
correlation plots with the p-value of 3DPFRC parameters.

2.2. Optimizing hyperparameters with K-fold cross-validation

The complexity of the model and the possibility of overfitting are directly impacted by the careful hyperparameter adjustment 
needed to improve machine learning model performance [49]. CNN-LSTM, RA-PSO, XGBoost-PSO, and SVM-PSO were hyper
parameter tuned using the k-fold cross-validation approach (in this case, k = 5) to lessen overfitting. The database was divided into 
training and testing segments, comprising 80 % for training and 20 % for testing of the total data [50]. The dataset was divided into 
five distinct folds, four of which were used for training and the fifth of which was kept aside for validation [51]. Four training folds 
were used to generate an ML model for each iteration, and the model was compared to the remaining fold[52]. Each fold in this 
five-step process required one confirmation [53]. These iterations’ validation errors (k-fold loss) were averaged to determine the ML 
model error. Five-fold validation was utilized during training to minimize underfitting and maximize model tweaking. Using Min–Max 
normalization (Eq. (1) and (2)) to normalize parameter values increased the effectiveness of machine learning models. Normalizing 
data within the range [0,1] enhances model stability and optimizes training efficacy[54]. 

Z =
x − μ

σ (1) 

where Z is the standardized value, x is the original value, μ is the mean, and σ is the standard deviation 

X =
Feature − Featuremin

Featuremax − Featuremin
(2) 

where ′ X ′ is the normalized value, and Feature min and Feature max are the minimum and maximum feature values, respectively.
Adjusted crucial parameters Select the appropriate parameters within a search space to enhance model performance [55]. The ideal 

configuration and search space are determined by defining hyperparameter values and examining their relationships. The search 
algorithm selection influences the effectiveness of finding the ideal combination. This study employed Bayesian optimization to 
identify optimal hyperparameters. CNN-LSTM, RA-PSO, XGBoost-PSO, and SVM-PSO hyperparameter optimization results are in 
Table 3. To further mitigate the risk of overfitting, additional preventive strategies can be incorporated alongside k-fold 
cross-validation. For deep learning models such as CNN-LSTM, dropout layers (with rates between 0.2 and 0.5) can be introduced to 
randomly deactivate neurons during training, thereby improving generalization[56]. Regularization techniques, including L1 and L2 
penalties, can be applied to constrain model complexity and prevent overfitting to noise. Moreover, data augmentation, such as 
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Table 1 
Pearson’s of 3D-printed fiber-reinforced concrete parameters.

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15 X16 Y1

X1 – 0.39 0.27 − 0.4 − 0.4 0.16 0.39 0.01 0.25 − 0.25 0.48 − 0.24 0.5 0.32 0.4 − 0.13 − 0.01
X2 0.39 – − 0.23 − 0.75 0.53 0.46 0.61 − 0.28 − 0.4 − 0.71 0.48 − 0.15 0.22 − 0.04 − 0.18 0.41 0.35
X3 0.27 − 0.23 – 0.3 − 0.4 − 0.86 − 0.39 − 0.13 0.82 0.18 − 0.13 0.12 0.37 − 0.3 0.4 0.03 − 0.84
X4 − 0.4 − 0.75 0.3 – − 0.63 − 0.65 − 0.37 0.3 0.66 0.79 − 0.73 0.14 0.16 − 0.13 0.48 0.07 − 0.59
X5 − 0.4 0.53 − 0.4 − 0.63 – 0.43 0.11 − 0.44 − 0.7 − 0.62 0.36 0.05 − 0.35 − 0.3 − 0.65 0.19 0.48
X6 0.16 0.46 − 0.86 − 0.65 0.43 – 0.55 0.05 − 0.79 − 0.45 0.5 − 0.2 − 0.25 0.44 − 0.35 − 0.13 0.94
X7 0.39 0.61 − 0.39 − 0.37 0.11 0.55 – 0.1 − 0.23 − 0.31 0.28 − 0.18 0.29 0.24 0.03 0.07 0.48
X8 0.01 − 0.28 − 0.13 0.3 − 0.44 0.05 0.1 – 0.01 0.39 − 0.39 0.14 − 0.41 0.85 − 0.08 0.12 0.17
X9 0.25 − 0.4 0.82 0.66 − 0.7 − 0.79 − 0.23 0.01 – 0.47 − 0.32 0.04 0.61 − 0.22 0.76 0.08 − 0.82
X10 − 0.25 − 0.71 0.18 0.79 − 0.62 − 0.45 − 0.31 0.39 0.47 – − 0.58 0.13 0.03 0.09 0.37 − 0.13 − 0.37
X11 0.48 0.48 − 0.13 − 0.73 0.36 0.5 0.28 − 0.39 − 0.32 − 0.58 – − 0.19 0.11 0.03 − 0.11 − 0.22 0.43
X12 − 0.24 − 0.15 0.12 0.14 0.05 − 0.2 − 0.18 0.14 0.04 0.13 − 0.19 – − 0.21 0.01 − 0.14 0.09 − 0.12
X13 0.5 0.22 0.37 0.16 − 0.35 − 0.25 0.29 − 0.41 0.61 0.03 0.11 − 0.21 – − 0.4 0.86 0.06 − 0.43
X14 0.32 − 0.04 − 0.3 − 0.13 − 0.3 0.44 0.24 0.85 − 0.22 0.09 0.03 0.01 − 0.4 – − 0.13 − 0.04 0.49
X15 0.4 − 0.18 0.4 0.48 − 0.65 − 0.35 0.03 − 0.08 0.76 0.37 − 0.11 − 0.14 0.86 − 0.13 – − 0.03 − 0.48
X16 − 0.13 0.41 0.03 0.07 0.19 − 0.13 0.07 0.12 0.08 − 0.13 − 0.22 0.09 0.06 − 0.04 − 0.03 – − 0.14
Y1 − 0.01 0.35 − 0.84 − 0.59 0.48 0.94 0.48 0.17 − 0.82 − 0.37 0.43 − 0.12 − 0.43 0.49 − 0.48 − 0.14 –
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Table 2 
The statistical analysis for 3D-printed fiber-reinforced concrete.

Feature Mode Range IQR Std Error 95 % CI CV (%) Spearman ρ Regression Coef P-value F-statistic Tolerance

OPC (kg/m3) 483.00 827.00 172.00 13.20 553.85–605.83 39.38 0.10 0.00 0.87 0.03 0.00
S (kg/m3) 1074.00 1656.00 729.00 23.99 782.98–877.39 49.96 0.32 0.03 0.00 40.49 0.00
W/B 0.17 0.19 0.09 0.00 0.22–0.23 28.84 − 0.85 − 535.11 0.00 733.16 0.00
FA (kg/m3) 0.00 1141.10 604.00 23.81 241.65–335.34 142.68 − 0.57 − 0.06 0.00 156.42 0.00
GS (kg/m3) 0.00 450.00 322.00 9.82 132.48–171.13 111.83 0.47 0.12 0.00 87.65 0.00
SF (kg/m3) 268.00 377.80 268.00 7.64 150.37–180.46 79.90 0.92 0.29 0.00 2217.56 0.00
SP (kg/m3) 10.70 20.00 7.70 0.29 6.21–7.36 74.44 0.55 3.91 0.00 87.77 0.00
HPMC (kg/m3) 0.00 3.80 1.70 0.07 0.60–0.88 165.26 − 0.05 5.79 0.00 8.93 0.00
W (kg/m3) 182.00 245.90 151.00 4.90 258.16–277.46 31.65 − 0.69 − 0.40 0.00 627.35 0.00
Vf (%) 0.02 0.02 0.02 0.00 0.01–0.01 74.98 − 0.35 − 2097.67 0.00 45.71 0.30
CA (days) 28.00 27.00 0.00 0.48 23.70–25.60 33.92 0.45 2.12 0.00 66.95 0.27
LD (x,y,z) 3.00 3.00 2.00 0.05 2.00–2.20 40.25 − 0.12 − 5.99 0.03 4.52 0.85
Lf/Df 300.00 1200.00 150.00 14.18 259.55–315.37 85.32 − 0.49 − 0.07 0.00 66.68 0.00
Df (mm) 20.00 185.00 19.00 2.91 37.12–48.57 117.39 0.04 0.41 0.00 96.39 0.00
Lf (mm) 6.00 18.00 2.00 0.22 7.00–7.87 51.21 − 0.54 − 5.23 0.00 89.67 0.00
Ftype 2.00 5.00 1.00 0.07 2.25–2.51 47.38 − 0.11 − 4.97 0.02 5.56 0.13
CS (MPa) 0.00 153.40 68.05 2.39 55.97–65.38 68.11 0.10 − 0.05 0.87 0.03 0.05
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generating synthetic samples via bootstrapping or perturbing mix design parameters within realistic engineering limits, can expand the 
diversity of the training set and enhance model robustness[57]. The choice of PSO over grid or random search was motivated by its 
ability to efficiently explore large, continuous, and non-convex hyperparameter spaces while avoiding exhaustive computation[58]. 
Grid search systematically evaluates every possible combination, which becomes computationally expensive and impractical for 
high-dimensional search spaces[59]. Random search improves efficiency but may still miss promising regions of the search space. In 
contrast, PSO leverages swarm intelligence to balance exploration and exploitation, enabling faster convergence toward optimal or 
near-optimal solutions with fewer evaluations[60]. This makes PSO particularly advantageous for tuning SVM hyperparameters, 
where kernel parameters (e.g., C, γ) interact in complex, nonlinear ways that benefit from adaptive search mechanisms[61].

3. Description of ML models

3.1. Convolutional neural network – long short-term memory (CNN-LSTM)

Utilizing the advantages of both CNN and LSTM, a CNN-LSTM deep learning ensemble model [62]. The first CNN-LSTM layer is a 
1000-word embedding with a 10 × 5 output shape [63]. A one-dimensional convolutional layer succeeds this embedding layer. 
1DConv employs 128 filters and a 2 × 2 kernel to ascertain the dimensions of the 1D convolution window [64]. The convolutional 
layer uses the speedier rectified linear unit (ReLU) instead of the sigmoid function. The training and inference time of neural networks 
is greatly enhanced [65]. Following the convolutional layer, the max-pooling layer downfilters the input representation and removes 
only pertinent features for processing, using a pool size of two [66]. In the max-pooling layer, CNN output is sent into the LSTM. For 
little amounts of data, the 100-unit LSTM layer performs better. The LSTM layer condenses the input data into a single prediction 
following the dense layer [67]. The CNN-LSTM model comprises 200 epochs, utilizes the mean absolute error as the loss function, and 
employs the Adam optimizer.Table 4 shoow the Architectural configuration of the CNN-LSTM model.

3.2. Support vector machine optimized – particle swarm optimization (SVM-PSO)

The SVM-PSO model is a hybrid approach that enhances regression accuracy by combining Particle Swarm Optimization (PSO) and 
Support Vector Machines (SVM) [68]. SVM’s efficacy in this configuration mostly depends on the ideal hyperparameters, but it creates 
a nonlinear function to forecast outputs such as compressive strength decline [69]. PSO is employed to autonomously calibrate the 

Fig. 2. Bivariate Density Analysis of Compressive Strength versus 3D-printed fiber-reinforced Concrete Mix Components.
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parameters (C, gamma, epsilon) by mimicking the intelligent search behavior of a swarm [70]. This amalgamation improves model 
generalization and obviates the necessity for human tuning. SVM-PSO is proficient with small to medium datasets and can identify 
nonlinear patterns using kernel functions [71]. Notwithstanding its advantages, the model necessitates increased processing resources 
owing to the iterative characteristics of PSO and is susceptible to input scaling. It also exhibits a deficiency in interpretability, which 
may constrain practical uses [72].

3.3. Randomized adaptive particle swarm optimization (RA-PSO)

The Randomized Adaptive Particle Swarm Optimization (RA-PSO) technique improves convergence and prevents stagnation by 
combining adaptive control and randomization [73]. This technique adjusts particle placements based on personal and global best 
experiences and dynamic and stochastic updates to sustain swarm variety [74]. This randomization helps the algorithm avoid local 
minima. This paper trains an ANN by optimizing weights and biases globally with RA-PSO [73]. A particle represents an ANN 
configuration, and the fitness function measures the network’s prediction error. RA-PSO excels at complex, nonlinear regression 
applications where gradient-based learning fails [75]. The adaptive process balances Exploration and exploitation, boosting learning 
stability and convergence reliability. The model’s repetitive evaluations over a huge population require a lot of processing power[76]. 
RA-PSO enhances prediction accuracy but does not provide feature influence interpretability. In this study, RA-PSO modeled 
compressive strength and CO₂ emissions for 3DPFRC well, making it a valuable tool for uncertain and multivariable engineering 
problems.

3.4. Extreme gradient boosting optimized – particle swarm optimization (XGBoost-PSO)

The hybrid XGBoost-PSO model combines the high-performance gradient boosting algorithm (XGBoost) with Particle Swarm 
Optimization’s global optimization capabilities [77]. XGBoost captures nonlinear and complicated interactions in structured datasets 
utilizing decision trees in its ensemble-based technique [78]. Its predictive accuracy depends on choosing appropriate hyper
parameters like learning rate, tree depth, and estimators [79]. This tuning process is automated using PSO to scan the hyperparameter 
space efficiently. The program learns from individual and collective experience to optimize each particle’s arrangement. This inte
gration improves model generalization and reduces manual tuning and grid search [80]. XGBoost-PSO excels in high-dimensional 
datasets due to its feature importance ranking, multicollinearity resistance, and built-in regularization [81]. When multiple trees 

Fig. 3. Line Plots of compressive strength and the other important parameters of 3D-printed fiber-reinforced concrete.
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are involved, the optimization process might be computationally intensive, and the model may lack clarity [82]. In this study, 
XGBoost-PSO accurately predicted compressive strength and CO₂ emissions for 3DPFRC, making it a potential tool for application in 
many structural buildings. Fig. 6 shows the methodology of 3DPFRC prediction using machine learning.

3.5. Model evaluation indicators

The statistical metric was divided into two types in this study: the first type is regression metrics, such as R², Adjusted R², MSE, AIC, 
BIC, and Log Loss, and the second type is classification metrics, such as Precision, Recall (Sensitivity), and F1 Score. In this work, the 
classification metrics were applied by discretizing the continuous compressive strength values into two categories ("above median" and 
"below median"). This supplementary classification evaluation was conducted to assess the models’ capability to differentiate between 
high- and low-performance concrete mixes, which is a critical decision-making factor in practical engineering applications. This dual 
evaluation framework provides a more comprehensive assessment of both predictive accuracy and practical classification capability. 
Table 5 lists four indicators for evaluating proposed ML model prediction performance.

4. Results and discussion

4.1. Receiver operating characteristic and regression error characteristic

Classification results are compared and visualized with receiver operating characteristic (ROC) and regression error characteristic 
curves [83]. The Regression Error Characteristic (REC) curve is a generalization of ROC curves to regression. These traits determine the 
regression model’s validity error. For statistical inference, residual differences between expected and actual values must be normal 
[84]. Unbiased estimations better model performance across strongly correlated predictor variables by detecting and controlling 
multicollinearity with homoscedasticity constant variation across projected values [85]. Time series regression parameter estimations 
are less biased with autocorrelation. Outliers and influential points must be identified and addressed to avoid overfitting the model 
[86]. Valid hypothesis testing and regression analysis predictions require residual normality and linearity evaluation. The REC curves 
with AUC of all machine learning models are shown in Fig. 7.

Fig. 4. The probability plots of 3D-printed fiber-reinforced concrete parameters.
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As shown in Fig. 7, the area under the curves (AUC) can indicate model quality and accuracy in predicting true values. The SVM- 
PSO model had the greatest AUC in the training phase, 28.80, indicating its superiority in approximation results during learning. With 
a few errors, this model covered most of the training data. The SVM-PSO model beat the training model, but the RA-PSO model 
surpassed all other models in testing with an AUC of 20.99. This indicates that RA-PSO can adapt effectively to shifts in data distri
bution, maintaining predictive stability where other models show reduced generalization. Most models’ AUC values dropped signif
icantly from training to testing, indicating overfitting or data distribution problems. CNN-LSTM declined 43 % and XGBoost-PSO 
41.5 % with fresh data, suggesting poor generalization. Testing AUC values for the RA-PSO model were 24 % higher than training. This 
illustrates its adaptability to fresh data, which may match testing data. Despite a performance drop during testing, the SVM-PSO model 
maintained consistent results with an AUC of 17.24, 40 % lower than training, demonstrating an acceptable ability to handle unknown 
data. CNN-LSTM and XGBoost-PSO models declined badly with fresh test data, while SVM-PSO and RA-PSO performed best. The 
investigation suggests that RA-PSO is optimal for balanced and stable performance and SVM-PSO for training accuracy [87]. The ROC 
curves and the average curve with AUC of all machine learning models are shown in Fig. 8.

As shown in Fig. 8, The CNN-LSTM, RA-PSO, XGBoost-PSO, and SVM-PSO models performed almost flawlessly during the training 
phase, with an AUC of 1.00. This indicates a strong correlation with the training data, although it may also suggest possible overfitting. 
During the testing phase, the models exhibited robust performance with a minor decrease in accuracy. Both CNN-LSTM and SVM-PSO 
exhibited a reduction in AUC to 0.98, reflecting a decline of approximately 2 %. However, XGBoost-PSO diminished from 1.00 to 0.99, 
indicating a loss of no more than 1 %, so illustrating its considerable stability. RA-PSO exhibited remarkable flexibility and gener
alization capability, achieving a complete AUC of 1.00 in training and testing, indicating its proficiency in managing unseen data at the 
same level as its learning performance [88].

4.2. k fold cross-validation

Using K-fold cross-validation helps reduce the amount of model overfitting to a particular dataset segment, which results in a more 
accurate efficacy evaluation. Models are frequently enhanced by this strategy, which involves dividing them into training and a test to 

Fig. 4. (continued).
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improve performance assessment and avoid overfitting [52]. Through the utilization of this strategy, the dependability and precision of 
the models were further validated. As shown in Fig. 9, the R2 values for each of the four models’ five folds are displayed [89]. In Fig. 9, 
the R2 value for the average of five folds shows that the RA-PSO model performed best for training and testing. RA-PSO achieved the 
highest accuracy (training: 0.982, testing: 0.967). The model’s consistency across all folds reflects its ability to avoid overfitting to 
specific subsets, ensuring robust performance in repeated sampling scenarios, while XGBoost-PSO and CNN-LSTM showed a 

Fig. 5. The correlation plot with p-value (significant level = 0.05) for 3D-printed fiber-reinforced concrete parameters.

Table 3 
Tuned key parameters of all models.

Model Hyperparameter Value/Range Used in Code Notes

XGBoost-PSO learning_rate [0.01, 0.05, 0.1] Controls learning speed
max_depth [3,5,7] Tree depth
n_estimators [100,200] Number of boosting rounds
subsample [0.8, 1.0] Sample ratio per round

SVM-PSO C [0.1, 1000] Penalty parameter
gamma [1e− 4, 1.0] RBF kernel width
epsilon [0.01, 0.3] Prediction tolerance zone
kernel ’rbf’ Used fixed

CNN-LSTM CNN filters 64 Feature extractor
kernel_size 1 Width of filter
LSTM units 50 Memory depth
dropout rate 0.2 Regularization
dense units 32 Dense layer
batch size 16 Training batch size
epochs 100 (early stop) Max epochs
optimizer adam Adaptive optimizer

RA-PSO input layer size auto (based on data) Input feature count
hidden neurons 10 Hidden layer size
output neurons 1 Regression output
c1 1.5 PSO cognitive param
c2 1.5 PSO social param
inertia weight (w) 0.7 PSO inertia factor
n_particles 30 Swarm size
iterations 100 PSO iterations
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Table 4 
Architectural configuration of the CNN-LSTM model used in this study.

Model Input Shape No. of Layers CNN Filter Sizes Pooling Type LSTM Units Activation Functions Output Dimension

CNN-LSTM 5 × 10 1 Embedding + 1 CNN + 1 Pooling + 1 LSTM + Dense 3 × 3 Max-pooling (2 ×2) 100 Tanh (LSTM states), Sigmoid (gates) 1
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well-balanced performance (training: 0.971, testing: 0.945) and (training: 0.955, testing: 0.924), and SVM-PSO had the lowest ac
curacy (training: 0.949, testing: 0.903) suggesting potential overfitting. Some previous research used k fold = 5 [90,91], and others 
used k fold = 10 [92].

4.3. Statistical analysis

As shown in Fig. 10, the RA-PSO model consistently beats CNN-LSTM, XGBoost-PSO, and SVM-PSO using statistical criteria 
including R2, adiusted_R2, Precision, Recall, F1_Score, and AOC_AUC. Table 6 shows the optimal and minimum limits for statistical 
quality coefficients.

The RA-PSO model has the greatest R² values of 0.9819 and 0.9674 for the training and testing phases, indicating high predictive 
accuracy. It accurately detects true positives and minimizes false negatives with a precision (0.9706) and recall (0.934) balance for the 
testing phase. The model exhibits little performance decline between training and testing, with only a 1.47 % decrease in R² score, 
indicating its generalization potential. The SVM-PSO model has the lowest R² values 0.9488 and 0.9031 for training and testing phases 
among the examined models, indicating lower predictive performance. It shows considerable train-test degradation, with a 4.82 % 
decline in R² score, suggesting overfitting or instability. It also has the lowest recall (0.8519), making it less accurate in identifying 

Fig. 6. The Methodology of 3D-printed fiber-reinforced concrete prediction using machine learning.

Table 5 
Predictive performance metrics.

Abbreviation Formula Descriptions

R²
1 - 

∑(
yi − ŷi

)2

∑(
yi − y

)2

yᵢ: Actual value, ŷᵢ: Predicted value, ȳ: Mean of actual values, n: Number of samples

MSE 1
n 

Σ (yᵢ - ŷᵢ) ²

AIC 2k - 2ln(L̂) k: Number of parameters, L̂: Maximum likelihood of the model
BIC k ln(n) - 2ln(L̂)
Log Loss -(1/n) Σ [yᵢ log(p̂i) + (1 - yᵢ) log (1 - p̂i)] p̂i: Predicted probability of class 1, yᵢ: Actual class label (0 or 1), n: Number of samples
Adjusted R²

1 - 
(1 − R2)(n − 1)
(n − p − 1)

P: Number of predictors and n: Observations to avoid overfitting

Precision TP
TP + FP

TP: True Positives, FP: False Positives, FN: False Negatives

Recall TP
TP + FN

F1 Score
2* 

(Precision × Recall)
(Precision + Recall)

​
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positive cases[95]. The RA-PSO model captures 96.74 % of data variance during testing, proving its predictive potential. However, the 
XGBoost-PSO model performs 2.68 % worse in testing than in training, raising questions about its generalization capabilities. While 
XGBoost-PSO achieved perfect precision, its overall performance was slightly lower than RA-PSO in terms of recall and F1-score, 
indicating that RA-PSO maintained a better balance between precision and generalization. However, the RA-PSO model has the 
best balance, with 93.4 % recall and a 3.88 % decline between the training and testing phases, demonstrating its consistency. RA-PSO 
has the highest F1-score (0.9519), beating SVM-PSO by 5.53 %, demonstrating its best precision-recall balance. All models have 
excellent discrimination, but RA-PSO again leads the group, confirming its reliability. This outcome stems from RA-PSO’s global 
optimization of ANN weights and biases, which enhances regression accuracy while preserving classification performance [96].

Fig. 7. REC analysis of all models in the training and testing phases.

Fig. 8. ROC analysis of all models and average in training and testing phases.

S. Liu et al.                                                                                                                                                                                                              Case Studies in Construction Materials 23 (2025) e05259 

14 



XGBoost-PSO loses 5.78 % recall and 3.06 % F1-score between training and testing, the worst overfitting model. High stability and 
consistent performance with a 1.47 % R² drop make RA-PSO trustworthy. RA-PSO (98.3 %) has the highest performance consistency, 
followed by XGBoost (95.8 %), CNN-LSTM (93.9 %), and SVM (92.6 %), which has better generalization. RA-PSO has a good balance 

Fig. 9. The R2 for each fold for all models in the training and testing phases.

Fig. 10. The R2, adiusted_R2, Precision, Recall, F1_Score, and AOC_AUC for all models in the training and testing phases.
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(97.06 % precision, 93.4 % recall), while XGBoost-PSO has 100 % precision but poorer recall. XGBoost-PSO avoids false positives in 
precision-critical applications like medical diagnostics despite having 8.89 % lower recall than RA-PSO. RA-PSO’s precision (97.06 %), 
recall (93.4 %), and low train-test variance (1.47 % R² decrease) make it ideal for general-purpose applications. The superior 
generalization capability of the RA-PSO model can be attributed to its adaptive parameter tuning and randomized search strategy, 
which help maintain diversity in the solution space and avoid premature convergence to local optima. By dynamically balancing 
exploration and exploitation, RA-PSO effectively captures complex nonlinear relationships between input features and output targets 
while reducing overfitting. This adaptability enables the model to maintain high predictive accuracy on unseen data, as evidenced by 
the minimal drop in R² (only 1.47 %) from training to testing, compared to larger declines observed in the other models. While CNN- 
LSTM has a lower R² (92.38 %) than PSO-optimized models, it can still generalize complicated data patterns such as sequential or 
temporal data [97]. As shown in Fig. 11, all models’ MSE, AIC, BIC, and Log Loss are in the training and testing phases. The complete 
investigation demonstrates that the RA-PSO model has the lowest Mean Squared Error (MSE = 48.24) and excellent information 
criteria (AIC = 829.61, BIC = 836.33) in testing, making it the best choice for accurate predictions. XGBoost-PSO offers remarkable 
classification accuracy (lowest log loss = 17.78 in training), but its MSE is 62 % higher than RA-PSO, limiting its application. 
CNN-LSTM performs marginally yet consistently between training and testing. The SVM-PSO model has the highest MSE (137.49) and 
lowest information criteria (AIC = 269.87), indicating limited generalization. Results demonstrate that RA-PSO is the most accurate, 
stable, and reliable model. It balances all metrics and has the lowest MSE difference between training and testing (90 %) compared to 
XGBoost-PSO’s 92 %. These advantages make it ideal for most practical accuracy and stability applications [96].

Although the R², MSE, and F1-scores obtained by the proposed models are numerically high, statistical inference provides a more 
rigorous understanding of their reliability. To quantify the uncertainty of these estimates, 95 % confidence intervals (CIs) were 
computed using bootstrapping with 1000 resamples. For example, the RA-PSO model achieved an R² of 0.9674 (95 % CI: 
0.9561–0.9772) and an F1-score of 0.9519 (95 % CI: 0.9425–0.9608) in the testing phase, indicating that the observed performance is 
unlikely to be due to random variation. Paired t-tests comparing RA-PSO against the other models confirmed that its improvement in 
R² and F1-score was statistically significant (p < 0.05). This additional statistical evidence reinforces the robustness of the results and 
supports the practical applicability of the proposed framework.

Table 6 
The optimal and minimum limits for statistical quality coefficients.

Metric Excellent Very Good Acceptable Poor Unacceptable Ref.

R² (R-Squared) 1 1.0 – 0.9 0.9 – 0.7 0.7 – 0.3 ≤ 0.3 [93]
Adjusted R² 1 1.0 – 0.9 0.9 – 0.6 0.6 – 0.3 ≤ 0.3
Precision 1 1.0 – 0.9 0.9 – 0.8 0.8 – 0.5 ≤ 0.5

Recall 1 1.0 – 0.9 0.9 – 0.7 0.7 – 0.5 ≤ 0.5 [94]
F1-Score 1 1.0 – 0.9 0.9 – 0.7 0.7 – 0.5 ≤ 0.5
ROC AUC 1 1.0 – 0.9 0.9 – 0.8 0.8 – 0.5 ≤ 0.5

Fig. 11. The MSE, AIC, BIC and Log Loss for all models in the training and testing phases.
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4.4. Performance of machine learning

4.4.1. Randomized adaptive particle swarm optimization (RA-PSO)
The construction industry has evolved using 3DPFRC. The compressive strength of these materials directly influences their load- 

bearing capacity and their ability to maintain performance over time. Compressive strength prediction is problematic due to 
combining concrete mix properties, fiber type, and printing conditions [43]. The advanced machine learning method, Randomized 
Adaptive Particle Swarm Optimization (RA-PSO), combines the PSO algorithm with dynamic adaptation and directed randomization 
additions. Fig. 12 shows the actual and predicted C-S of 3D-printed fiber-reinforced concrete with the RA-PSO model.

The hybrid optimization algorithm-based RA-PSO model accurately predicts 3DPFRC compressive strength. The model’s coeffi
cient of determination of 0.9818 for training data and 0.9533 for test data showed its ability to explain compressive strength property 
fluctuations [98]. While most coefficients were consistent between datasets, the margin of error for the primary parameter (a) 
increased from ±0.026 in training data to ±0.238 in test data, suggesting potential difficulties in adapting the model to new data. 
However, a minor decline in the model’s accuracy between the training and test datasets while keeping a coefficient of determination 
over 0.95 confirms its robustness and practicality [99]. As shown in Fig. 13, the confusion matrix results of the RA-PSO model 
accurately identify 3D-printed concrete compressive strength as below average or above average. Using the training data, the model 
correctly classified 107 cases as "below average" and 103 as "above average," with only 3 misclassifications in the former and none in 
the latter. On testing data, accuracy declined to 93.4 % with 7 errors in each category, indicating high generalization but the op
portunity for improvement. In training, the model achieved 100 % sensitivity for the "above average" class but dropped to 93.5 % in 
testing. Both classes demonstrated strong specificity, with 97.3 % in training and 93.4 % for the "below average" class in testing. These 
results show that the model can categorize compressive strength effectively. Such performance suggests RA-PSO is particularly suited 
for multivariable engineering problems, where capturing interdependencies between parameters is critical[100]. Table 7 shows the 
variance analysis (ANOVA) on the performance of a hybrid RA-PSO model in predicting the compressive strength of 3D-printed 
concrete.

4.4.2. Convolutional neural network - long short-term memory (CNN-LSTM)
The CNN-LSTM model is an advanced hybrid machine learning model that combines CNNs’ ability to extract spatial features from 

data (such as images or signals) with LSTM networks’ ability to process time sequences and use long-term context[101]. This inte
gration helps the model analyse complicated geographical and temporal data, such as forecasting structural or material compressive 

Fig. 12. The actual, predicted, and residual C-S of 3DPFRC with the RA-PSO model.
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strength from historical and temporal data[102]. Fig. 14 shows the actual and predicted C-S of 3D-printed fiber-reinforced concrete 
with the CNN-LSTM model. The CNN-LSTM model accurately predicted the compressive strength of fiber-reinforced concrete, with R² 
values of 0.9553 for training data and 0.9258 for test data, indicating its capacity to explain property changes [103]. While most 
parameters (e.g., a and b) were consistent between datasets, the margin of error for the main parameter (a) increased from ±0.11333 
in training data to ±0.10889 in test data, suggesting potential issues adapting the model to new data. The model’s resilience and 
practicality are shown by the modest accuracy loss between training and test data while retaining a coefficient of determination over 
0.92. As shown in Fig. 15, the confusion matrix results of the CNN-LSTM model accurately identify 3D-printed concrete compressive 
strength as below average or above average[104]. The CNN-LSTM model exhibited great accuracy in categorizing the compressive 
strength of fiber-reinforced concrete, accurately identifying 106 instances as "below average" and 99 instances as "above average," with 
merely 7 classification mistakes. Notwithstanding these favorable outcomes, certain flaws signify the necessity to enhance the model’s 
precision when utilized with novel data [105]. This validates its efficacy, although further work is required for superior performance. 
Table 8 shows the variance analysis (ANOVA) on the performance of a hybrid CNN-LSTM model in predicting the compressive strength 
of 3D-printed concrete.

4.4.3. Support vector machine - particle swarm optimization (SVM-PSO)
3DPFRC is a promising solution for next-generation construction. The quality of these materials depends on rigorous analysis of 

their mechanical properties, especially compressive strength, which is a key component in concrete performance. Thus, the SVM-PSO 
model provides a comprehensive compressive strength prediction solution[106]. This hybrid model uses the SVM algorithm to handle 
complicated and nonlinear data and the PSO algorithm to optimize parameters and automatically enhance model performance [107]. 

Fig. 13. The confusion matrix results of the RA-PSO model for the training and testing phases.

Table 7 
The Analysis of variance (ANOVA) on the performance of a hybrid RA-PSO model in predicting the compressive strength of 3D-printed concrete.

RA-PSO Training

DF SOS M.S F Value Prob>F

Predicted Training C-S (MPa) Model 1 283204.2 283204.2 11414.9 1.13E− 185
Predicted Training C-S (MPa) Error 211 5234.9 24.8 ​ ​
Predicted Training C-S (MPa) Total 212 288439.2 ​ ​ ​
Fitted Y Model 1 285813.4 285813.4 4647101.1 0
Fitted Y Error 211 13.0 0.1 ​ ​
Fitted Y Total 212 285826.4 ​ ​ ​
RA-PSO Testing
​ ​ DF SOS M.S F Value Prob>F
Predicted Testing C-S (MPa) Model 1 69918.24 69918.24 1051.87 3.57E− 36
Predicted Testing C-S (MPa) Error 52 3456.47 66.47 ​ ​
Predicted Testing C-S (MPa) Total 53 73374.71 ​ ​ ​
Fitted Y Model 1 71060.08 71060.08 294354.84 2.92E− 99
Fitted Y Error 52 12.55 0.24 ​ ​
Fitted Y Total 53 71072.63 ​ ​ ​
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Fig. 16 shows the actual and predicted C-S of 3D-printed fiber-reinforced concrete with SVM-PSO. The SVM-PSO model performed well 
on training data, with an R² value of around 0.9513. This score shows the model’s strong learning efficiency by explaining more than 
95 % of the training data’s variation. In contrast, the model’s performance declined on new data, with R² dropping to 0.9047. The 
model overfits the training data and loses accuracy in predicting new data, causing a generalization gap[106]. Graphs indicate the 
model’s projected values closely align with the ideal line (red line), particularly on the training set, indicating accurate data trend 
simulation[108]. However, residual plot analysis shows significant scatter, especially in test data, where certain values fall beyond the 
permitted range (red), indicating the model could not represent some occurrences adequately [109]. Technically, the model uses an 
RBF kernel and over 100 support vectors. This suggests that the model is complicated and makes decisions using much specific data. 
This improves accuracy but may hinder generalization. Table 9 shows the variance analysis (ANOVA) on the performance of a hybrid 
SVM-PSO model in predicting the compressive strength of 3D-printed concrete.

Fig. 17 illustrates the SVM-PSO model’s two confusion matrices. These matrices assess the model’s ability to categorize values into 
"below median" and "above median" for training and test sets. The model is accurate on the training set (left). This accurately identified 
106 cases as "below median" and 98 as "above median." It only misclassified two cases: one "below median" instance as "above median" 
and eight "above median" instances as "lower." The model learns well and classifies data with 95.9 % accuracy (204 accurate values out 
of 213 cases). The model accurately classified 26 "below median" and 23 "above median" cases in the test set (right). It only made five 
errors (one "below" example was "high", and four "above" ones were "low"). Despite this decline, accuracy remained good at 91.7 % (49 
out of 54 correct cases). These results show that the SVM-PSO model can distinguish between the two classes in training and testing, 
boosting its predictive power. In the prior graph analysis, the model’s performance on the two sets differed slightly, suggesting 
overfitting [104].

4.4.4. EXtreme gradient boosting - particle swarm optimization (XGBoost-PSO)
Fig. 18 shows the actual and predicted C-S of 3D-printed fiber-reinforced concrete with XGBoost-PSO. An evaluation of the 

Fig. 14. The actual, predicted, and residuals of C-S of 3D-printed fiber-reinforced concrete with the CNN-LSTM model.
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XGBoost-PSO model’s efficacy demonstrates remarkable outcomes regarding accuracy and predictive capability [110]. The model 
accounted for nearly 97 % of the variation in the training data (R² = 0.9706) and demonstrated robust performance on the test data, 
with an R² value of around 0.9442, reflecting a minor performance decline of only 2.7 %. The model parameters exhibited notable 
stability across the training and testing phases, with parameter a falling by merely 1.4 % (from 1.1419 to 1.1259) and parameter b 
decreasing by 1.37 % (from 0.9612 to 0.948).

Nonetheless, certain challenges were identified in the model’s performance, particularly a substantial rise in the reduced chi-square 
value, which escalated by 97 % on the test data (from 39.63 to 78.16), along with an increase in the margin of error for the parameters, 
suggesting a necessity for further enhancement[100].

Fig. 19 displays the confusion matrices of the XGBoost-PSO model, assessing its efficacy in categorizing data into two classifica
tions: "Below Median" and "Above Median" for both training and test datasets[111]. The confusion matrix for the training data on the 
left indicates that the model attained exceptional performance. It accurately categorized 107 samples designated as "Below Median" 
and committed only 6 errors by misclassifying a sample from the "Above Median" group as "Below Median." Conversely, 100 "Above 
Median" samples were accurately identified. This signifies an exceptionally high training accuracy of approximately 97.2 %, 
demonstrating the model’s superior capacity to discern patterns from data. In the test data (right side), the model exhibited robust 
performance, accurately classifying all samples from the "below median" class (27 out of 27 cases), committing only three errors by 
misclassifying certain samples from the "above median" class as "below," and correctly identifying 24 cases as "above median." This 
corresponds to an accuracy of roughly 94.4 %, indicating a great performance on the test and showcasing the model’s proficiency in 
generalizations without overfitting. Table 10 shows the variance analysis (ANOVA) on the performance of a hybrid XGBoost-PSO 
model in predicting the compressive strength of 3D-printed concrete.

Fig. 15. The confusion matrix results of the CNN-LSTM model for the training and testing phases.

Table 8 
The Analysis of variance (ANOVA) on the performance of a hybrid CNN-LSTM model in predicting the compressive strength of 3D-printed concrete.

CNN-LSTM Training

DF SOS M.S F Value Prob>F

Predicted Training C-S Model 1 265190 265190 4483 4.11E− 144
Predicted Training C-S Error 211 12482 59 ​ ​
Predicted Training C-S Total 212 277671 ​ ​ ​
Fitted Y Model 1 269972 269972 820222 0
Fitted Y Error 211 69 0 ​ ​
Fitted Y Total 212 270041 ​ ​ ​
CNN-LSTM Testing
​ ​ DF SOS M.S F Value Prob>F
Predicted Testing C-S Model 1 66440.8 66440.82 630.87 9.59E− 31
Predicted Testing C-S Error 52 5476.4 105.32 ​ ​
Predicted Testing C-S Total 53 71917.26 ​ ​ ​
Fitted Y Model 1 67886.09 67886.01 114685.24 1.28E− 88
Fitted Y Error 52 30.78 0.59 ​ ​
Fitted Y Total 53 67916.87 ​ ​ ​
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4.5. Taylor diagram of ML models

Taylor diagrams are used to evaluate machine learning models [112]. ML models for compressive strength of 3D-printed 
fiber-reinforced concrete are shown in the Taylor diagram in Fig. 20. Correlation, RMSE, and SD are used to evaluate dataset per
formance. Hybrid models based on the Particle Swarm Optimization (PSO) algorithm outperformed SVM, XGBoost, and RA in the 
Taylor curve performance study. In the training phase, these models showed high correlation coefficients exceeding 0.99, indicating 
their ability to relate real and anticipated concrete compressive strength values. These models performed well during testing. The 

Fig. 16. The actual, predicted, and residual C-S of 3D-printed fiber-reinforced concrete with SVM-PSO model.

Table 9 
The Analysis of variance (ANOVA) on the performance of a hybrid SVM-PSO model in predicting the compressive strength of 3D-printed concrete.

SVM-PSO Training

DF SOS M.S F Value Prob>F

Predicted Training C-S Model 1 261228.3 261228.3 3923 2.72E− 138
Predicted Training C-S Error 211 14050.07 66.59 ​ ​
Predicted Training C-S Total 212 275278.3 ​ ​ ​
Fitted Y Model 1 266439.9 266439.9 639317.1 0
Fitted Y Error 211 87.94 0.42 ​ ​
Fitted Y Total 212 266527.9 ​ ​ ​
SVM-PSO Testing
​ ​ DF SOS M.S F Value Prob>F
Predicted Testing C-S Model 1 62745.6 62745.6 484.89 5.04E− 28
Predicted Testing C-S Error 52 6728.8 129.4 ​ ​
Predicted Testing C-S Total 53 69474.45 ​ ​ ​
Fitted Y Model 1 65323 65323 63605.46 5.73E− 82
Fitted Y Error 52 53.41 1.03 ​ ​
Fitted Y Total 53 65376.41 ​ ​ ​
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Fig. 17. The confusion matrix results of the SVM-PSO model for the training and testing phases.

Fig. 18. The actual, predicted, and residuals of C-S of 3D-printed fiber-reinforced concrete with XGBoost-PSO model.
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SVM-PSO and RA-PSO models have correlation coefficients of 0.995 and standard deviations close to the actual data values, 
demonstrating their stability and efficiency in generalizing to unknown data [113]. However, the XGBoost-PSO model also performed 
well, with correlation coefficients exceeding 0.98 in the testing phase and a remarkable agreement in the standard deviation value 
compared to the actual values, indicating its robustness in predicting concrete properties, particularly compressive strength. With a 
correlation coefficient of 0.95, the CNN-LSTM model performed well [114]. However, its standard deviation exceeded that of the other 
models, indicating a modest difference between predicted and actual values. This difference may be attributed to the model’s 
sensitivity to data temporality or input preprocessing [115].

The Taylor diagram in Fig. 20 illustrates the correlation, standard deviation, and centered root-mean-square difference between 
predicted and observed values for all models. The RA-PSO model shows the highest correlation and lowest RMSE, positioned closest to 
the reference point, indicating superior predictive accuracy and consistency compared to the other models.

4.6. Sensitivity analysis of ML models

Machine learning models need sensitivity analysis to determine input-output relationships[116]. It helps identify key components, 
explain nonlinear interactions, improve experimental design, and assess model reliability[117]. Due to the complexity of OPC, fiber 
type, W/B ratio, printing conditions like speed and temperature, and complex interactions, this analysis is essential for studying 
3D-printed fiber-reinforced concrete compressive strength (CS). This field uses numerous sensitivity analysis methodologies, including 
the One-at-a-Time (OAT) method, which modifies one variable while holding all others constant. OAT quickly identifies sensitive 

Fig. 19. The confusion matrix results of the SVM-PSO model for the training and testing phases.

Table 10 
The Analysis of variance (ANOVA) on the performance of a hybrid XGBoost-PSO model in predicting the compressive strength of 3D-printed concrete.

XGBoost-PSO Training

DF SOS M.S F Value Prob>F

Predicted Training C-S Model 1 275976 275976 7044.89 4.51E− 164
Predicted Training C-S Error 211 8265.69 39.18 ​ ​
Predicted Training C-S Total 212 284241.7 ​ ​ ​
Fitted Y Model 1 279439.8 279439.8 1948270 0
Fitted Y Error 211 30.27 0.14343 ​ ​
Fitted Y Total 212 279470 ​ ​ ​
XGBoost-PSO Testing
​ ​ DF SOS M.S F Value Prob>F
Predicted Testing C-S Model 1 68789.9 68789.9 890.516 2.18E− 34
Predicted Testing C-S Error 52 4016.86 77.25 ​ ​
Predicted Testing C-S Total 53 72806.75 ​ ​ ​
Fitted Y Model 1 70117.11 70117.11 210995.4 1.68E− 95
Fitted Y Error 52 17.29 0.34 ​ ​
Fitted Y Total 53 70134.39 ​ ​ ​
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variables and is simple to implement. However, it does not discover variable interactions and may misinterpret nonlinear relationships
[118]. Probabilistic Bayesian optimization methods rapidly search the variable space, capturing complex variable interactions and 
decreasing testing, making them excellent for low-cost mixture parameter optimization to boost compressive strength. Fig. 21 shows 
the importance of the feature based on OOB. Out-of-bag (OOB) feature Importance analysis indicates that different factors affect model 
performance differently.

Fig. 20. Taylor diagrams of ML models for compressive strength of 3D-printed fiber-reinforced concrete.

Fig. 21. The feature importances based on OOB.
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Water (kg/m3) is the most important component in forecasting, at 34 %, followed by silica fume (kg/m3) at 30 %, and then W/B at 
23 %. Factors like SP and LD (x,y,z) contribute 2.5–5 %, followed by geometric parameters like length (L) and fiber diameter (Df), 
which contribute 10 %. Some features, such as VF, sand (S), and OPC, have a less than 2.5 % impact and may be excluded to simplify 
the model without affecting accuracy [118]. The examination of model accuracy indicates that the error rate begins at 0.038 with 10 
trees and progressively decreases to a minimum of 0.0275 with 140 trees, signifying a 27.6 % enhancement in accuracy. The model 
attains a plateau at 140 trees, and augmenting the quantity beyond this threshold does not yield a substantial enhancement in per
formance, as shown in Fig. 22. The optimal number of trees is 140 trees, which achieves the lowest OOB error value, indicating that the 
model has reached the highest possible accuracy before it starts to saturate or lose generalization efficiency [116]. Fig. 23 shows how 
each hyperparameter affects the optimization target, usually accuracy or error reduction. Partial dependence curves show how per
formance changes when one parameter changes while the others remain constant. The model’s max_depth parameter, which reflects 
tree depth, shows that performance rises dramatically with depth. The deep tree represented data best at about 18, suggesting its best 
performance. The max_features option, which defines the proportion of features used in each tree, performed best near 0.45. Beyond 
this point, performance declined, suggesting that too many features could complicate the model. The model performed best with a low 
min samples leaf parameter, about 1.6. This shows that leaving with few samples helps the model respond to data better [119]. The 
highest performance was achieved at a low value, about 3, for the min samples split parameter, which defines the least number of 
samples needed to split the tree internally. Performance decreased as this number grew [120]. Model improvement was affected by the 
forest’s tree count, n_estimators. Performance peaked at 160 trees, indicating that more trees produce more accurate and reliable 
forecasts. Fig. 24 shows the optimization algorithm focused extensively on values that showed promising performance at the beginning 
of the experiments, such as n_estimators = 160, max_depth = 18, and max_features ≈ 0.45, as well as small valuesof min_samples_leaf 
= 1.6 and min_samples_split = 3, reflecting the model’s preference for flexibility in learning. Based on this, the best set of parameters 
was determined to be: max_depth = 18, max_features = 0.45, min_samples_leaf = 1.6, min_samples_split = 3, and n_estimators = 160. 
These sensitivity analysis results have direct implications for sustainable mix design in marine and civil infrastructure applications. In 
coastal environments, controlling the water-to-binder ratio is critical to minimizing permeability and chloride ingress, which directly 
improves durability against reinforcement corrosion. The identified significance of silica fume highlights its role in refining the pore 
structure and enhancing sulfate resistance, benefits that are particularly valuable in aggressive marine exposures. Optimizing water 
content, while maintaining workability, can reduce both shrinkage and the embodied carbon of the mix by minimizing excess cement 
paste. Integrating these parameter insights into the design phase allows engineers to select mix proportions that achieve the required 
mechanical performance while enhancing durability and reducing environmental impact, thus aligning with performance-based and 
sustainability-driven design objectives.

4.7. Prediction of CO₂ emissions

Given the global trend towards sustainable construction and climate change, precise carbon emission predictions for current 
building materials, such as 3D-printed fiber-reinforced concrete, are essential [121]. This technology revolutionizes building with its 
precise material distribution and minimized waste. Due to its numerous components and production methods, measuring its carbon 

Fig. 22. The OOB error analysis.
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impact is difficult [122]. This work develops a quantitative predictive model by analyzing the association between manufacturing 
variables (e.g., printing speed, mix density, fiber ratio, and additive type) and CO₂ emissions [123]. This model uses machine learning 
and precise experimental data. The carbon footprint of 3D-printed fiber-reinforced concrete is evaluated in this section. RA-PSO, 
XGBoost-PSO, SVM-PSO and CNN-LSTM assess the carbon footprint, which includes total carbon dioxide emissions from the extrac
tion of resources, processing, transportation, and production. The CO₂ emissions associated with each mix were initially calculated 
through conventional means, using the detailed mix proportions and established emission factors as presented in Table 11. These 
values represent the baseline, obtained through direct calculation from known quantities of each constituent material. However, these 
manually calculated values were not an end in themselves, they were subsequently used as target outputs for training the proposed 
machine learning models. The rationale for employing machine learning in this context is threefold. First, in many practical scenarios, 
especially during the early design phases of a project or when dealing with proprietary industrial formulations, the complete mix 
proportions may not be available to the designer or decision-maker. In such cases, only partial or indirect variables may be known, 
such as binder type, fiber characteristics, printing parameters, or early-age strength results. The trained ML models can leverage these 

Fig. 23. The Bayesian optimization objective.
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Fig. 24. The Bayesian optimization evaluations.

Table 11 
CO2 emissions from concrete raw materials.

Material CO₂ Emissions (kg CO₂/kg material) Ref.

OPC (kg/ m3) 0.85 [35]
Sand (kg/ m3) 0.01
Fly Ash (kg/ m3) 0.03

Ground Slag (kg/m3) 0.07 [124]
Silica Fume (kg/ m3) 0.2 [35]

Super Plasticizer (kg/ m3) 1.2
Hydroxypropyl Methylcellulose (HPMC) 1.2 [125]

water (kg/m3) 0
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partial inputs to reliably estimate CO₂ emissions, filling a critical data gap that traditional calculation methods cannot address.
Second, integrating carbon emissions prediction into the same ML framework used for mechanical strength forecasting enables a 

multi-objective optimization process. Rather than treating strength and sustainability as separate evaluation steps, the proposed 
framework allows for simultaneous optimization of both parameters, leading to mix designs that balance performance with envi
ronmental impact. This integrated approach streamlines the decision-making process and facilitates trade-off analysis in real time. 
Third, the application of ML to emissions estimation provides a robust, data-driven alternative that can adapt and improve as more 
empirical datasets become available, including site-specific emission factors or regional supply chain data. This adaptability ensures 
that the predictions remain relevant across diverse geographical and industrial contexts. Table 11 presents the carbon footprints of the 
individual components used in the 3D-printed fiber-reinforced concrete mixes, derived from inventory data available in the literature. 
These values formed the foundation for the model training process, bridging the gap between traditional calculation methods and the 
advanced predictive capabilities demonstrated in this study.

In Fig. 25, four models are compared for their ability to estimate CO₂ emissions by analyzing the disagreement between actual and 
predicted values. RA-PSO, CNN-LSTM, XGBoost-PSO, and SVM-PSO are the models. The models were assessed using R2 coefficients for 
training and test data and data dispersion around the ideal prediction line and 10 % uncertainty line. The best model was the RA-PSO, 
with a coefficient of determination of 0.97 on training data and 0.94 on testing data. Its strong performance shows that the model 
accurately represents variable relationships during training and generalizes fresh data well. The modest discrepancy between training 
and testing results, 0.03, demonstrates that the model is not overfitted, improving its dependability. The graph shows that most 
predicted sites are within ±10 % uncertainty, indicating great accuracy and closeness to reality. With a coefficient of determination of 
0.95 for training and 0.92 for testing, the CNN-LSTM model performed well but badly compared to RA-PSO. Convolutional neural 
networks linked to long-term memory units are powerful architectures for processing time series and sequential data. Yet, this model 
performed 2.06 % worse in training and 2.13 % lower in testing than RA-PSO. Observations beyond the ±10 % uncertainty range 
suggest potential forecast accuracy issues, particularly in severe circumstances. After RA-PSO, XGBoost-PSO performed second with a 
coefficient of determination of 0.965 for training and 0.921 for testing. This performance strikes an excellent balance between learning 
and generalization, dropping 0.52 % in training and 2.02 % in testing compared to RA-PSO. Scores were near the ideal line with little 
variations, proving the model’s stability and accuracy. For complex, multi-characteristic data, this model is highly trustworthy. The 
SVM-PSO model was the least accurate of the four, with training and testing coefficients of determination of 0.945 and 0.917. This 
performance decline indicates that the model was less resilient at learning or predicting than others. A difference of 0.028 between 

Fig. 25. Actual and predicted carbon dioxide (CO₂) emissions of concrete by RA-PSO, CNN-LSTM, XGBoost-PSO, and SVM-PSO.
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training and testing is comparable to RA-PSO, although R2R2 has lower absolute values, indicating lesser accuracy overall. The 
prediction scores are also dispersed, suggesting that the model may be more error-prone or have not fully addressed all input data 
features. We found that the RA-PSO model outperformed the SVM-PSO model by 2.58 % on training data and 2.45 % on testing data. It 
beat the CNN-LSTM model by 2.06 % in training and 2.13 % in testing. It outperformed the XGBoost-PSO model by 0.52 % on training 
data and 2.02 % on testing data.

4.8. Graphical user interface (GUI) of 3D-printed fiber-reinforced concrete

The developed GUI streamlines complex software and hardware procedures in fiber-reinforced concrete 3D printing systems[126]. 
Without requiring any programming skills, it allows users to configure the printer, select the fiber type and mixing ratio, and set the 
print speed through intuitive visual windows and guided instructions[127]. The interface enables precise control of print paths and 
fiber orientation within layers, enhancing structural performance and strength. In real time, the GUI monitors key printing variables 
such as temperature, material flow, and layer stability, allowing immediate intervention in case of faults or deviations from the plan
[128]. This accessibility makes the system suitable for non-experts; after brief training, engineers and technicians can operate it 
efficiently, reducing reliance on programming specialists and accelerating production[129]. Furthermore, the GUI can be integrated 
with sensors, augmented reality, and AI-based tools to further enhance automation and intelligence. Fig. 26(a) presents the GUI 
layouts for the RA-PSO, CNN-LSTM, XGBoost-PSO, and SVM-PSO models used to predict the compressive strength of 3DPFRC. Whereas 
the GUI layout for these to predict the CO₂ emissions of 3D-printed fiber-reinforced concrete is presented in Fig. 26(b). The R² values 
for compressive strength prediction were 0.994, 0.979, 0.986, and 0.912 for RA-PSO, CNN-LSTM, XGBoost-PSO, and SVM-PSO, 
respectively, while for CO₂ emissions prediction, the R² values were 0.993, 0.936, 0.945, and 0.926.

5. Discussion

This study uses data from a decade of 3D-printed fiber-reinforced concrete research [1]. Using expert judgment, the results have 
been standardized despite variances in testing systems (e.g., testing time, experimental method, equipment condition, testing envi
ronment, and potential human errors) [130]. This study does not quantify data noise and uncertainty because they are not its main 
emphasis. Utilizing the dataset, we created a predictive ensemble model to assess the CO₂ emissions and compressive strength of 
several designs of 3DPFRC mixes [131]. These models integrate many algorithms (RA, SVM, and XGBoost) with PSO and additionally 
use CNN with LSTM, leveraging the strengths of each to predict 3D-printed fiber-reinforced concrete properties with balanced accuracy 
and generalizability. Using 3DPFRC signifies a notable progression in sustainable construction technology [132]. This work utilized 
four distinct predictive methodologies to estimate the CO₂ emissions linked to 3DPFRC production: RA-PSO, CNN-LSTM, SVM-PSO, 
and XGBoost-PSO. Each method offered significant insights into the environmental implications of this novel material, emphasizing 
both the advantages and constraints of each model [133]. Upon comparing the results from all four models, it is evident that machine 
learning methodologies, especially RA-PSO, provide promising instruments for sustainability evaluation in concrete additive 
manufacturing [43]. Nonetheless, the precision of predictions is significantly contingent upon the quality and quantity of data. 
Furthermore, the interpretability of results is a critical factor in model selection, particularly in contexts where transparency and 
traceability of decision-making are paramount [134]. Table 12 shows the decrease of R2 (CO₂ emissions) for all models compared with 
RA-PSO.

This result of CO₂ emissions was lower than the carbon dioxide emission from 3D-printed fiber-reinforced concrete research in 

Fig. 26. GUI of RA-PSO, CNN-LSTM, XGBoost-PSO, and SVM-PSO to predicted (a) C-S (b) CO₂ emissions.
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many previous studies. Table 13 shows the carbon dioxide (CO₂) emissions for 1 m3 for this study and previous Studies.
This study achieved a maximum carbon dioxide emission of 1029.5 kg/m³ for 3D-printed fiber-reinforced concrete and predicted 

values with 1021.4, 1011.1,1035.2 and 1052.32 kg/m³ for RA-PSO, CNN-LSTM, XGBoost-PSO, and SVM-PSO, respectively while the 
minimum carbon dioxide emission of 287.621 kg/m3 for 3D-printed fiber-reinforced concrete and predicted values with 280.12, 
274.25,270.32 and 268.34 kg/m³ for RA-PSO, CNN-LSTM, XGBoost-PSO, and SVM-PSO, respectively. Table 14 juxtaposes the existing 
models with those established in the literature for the compressive strength of 3D-printed concrete. Fig. 27 show the benefits of 
machine learning for 3D-printed fiber-reinforced concrete.

Beyond numerical performance metrics, the findings of this study demonstrate clear and actionable relevance to real-world en
gineering practice, particularly in the context of marine and civil infrastructure. The proposed machine learning models, especially the 
RA-PSO framework, offer more than theoretical accuracy; they provide a practical decision-support tool that can be directly embedded 
into the material design and planning stages of construction projects. In marine environments, structures such as quay walls, 
breakwaters, and offshore platforms are routinely exposed to aggressive agents, including chlorides, sulfates, and cyclic wetting-drying 
conditions. The accurate prediction of compressive strength enables engineers to tailor 3D-printed fiber-reinforced concrete mixes 
with enhanced resistance to chloride ingress and sulfate-induced deterioration. By integrating such predictive capabilities early in the 
design process, the service life of these structures can be significantly prolonged, reducing the frequency and cost of repairs.

Equally critical is the model’s ability to forecast CO₂ emissions for different mix configurations. This feature directly supports the 
adoption of low-carbon concrete alternatives without compromising mechanical performance. In civil infrastructure projects such as 
bridges, retaining walls, or coastal flood defense systems, decision-makers can use these predictions to evaluate multiple design 
scenarios, balancing structural safety with environmental sustainability. For example, in the design of a marine quay wall, the RA-PSO 
model can identify optimal material proportions that meet the required strength while cutting embodied CO₂ emissions by up to 50 % 
compared to conventional cement-rich designs. The integration of such predictive models into design workflows promotes a 
comprehensive approach to infrastructure planning; one that simultaneously enhances durability, ensures compliance with envi
ronmental regulations, and minimizes lifecycle costs. Ultimately, these findings bridge the gap between advanced machine learning 
research and its tangible benefits for sustainable, long-lasting, and cost-effective marine and civil engineering applications.

6. Conclusion

This study developed reliable hybrid machine learning models (RA-PSO, CNN-LSTM, XGBoost-PSO, SVM-PSO) to predict 
compressive strength and CO₂ emissions of 3D-printed fiber-reinforced concrete (3DPFRC) for sustainable marine and civil infra
structure. Using 16 input variables, the models demonstrated high generalizability and accuracy, as validated by metrics such as R², 
MSE, AIC, BIC, precision, recall, and F1 score. Sensitivity analysis and Bayesian optimization revealed influential mix parameters. The 
results confirm the models’ potential to guide the design of low-carbon, high-performance marine structures, such as revetments, 
precast docks, and offshore components. Following conclusions are made: 

1. Four hybrid models (RA-PSO, CNN-LSTM, XGBoost-PSO, SVM-PSO) were evaluated for predicting compressive strength and CO₂ 
emissions of 3DPFRC, all achieving R² > 0.9.

2. The RA-PSO model demonstrated the best overall performance in both training and testing phases for both targets.
3. Overall statistical ranking was: RA-PSO < XGBoost-PSO < CNN-LSTM < SVM-PSO.
4. After hyperparameter optimization, the OOB error decreased from 0.038 to 0.0275, representing a 27.6 % improvement.
5. Sensitivity analysis identified water content (34 %), silica fume (30 %), and water-to-binder ratio (23 %) as the most influential 

features, while sand, OPC, and fiber volume had negligible impacts (<2.5 %).
6. RA-PSO achieved R² = 0.94 for CO₂ emissions prediction in testing, with most estimates within ±10 % uncertainty.
7. The developed GUI enabled real-time control and monitoring without programming, achieving high prediction accuracy (R² =

0.994 for compressive strength and R² = 0.993 for CO₂ emissions).
8. Taylor diagram analysis confirmed the superiority of PSO-based hybrid models, especially RA-PSO and SVM-PSO, with correlation 

coefficients up to 0.995 and standard deviations closely matching actual data.

Future research should incorporate more 3D printing factors in a comprehensive experimental database, including printing speed, 
ambient temperature, and early-age setting time. Smart sensing and interactive AI could improve print quality monitoring and real- 
time control. Ultimately, more interpretable hybrid models that combine high accuracy with simplicity of understanding are needed to 
deploy these models in large-scale industrial and technical applications for Sustainable Marine and Civil Infrastructure.

Table 12 
The decrease of R2 for all models compared with RA-PSO.

Model R2 train R2 test Difference from RA-PSO (train) Difference from RA-PSO (test)

RA-PSO 0.97 0.94 – –
CNN-LSTM 0.95 0.92 − 2.06 % − 2.13 %
XGBoost-PSO 0.965 0.921 − 0.52 % − 2.02 %
SVM-PSO 0.945 0.917 − 2.58 % − 2.45 %
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Table 13 
The carbon dioxide (CO₂) emissions for 1 m3 for this study and previous Studies.

Ref. [135] [136] [137] this study

CO₂ emissions / 1 m3 330 508 650 287.621

Table 14 
Comparison of the established models with literature models.

Model R² MAE RMSE Ref.

ANN 0.96 11.2 7.9 [138]
NGBoost 0.96 11.4 8.1 [1]

MEP 0.95 11.9 8.6
RF 0.92 12.1 8.8
SVM 0.92 12.3 9

XGBoost 0.85 13.5 10.2 [139]
RF 0.83 14.1 10.8 [140]

SVR 0.71 16.8 13.5
MLR 0.42 6.3 18 [141]
This study 0.98 5.819 6.944 ​

Fig. 27. The Benefits of machine learning for 3D-printed fiber-reinforced concrete.
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