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ABSTRACT 

The technique of three-dimensional (3D) concrete printing (3DCP) has 

emerged as a highly advanced construction method, attracting considerable 

attention in recent times. Machine learning (ML) models are employed in 

this study to predict the most effective mix designs for 3D-printable concrete 

(3DPC). By analyzing various data inputs, these models help identify the 

optimal mix proportions that would ensure the best performance in 3D 

concrete printing. The approach also predicts the compressive strength (CS) 

of 3D printed materials. Five ML models are utilized in this study: Random 

forest (RF), Support vector machine (SVM), Extreme Gradient boosting 

(XGBoost), Decision Tree (DT), and Gradient boosting machine (GBM). 

The compressive strength data were collected for 150 research papers, and 

with a mix design of over 500. Hyper-parameter optimization techniques are 

used to optimize the parameters of the ML models. On CS, the accuracy is 

approximately𝑅2 = 0.82, 0.81, 0.80. The SHAP analysis detects that 

water/binder (W/B) ratio and ordinary Portland cement content are the most 

effective parameters for CS. The ML models incorporated with SHAP 

analysis disclose the relationship between the input variables and the 

mechanical performance of 3DCP. They could provide valuable information 

for the performance-based design of the mix proportion of 3DCP. The 

amount of clay and silica fumes also influences the properties, such as 

buildability. The VMA and SP are influential parameters in extrudability. In 

this paper, the compression test is performed on every direction of layers, 

i.e., perpendicular to printing direction, parallel to printing direction in X 

axis, and parallel to printing direction in Y axis. The compressive strength 

values for various loads provide the best loading direction plane inputs
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Chapter 1 

Introduction 

1.1 Introduction to 3D Concrete Printing (3DCP) and Its 

Significance 

The application of 3D printing technology in the construction sector has 

emerged as an innovative approach to address a number of industrial 

problems. Conventional methods of concrete fabrication are often labor-

intensive, demanding significant resources for manual mixing and casting, 

leading to considerable material waste. These traditional techniques are 

inefficient and significantly add to the environmental impact of construction 

projects. To address these challenges, 3D printing has emerged as a cutting-

edge solution that can enhance productivity, minimize waste, and provide 

notable cost savings. Research indicates that 3D printed concrete can reduce 

the 30 to 60 percent material waste, drop labour expenses by 50 to 80 

percent, and accelerate fabrication time by 50 to 70 percent. The capability 

to construct buildings layer by layer with a 3D printer has enabled the 

creation of large concrete structures, such as apartment complexes and 

bridges, highlighting the expanding possibilities of this technology. 

 

1.2 Evolution of 3D Concrete Printing and Current Trends 

 

3D concrete printing first gained attention in the mid-1990s and has since 

evolved significantly. The process involves mixing and pumping concrete 

through a nozzle, where its pumpability and cohesiveness are crucial to 

ensuring smooth extrusion and structural integrity upon deposition. Over the 

years, several large-scale structures have been successfully constructed 

using 3D-printed concrete, and countries like the United States, China, the 

UK, and Germany are leading the charge in advancing this technology. As 
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3DCP gains traction, ongoing efforts focus on optimizing material properties 

and developing accurate material models to predict the behavior of concrete 

mixtures, essential for further scaling the technology and ensuring its 

feasibility in various construction applications. 

 

1.3 Machine Learning in 3D Concrete Printing: Role and 

Potential 

 

As the sector of 3D concrete printing progresses, one of the primary focuses 

is on the development of material models that can predict the behavior of 

concrete mixtures. A key property being investigated is compressive 

strength, which is closely associated with other mechanical properties like 

tensile and flexural strength. Traditional methods based on experimental 

data face challenges due to the complex, nonlinear relationships inherent in 

3D-printed concrete. To address these challenges, machine learning (ML) 

models are being increasingly applied to predict and optimize the 

performance of concrete mixtures. By utilizing large datasets and advanced 

algorithms, such as artificial neural networks (ANN), support vector 

machines (SVM), and decision trees, machine learning offers a more 

accurate, data-driven approach to predicting the mechanical properties of 

3D-printed concrete, reducing the reliance on trial-and-error testing. 

 

1.4 Data-Driven Analysis and Multi-Objective Optimization 

in 3DCP 

 

The paper by Schossler et al. (2025) highlights the use of machine learning 

to optimize 3D concrete printing (3DCP) mixtures. It integrates a large, 

comprehensive dataset from 32 different studies, ensuring that the models 

are generalizable across various 3DCP compositions. A key strength of this 

study is the use of Bayesian optimization for hyperparameter tuning and 
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tenfold cross-validation, which rigorously validates the models and 

mitigates the risk of overfitting. The study incorporates traditional 

performance metrics, such as compressive strength and pump speed, 

alongside sustainability metrics, like carbon footprint, providing a multi-

objective perspective that aligns well with current construction 

sustainability goals. The application of SHAP (Shapley Additive 

Explanations) further enhances the transparency of the model, making it not 

just accurate but interpretable for industrial applications. 

 

1.5. Limitations and Future Directions in 3DCP Research 

 

Despite its robust technical methodology, the study by Schossler et al. 

(2025) has some limitations. The paper assumes the adequacy of the 

compiled literature-based dataset without addressing potential 

inconsistencies in experimental conditions across the different studies, such 

as variations in curing methods or machine parameters. Such differences 

could introduce biases, affecting the model's generalizability. Furthermore, 

while the study focuses on regression tasks (predicting numerical values), 

it does not explore classification tasks, such as predicting the success or 

failure of printability or categorizing the performance of mixtures. 

Additionally, while the multi-objective optimization (using NSGA-II) is 

well-executed computationally, the practical feasibility of the suggested 

optimal mixtures has not been experimentally validated. Closing the gap 

between computational predictions and real-world experimental validation 

is a key avenue for future research in 3DCP. 
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Chapter 2 

Literature Review 

2.1 General 

In this section, a thorough literature review and the necessity for this 

research are discussed. At first the review of Al and ML models that are 

used in this research is described. The different ML models and their 

background derivations are presented. This is followed by an explanation 

of the printable mix designs suggestions.  Based on the suggestion of the 

mix design predicted by the machine learning is explained. Following that, 

various methods for assessing the physical properties of concrete paste are 

discussed. Based on the literature review conducted, the necessity of the 3D 

digital construction is explained in the last subsection section of this 

chapter. 

2.2 Overview of 3D Printable Concrete 

3D printable concrete (3DPC) is an advanced construction material 

enabling layer-by-layer deposition without formwork, significantly 

reducing labor and material waste while offering architectural freedom. 

However, this technology presents new challenges, particularly in achieving 

required rheological and mechanical performance during and after 

printing. 

Key fresh-state properties for printability include:(Rahul et al., 2019a) 

 Extrudability: Ability to be continuously extruded through a 

nozzle. 

 Buildability: Capability to hold its shape upon deposition without 

collapse. 
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 Open time: Duration the mix remains printable after mixing. 

 Interlayer bonding strength: Affects structural integrity between 

printed layers. 

 These parameters are governed by rheological behavior, particularly 

yield stress, plastic viscosity, and thixotropy. Ma et al. introduced 

a multi-step mix design method that first ensures extrudability by 

adjusting SCMs and fibers, followed by balancing buildability and 

strength via admixtures like superplasticizers. Static yield stress 

described by the Rahul et al., 2019b in 1.5 to 2.5kpa range. This 

yield stress has been identified as optimal for both extrudability and 

buildability. 

 

2.3 Traditional Approaches to Mix Design 

Traditional 3DPC mix design methods are based on empirical procedures like 

slump flow, rheological tests, and trial batching(Rahul et al., 2019a, 2019c). 

demonstrated that yield stress-driven formulations are more effective in targeting 

printability. They found that incorporating silica fume and nano clay enhanced 

both stability and extrudability. (Liu et al., 2022a). used a multi-objective 

optimization approach to correlate SCM content (fly ash, silica fume) with 

rheological properties, guiding systematic mix development. The Fuller-

Thompson and Marson-Percy models, traditionally used for optimizing packing 

density in concrete, were adapted to improve 3DPC printability through enhanced 

aggregate gradation control.Despite these advances, traditional methods remain 

limited due to high dependency on physical testing and the nonlinear nature of 

material interactions. 

2.4 Machine Learning in 3D Concrete Printing 

Machine learning (ML) addresses these limitations by modeling complex, 

nonlinear relationships in concrete compositions. (Ghasemi & Naser, 2023) 

compiled 307 samples from 53 sources to train Random Forest, 
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XGBoost, and Multilinear Regression models for predicting compressive 

strength of 3DPC. Their Random Forest model achieved R² = 0.846, 

outperforming other techniques. 

 Cement 

 Water 

 Fly ash 

 Silica fume 

 Fine aggregate 

 Superplasticizer 

 Age 

Cross-validation (5-fold, repeated twice) and metrics like MAE, MSE, and 

RMSE were used for evaluation. These findings highlight ML's ability to 

replace or augment trial-based design, making it suitable for high-

dimensional optimization.. (Izadgoshasb et al., 2021) proposed a hybrid ML 

model combining Artificial Neural Network (ANN) with Multi-

Objective Grasshopper Optimization Algorithm (MOGOA) to enhance 

the strength prediction of printed mortars.

 

Figure 1 Flow chart of DT (Taken from 
Huaxing gao, Lang jin et al.) 

Figure 2 Flow chart of RF (Taken from 
Huaxing gao, Lang jin et al) 

Figure 3 Flow chart of XGBoost 
(Taken from Huaxing gao, Lang 
jin et al) 

Figure 4 Flow chart of ANN  (Taken from Huaxing 
gao, Lang jin et al) 
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2.5 ML Applications in 3D Concrete Printing 

(Geng et al., 2024) developed a two-stage ML framework: a Random 

Forest model predicted rheological parameters (PV, SYS, DYS), and a 

second model used these to predict printability metrics such as height 

error (HE) and width error (WE). Their results showed R² > 0.90 for PV 

and R² = 0.84–0.99 across other metrics.(T. Chen & Guestrin, 2016) 

Silva et al. (2024) applied Extreme Gradient Boosting (XGB) with 

computer vision in a real-time control system. A depth camera (Intel 

RealSense L515) monitored layer morphology during printing, and the 

XGB model autonomously adjusted robot motion speed to maintain the 

desired layer width. A synthetic dataset generated using  

OpenFOAM simulations ensured reliable training without extensive 

physical trials. To specifically simulate the rheological performance of the 

concrete mixture, the generalized Newtonian fluid (GNF) with yield stress 

is used. The Herschel-Bulkley model is adopted. Models are described as a 

non-linear relationship between the shear stress and the shear rate above the 

yield point. This behavior describes by the equation 

𝜏𝑖𝑗 = 𝜏0 + 2𝐾𝐷𝑖𝑗
𝑛  

The equation described is similar to the Bingham model with constant 

viscosity (Newtonian Fluid).(Nguyen et al., 2011; Paolo et al., 2022) 

Six models and five equivalent indicators are used in the research paper. 

The ML models  are RF, SVM, XGBoost, LightGBM, CatBoost and 

NGBoost. The indicators are 𝑅2, MAE, MSE, RMSE, SMAPE. The 

XGBoost, LightGBM, and Catboost show the 𝑅2 value of 0.99.(Uddin et 

al., 2023) 
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𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦𝑖

∗)2𝑚
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑚
𝑖=1

 

𝑀𝐴𝐸 = (
1

𝑁
) × ∑ |𝑦𝑖 − 𝑦𝑖̂|

𝑁

𝑖=1
 

𝑅𝑀𝑆𝐸 = √((
1

𝑁
) × ∑ (𝑦𝑖 − 𝑦𝑖̂)

2
𝑁

𝑖=1
 

𝑅𝑆𝐸 =
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑁
𝑖=1

∑ (𝑦𝑖 − 𝑦̅𝑖)2𝑁
𝑖=1

 

𝑆𝑀𝐴𝑃𝐸 =
1

𝑚
∑

|𝑦𝑖 − 𝑦𝑖
∗

|𝑦𝑖 + 𝑦𝑖
∗|

2

× 100

𝑚

𝑖=1

 

These applications demonstrate ML’s growing role in closed-loop control, 

enabling not just prediction but active decision-making and adaptation 

during printing. 

2.6 Explainable Artificial Intelligence (XAI) in Concrete 

Modelling 

To build trust in AI predictions, Explainable AI (XAI) methods like SHAP 

(Shapley Additive Explanations), PDP (Partial Dependence Plot), and ALE 

(Accumulated Local Effects) are employed. 

In (Ghasemi & Naser, 2023)study: 

 SHAP analysis ranked feature importance: age > fine aggregate > 

silica fume > cement. 

 PDPs illustrated how individual inputs affect strength 

independently. 

 ALE plots, correcting for feature interaction, showed: 

o Cement (600–700 kg/m³) ➝ +4 to +7 MPa 
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o Water (<100 kg/m³) ➝ +7.5 MPa 

o Silica fume (>70 kg/m³) ➝ +12.5 MPa 

(Uddin et al., 2023) used SHAP to analyze feature contributions in fiber-

reinforced 3DPC. Water/binder ratio and cement were most influential for 

compressive strength, while fiber volume was critical for flexural strength. 

2.7 Properties of 3D Concrete Printing 

  

Figure 6 Creep Behavior of Cement Paste at Varying Stress Levels: A Study 
from Qian and Kawashima (2016) 

Figure 5 Strain Sweep Analysis of Cement Paste: Results from Qian and 
Kawashima (2016) 
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In oscillatory shear tests, when a strain sweep is performed, the apparent 

storage modulus of the material declines significantly once the strain 

amplitude exceeds a critical limit. At the same time, the loss modulus of the 

paste increases from a relatively low value, eventually surpassing the 

storage modulus when the strain exceeds this threshold Kawashima et al.,  

In the study of Giridhar et al., 2023, total trials were done on the 24 mixes. 

The study proposed the development of 3D printable concrete mix for the 

plain and fibre reinforcement. The suggested flow value of the mix that is 

to be extrudable, printable, and buildable is 190mm to 210mm. and the 

suggested open time is 2700 sec -3600sec. The results found that the 

specimens failed monolithically under a single prevailing crack. The 

elements used are cement, Silica Fumes, Fly ash and limestone. The study 

identified that the superplasticizer dozes ranges from the 0 to 1.5 percent by 

weight of cement can increase the flowability. Also, the silica fumes dosage 

from 0 to 10 percent increase can lead to a decrease in the flowability and 

make the mix non-extrudable. The study identified that the replacement of 

cement with limestone can lead to shape retention. The optimum speed used 

is the 3600mm/min. The effects of printing speed is also described in the 

details. With decrease in printing speed, it not able to extrudable and makes 

the material stiff inside the nozzle. Whereas an increase in speed leads to 

the collapse of the layer-by-layer structures. 

A flow table test is utilized in this study to create the 3D printable mix. 

However, the microstructural characterization has not been addressed and 

will be discussed in future reports. The printed beams exhibited a 

monolithic failure and demonstrated strong interlayer adhesion during the 

flexural test. Strain measurements obtained at the tension plane, 

compression plane, and around the neutral axis were found to be 

comparable for both printed and control beams. The testing revealed that 

the printed beams experienced brittle failure, a drawback currently being 
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addressed, and future publications will present 3D printed beams with strain 

hardening characteristics. 

2.8 Investigating the Rheological and Thixotropic Properties 

of Cement Paste 

Cement paste is classified as a non-Newtonian fluid that shows 

characteristics of yield stress. When a constant stress is applied below a 

critical threshold, the deformation of the cement paste slowly stabilizes. 

However, if the stress surpasses this threshold, the material undergoes 

continuous deformation at a steady rate over time (Kawashima et al., 2013; 

Schultz & Struble, 1993). Nehdi and Rahman (2004) identified similar 

patterns during their stress-sweep experiments in oscillatory shear. In 

steady-shear tests, the stress response of cement paste eventually becomes 

stable. When the steady-state shear stress is plotted against the shear rate, 

the line intersects at a non-zero value when the shear rate is zero, indicating 

the yield stress of the material. This yield stress can be determined from 

where the steady-state shear stress curve meets the shear rate (Fernández-

Altabe & Casanova, 2006; Hwang et al., 2009; Nessim & Wajda, 2015; 

Papo, 1988). Furthermore, the slope of the steady-state shear stress versus 

shear rate curve is not uniform; it diminishes as the shear rate increases, 

indicating that cement paste exhibits shear-thinning behavior (Papo, 1988). 

Cement paste also shows thixotropic properties. Under conditions of 

constant shear rate, the material initially overshoots to a peak value before 

settling into a steady state. The extent of this overshoot is influenced by the 

length of the rest period prior to testing, while the constant shear stress 

remains mostly unchanged by the rest duration (Roussel, 2005). 

Cement paste exhibits thixotropic characteristics. When subjected to 

constant shear rates, the stress first spikes to a peak level before stabilizing 

at a steady state. The extent of this initial spike is influenced by the length 

of the rest period before testing, while the steady shear stress remains 
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largely unchanged by the duration of rest (Roussel, 2005). This initial stress 

overshoot, which is dependent on the material's prior conditions, is a 

significant aspect of thixotropic behavior. Additionally, during experiments 

that involve increasing and decreasing shear, the area within the stress 

versus shear rate loop progressively shrinks with each cycle, further 

emphasizing the thixotropic nature of the cement paste (Fernàndez-Altable 

& Casanova, 2006; Papo, 1988). 

2.9 Identified Research Gaps 

Despite progress, significant gaps remain: 

1.Lack of standardized datasets: Most ML models are trained on 

heterogeneous or small-scale data, hindering generalization. 

2.Testing inconsistency: Variation in printability tests (slump, flow, 

rheology) leads to conflicting benchmarks. 

3.Environment exclusion: Few models consider ambient temperature, 

humidity, or printing delays, which impact performance in real-world 

scenarios. 

4.Limited real-time integration: Although promising, real-time ML control 

systems (e.g., Silva et al.) are rare and lack multi-objective optimization. 

5.Neglect of sustainability metrics: Factors such as CO₂ footprint, energy 

efficiency, and material circularity are absent from most mix design models, 

though they are critical for future construction practices. 
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Chapter 3 

Methodology 

3.1 AI and ML Models used in predicting mix designs 

Where M denotes the feeble learner, the self-dependent tree structure is 

𝑓𝑚(𝑥𝑖), 𝑎𝑛𝑑 𝑡ℎ𝑒 𝑤𝑒𝑎𝑘 𝑙𝑒𝑎𝑟𝑛𝑒𝑟𝑠 ℎ𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠 𝑠𝑝𝑎𝑐𝑒 𝑑𝑒𝑛𝑜𝑡𝑒𝑠 𝐼.XGBoost. 

follows the objectives in the equation below, which is minimized to identify 

the set of functions applied in the model. 

Cement paste is classified as a non-Newtonian fluid that exhibits yield stress 

properties. When subjected to a consistent stress history that remains below 

a specific threshold, the deformation of cement paste eventually stabilizes. 

However, if the stress exceeds this critical level, the material undergoes 

continuous deformation over time at a fairly steady rate (Struble & Schultz, 

1993).In experiments involving a strain sweep in oscillatory shear, it can be 

seen that the apparent storage modulus of the material significantly 

decreases once the strain amplitude surpasses a certain critical point. 

Additionally, the apparent loss modulus can rise from a relatively low value 

to exceeding the storage modulus at strain levels beyond this threshold 

(Struble & Schultz, 1993).Similar findings were noted by Nehdi and 

Rahman (2004) in their stress-sweep experiments in oscillatory shear. 

3.1.1 XGBoost 

XGBoost has proven effective in addressing highly nonlinear problems, 

particularly due to its ability to mitigate overfitting through the careful 

tuning of hyperparameters and its effective handling of missing data.(T. 

Chen & Guestrin, 2016; Kavzoglu & Teke, 2022) As a gradient boosting 

decision tree (GBDT) method, XGBoost builds upon the principles of 

gradient boosting (Bakouregui et al., 2021).  
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Its objective is to reduce the discrepancies between observed and predicted 

standards by iteratively assembling new decision trees that aim to fit the 

residuals from prior predictions (Hengl et al., 2017; D. Zhang et al., 2018). 

Consider a dataset a containing P samples, each with q features, represented 

as a vector ai as follows: 

𝐴 = {𝑎𝑖, 𝑏𝑖}(|𝐴| = 𝑃, 𝑎𝑖𝜖𝑅𝑞 , 𝑏𝑖𝜖𝑅) 

The output of this model represents 𝑏𝑖̅ =  𝜑(𝑎𝑖) =  ∑ 𝑘𝑚(𝑎𝑖), 𝑘𝑚𝜖 𝐼𝑀
𝑚=1  

 

                   𝑙𝑜𝑠𝑠(𝜑) =  ∑ 𝑓(𝑏̅𝑖𝑖 , 𝑏𝑖) + ∑ Ω(km)𝑚                               (1) 

The loss function can be shown by  𝑓(𝑏𝑖, 𝑏𝑖)̅̅ ̅̅ ̅̅ ̅. Ω is the second regression tree 

function.(Gao et al., 2024) Overfitting is done to extended regularization 

terms. The regulation function is expressed in below equation,  

Ω(𝑘) = 𝛾𝑁 +
1

2
𝜆||𝑍||

2
 

 

Where N is the number of leaf nodes.  

Figure 7 Illustration of the XGBoost Model 
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 𝛾 & 𝜆 is the penalty coefficient 

𝑧 Is the leaf marks (weight). 

The prediction for the 𝑖th instance during repetition is denoted as 𝑏𝑖̅. To enhance 

model performance, the term 𝐾𝑟 is incorporated into the model, as outlined in 

Equation (1). To expedite the optimization process, a Taylor expansion is applied 

to the objective function in Equation (3). 

                      𝑙𝑜𝑠𝑠𝑡 = ∑ (𝑓(𝑏𝑖, 𝑏̅𝑖
𝑡−1) + 𝑘𝑖(𝑎𝑖)) + Ω(𝑘𝑖)

𝑝
𝑖=1

 

            

       

𝑙𝑜𝑠𝑠𝑡 = ∑ (𝑓(𝑏𝑖, 𝑏̅𝑖
𝑡−1) + 𝑘𝑖(𝑎𝑖)) +

1

2
𝑚𝑖𝑘𝑖

2(𝑎𝑖)) + Ω(𝑘𝑖)
𝑝
𝑖=1

 

                

         3 

Whereas the first and second loss functions are expressed as  

𝑛𝑖 = 𝛿𝑏𝑖 𝑡−1
𝑓(𝑏𝑖, 𝑏𝑖

𝑡−1̅̅ ̅̅ ̅̅  and 𝑚𝑖 = 𝛿
𝑏̅𝑖

𝑏𝑖
𝑡−1̅̅ ̅̅ ̅̅ ̅

𝑓(𝑏𝑖, 𝑏̅𝑖
𝑡−1) respectively. After 

defining 𝐾𝑗 = {𝑖|𝑙(𝑎𝑖) = 𝑗} as the instance set of a leaf j. The regularization 

term Ω can be written as: 

𝑙𝑜𝑠𝑠𝑠𝑝𝑙𝑖𝑡 =
1

2
[
( ∑ 𝑛𝑖) 𝑖𝜖𝐾𝑎

)
2

∑ 𝑚𝑖 + 𝜆𝑖𝜖𝐾𝑎

+
( ∑ 𝑛𝑖) 𝑖𝜖𝐾𝑏

)
2

∑ 𝑚𝑖 + 𝜆𝑖𝜖𝐾𝑏

−  
( ∑ 𝑛𝑖) 𝑖𝜖𝐾 )2

∑ 𝑚𝑖 + 𝜆𝑖𝜖𝐾
 ] 

       

𝑙𝑜𝑠𝑠̃ 𝑡 ≅ ∑ [𝑛𝑖𝑘𝑡(𝑎𝑖) +
1

2
𝑚𝑖𝑘𝑡

2(𝑎𝑖)] + 𝛾𝑁 +
1

2
𝜆 ∑ 𝑧𝑗

2

𝑁

𝑗=1

𝑃

𝑖=1

 

The optimal weight 𝑧𝑗
∝ of the leaf 𝑗 is represented as:  

𝑧𝑗
∝ =  − (

∑ 𝑛𝑖𝑖𝜖𝐾𝑗

∑ 𝑚𝑖 + 𝜆𝑖𝜖𝐾𝑗

)  

The objective function can be calculated in equation 4 
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𝑙𝑜𝑠𝑠̃ 𝑡(𝑙) = −
1

2
∑

(∑ 𝑛𝑖𝑖𝜖𝐾𝑗
)

∑ 𝑚𝑖+𝜆𝑖𝜖𝐾𝑗

𝑁
𝑗=1 + 𝛾𝑁               …….4 

To evaluate the quality of a decision tree split, the scoring function lll is 

employed. The sets 𝐾𝑎 and 𝐾𝑏 represent the instances allocated to the left 

and right child nodes, respectively, following the split. The reduction in 

impurity or damage as a result of this split is quantified using Equation (5). 

3.1.2 Support Vector Machine 

Support Vector Machines (SVM) are vigorous supervised learning 

algorithms commonly applied in both classification and regression tasks. 

The main aim of a Support Vector Machine (SVM) is to find the best 

possible line or surface that can clearly separate two different groups in a 

high-dimensional space. It's like drawing a boundary that helps us tell one 

class from another. This process typically involves several stages: importing 

necessary libraries, pre-processing the data, applying feature scaling, 

choosing an appropriate kernel function, training the model, tuning hyper 

parameters, and assessing the model's performance (Zhou et al., 2017). 

 

SVMs have the capability to confront complex classification problems by 

utilizing kernel functions, which let the algorithm to operate in a lower-

dimensional space while solving problems that are inherently high-

Figure 8  Illustration of the Support Vector Machine Model 
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dimensional and non-linear. Selecting the right kernel function is critical, as 

it directly influences the precision and effectiveness of the model (Agrawal 

& Chakraborty, 2021; Laref et al., 2019). An unsuitable kernel can lead to 

poor predictive performance (Ayat et al., 2005). For a given dataset with n 

samples, the linear model used in SVM can be represented in the function 

space f (a, w), as described in Equation (5) 

𝑓(𝑎, 𝑤) =  ∑ 𝑤𝑖𝑧𝑖(𝑎) + 𝑝𝑛
𝑖=1                                 (5) 

Where zi (a) represents a set of nonlinear mappings, and the associated weight 

vector in n-dimensional space is denoted by w, while p refers to the bias term. 

Therefore, the support vector regression (SVR) approach aims to minimize an 

objective function, denoted as lε (Eq. (6)) (Chou et al., 2014), (Chou et al., 

2014). The primary aim is to reduce empirical error by identifying the most 

suitable value for the weight vector w. 

𝑙𝜖 = 𝑙𝜖(𝑏, 𝑓(𝑎, 𝑤)) =   {
0          𝑖𝑓 |𝑏 − 𝑓|𝑎, 𝑤|| ≤ 𝜖

|𝑏 − 𝑓|𝑎, 𝑤| |         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                         (6) 

A key advantage of the kernel method in support vector machines (SVM) is its 

ability to manage high-dimensional data while keeping the model relatively 

simple. This is achieved by minimizing||𝑤||
2
 a fundamental feature of the SVM 

kernel trick (Ayat et al., 2005; Chou et al., 2014; Laref et al., 2019). In this context, 

slack variables are introduced and represented by 𝜆𝑖, and 𝜆𝑖
∗ . This approach is 

derived from Vapnik’s theory of ε-insensitivity. The SVR model is mathematically 

detailed in Equation (7). 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
1

2
||𝑤||

2

+ 𝐶 ∑(𝜆𝑖, 𝜆𝑖
∗) 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 {

𝑏𝑖 − 𝑓(𝑎𝑖, 𝑤) ≤ 𝜆𝑖 + 𝜖

𝑓(𝑎𝑖, 𝑤) + 𝑏𝑖 ≤ 𝜆𝑖
∗ + 𝜖

𝜆𝑖, 𝜆𝑖
∗ ≥ 0, 𝑖 = 1,2,3, … . . 𝑛

𝑛

𝑖=1
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𝑓(𝑎) =  ∑ (𝛽𝑖 − 𝛽𝑖
∗)𝑘(𝑎, 𝑎𝑖)𝑛𝑆𝑉𝑀

𝑖=1  Subject to 0 ≤ 𝛽𝑖 ≤ 𝐶, 0 ≤ 𝛽𝑖
∗ ≤ 𝐶 

Where the number of supports vector is𝑛𝑆𝑉𝑀.Equation 9 represent the 

kernel function. The kernel function is used to determine the support vector. 

𝑘(𝑎, 𝑎𝑖) ∑ 𝑧𝑖(𝑎)𝑧𝑖(𝑎𝑖)

𝑚

𝑖

 

3.1.3 Random Forest 

Random Forest (RF) is a commonly adopted technique within the machine 

learning domain, recognized as a powerful ensemble-based method. It is 

particularly known for handling complex and high-dimensional datasets 

while still delivering reliable performance in terms of accuracy and model 

generalization. This method is especially beneficial in evaluating various 

properties, including those in composite and recycled construction materials 

(Li et al., 2022; Yuan et al., 2022). The RF approach builds upon the 

decision tree architecture by combining multiple trees, each trained on 

different portions of the dataset and selected features (Zhang et al., 2018). 

Its adaptability has led to widespread use across multiple domains such as 

finance, healthcare, biological research, and image analysis. It plays a 

significant role in areas like anomaly detection, disease prediction, gene 

pattern identification, and image classification. 

In classification problems, RF’s performance is commonly measured using 

evaluation criteria such as accuracy, precision, recall, and the F1 score. For 

regression models, it employs measures like mean squared error (MSE), 

mean absolute error (MAE), and the coefficient of determination (R²). 

Additionally, techniques like k-fold cross-validation can be employed to 

gauge the model's performance on unseen data.  
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Adjusting hyperparameters plays a critical role in boosting the performance 

of Random Forest (RF) models. Techniques such as manual adjustment, 

grid-based exploration, random search, and Bayesian approaches are 

commonly used to enhance predictive precision and improve generalization 

on unseen datasets. Additionally, scholars have utilized metaheuristic 

methods to fine-tune hyperparameters, thereby increasing the stability and 

robustness of predictive models (du Plessis et al., 2021).The dataset used 

for training, denoted by Mn and comprising n instances, is structured as 

follows: 

Mn = {(x1, y1), (x2, y2), (x3, y3), … … … … , (xn, yn)}(xi ∈ Ml, yi ∈ M) 

Here, n refers to the total number of samples in the training set. The 

overarching function, denoted as y = a(x, Mn), is determined based on the 

training dataset Mn and involves several steps, including data preparation 

and tuning of hyperparameters. Subsequently, the ensemble of decision 

trees yields a result based on the average of their individual outputs. 

.(𝑖. 𝑒, 𝑌̅1 = 𝑎̅ (𝑥, 𝑀1
̅̅ ̅̅ ), 𝑌̅2 = 𝑎̅ (𝑥, 𝑀1

̅̅ ̅̅ ), 𝑌̅3 = 𝑎̅ (𝑥, 𝑀1
̅̅ ̅̅ ) … . 𝑌̅𝑡 = 𝑎̅ (𝑥, 𝑀𝑡

̅̅̅̅ ). 

Figure 9 Illustration of the Random Forest 
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 The final output observed as a function in built-in equation below as a new 

input vector x:  

𝑦 =
1

𝑘
∑ 𝑦𝑛̅̅ ̅ =

1

𝑘
 ∑ 𝑎̅(𝑥, 𝑀𝑛)̅̅ ̅̅ ̅

𝑘

𝑛=1

1

𝑛=1

 

 

The final evaluation assesses the strengths and weaknesses of the model, 

offering suggestions for further enhancements or applications. 

3.1.4 Decision Tree 

A DT is a machine learning algorithm that makes decisions by breaking 

down the data into smaller, more manageable parts based on the specific 

conditions. It repeatedly splits data based on features until it reaches a 

conclusion. (Gao et al., 2024) Decision Trees are easy to understand and 

visualize, making them a straightforward yet powerful tool for machine 

learning tasks. However, they can over fit the data without proper 

management by becoming overly complex. To prevent this, techniques like 

pruning or limiting the tree’s depth are often employed.(Ghasemi & Naser, 

2023) 

 
Figure 10 Illustration of the Decision Tree 
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3.1.5 Artificial Neural Network (ANN): 

During the 1940s, the concept of artificial neural networks (ANNs) 

emerged, inspired by the structure and functioning of the human brain and 

nervous system. Unlike conventional computing systems, the human brain 

excels at adaptive learning and problem-solving, despite operating at slower 

speeds (Ren et al., 2019). ANNs are designed to replicate some of these 

cognitive abilities by leveraging data from past experiences to make 

informed decisions. Among the various learning techniques used in ANNs, 

feed-forward backpropagation (FFBP) stands out as one of the most widely 

applied methods (Z. Li et al., 2017). Its popularity in earlier research stems 

from its simplicity and strong predictive capabilities (Agrawal & 

Chakraborty, 2021). 

 

An FFBP network typically consists of multiple layers, each composed of a 

specific number of neurons. The architecture begins with an input layer, 

Figure 11 Illustration of ANN 
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which receives raw data and passes processed signals through to subsequent 

layers. The last layer, known as the output layer, produces the network's 

predictions or decisions. The number of neurons in the input and output 

layers usually corresponds to the number of input features and desired 

outputs, respectively. Between these layers, there may be one or more 

hidden layers responsible for the network’s internal computation. Each 

neuron in a given layer is fully connected to every neuron in the adjacent 

layer via weighted links. The overall accuracy of the ANN is influenced by 

the number of neurons and hidden layers used; however, increasing the 

network's complexity often leads to higher computational demands as well 

as improved performance (Z. Li et al., 2017; Ren et al., 2019)(Laref et al., 

2019). Figure 11 presents a schematic of a multi-layer ANN including a 

hidden layer. 

3.2 AI and ML Models used in predicting mix designs 

This study demonstrate the uses of ML models in 3D concrete printing. 

Total 100 research papers were collected and reviewed.(Chaves Figueiredo 

et al., 2019; Y. Chen, Chaves Figueiredo, et al., 2020; Y. Chen, Romero 

Rodriguez, et al., 2020; Ding, Xiao, Zou, & Wang, 2020; Izadgoshasb et al., 

2021; Ma et al., 2018, 2019; Panda et al., 2019)(Khalil et al., 2017; Le et 

al., 2012; Liu et al., 2022b, 2022a; Marchment et al., 2019; Mechtcherine 

et al., 2019; Pham et al., 2020; J. Xu et al., 2019; Y. Zhang et al., 

2019)(Huang et al., 2018; Panda & Tan, 2019; Papachristoforou et al., 

2018; Perrot et al., 2016; Van Der Putten et al., 2019; Wang et al., 2020; 

Xiao et al., 2020; Y. Xu et al., 2021; Zareiyan & Khoshnevis, 2017) (Albar et 

al., 2020; M. Chen, Li, et al., 2018; Y. Chen, He, et al., 2021; Chu et al., 2021; 

Cicione et al., 2021; Heras Murcia et al., 2020; Moeini et al., 2020; Tarhan 

& Şahin, 2021a)(Baz et al., 2020; M. Chen, Guo, et al., 2018; H. Li et al., 

2017; Long et al., 2019; Manikandan et al., 2020; Markin et al., 2021; Rahul 

et al., 2022; Suntharalingam et al., n.d.; Y. Xu et al., 2020)(Bong et al., 
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2021; M. Chen, Li, et al., 2020; M. Chen, Yang, et al., 2020; Y. Chen, 

Zhang, et al., 2021; Ding, Xiao, Zou, & Zhou, 2020; Kim et al., 2018; 

Kruger et al., 2020; Nerella et al., 2019; Sun et al., 2020) and more. To 

access the papers, click here. From that 100 previous published research 

papers approximately 500 data points were gathered. The complete database 

is available on the cloud drive. 

3.3 Data Collection and Analysis 

Collected more than 500 printable mix designs from the latest published 

Out of the total 500 mix designs of 3DCP. This data is compiled from the 

100 relevant research paper of 3DCP, It highlights the broad spectrum of 

relevant research happening around the world, showcasing a variety of  

Out of the total 500 mix designs of 3DCP. This data is compiled from the 

100 relevant research paper of 3DCP, It highlights the broad spectrum of 

relevant research happening around the world, showcasing a variety of  

On the basis of the resulting predicted mix designs the few designs are being 

tested which shown as above. The mortar resembles the properties of 3D  

 

 

Figure 12 Variation of Mix Design Components in 3D Printable concrete 

https://drive.google.com/file/d/1M0mcMSueZNflgjA0LubMQX0WZTlcz8bu/view?usp=drive_link
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concrete mix designs and the tests used to assess their properties. The data 

has been collected, cleaned , arranged, and formatted as per requirements. 

After cleaning and formatting the data, total 10 input variables are 

considered; those are cement (C, kg/m3), Fly Ash (FA, kg/m3), Silica Fumes 

(SF, kg/m3), Nano-Clay (NC, kg/m3), Sand,(S, kg/m3), Limestone (LM, 

kg/m3), Water (W, kg/m3), Fine Aggregate (FA, kg/m3), VMA (VMA, 

kg/m3), Super-plasticizer (SP, kg/m3). The loading condition considered in 

Y direction only. In this project, 400 values have been training to predict 

the compression test of 3D concrete printed samples. The box plot diagram 

shows the range of material weights in the mix design that is used to cast 

the models. 

3.4 Materials and Methods 

For the current study,  OPC-43, (IS 8112:2013), fly ash conforming to Class 

F-ASTM, and a silica fumes is used as binders. The specific gravities are 

3.15, 2.6 𝑎𝑛𝑑 2.2,respectively. The chemical admixtures used are super-

plasticizer, Admixtures and thickener agent. The size of sand used are under 

Figure 13 Scatter Plot Diagram of Mix design for 10 input variables. 
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600𝜇. The size of clay particles used are 1.5-2𝜇.The specific gravity of sand 

are 2.64. 

printed concrete. The casted samples are printed from a 3DCP which has 

the above constituents. The box plot visualizes the distribution of several 

features, including C, F, SF, NC, S, LH, W, WIB, FA, WMA, SP, GP, Age 

(days), and UCS (MPa). Features like C and F exhibit a wide distribution 

with significant variability and several outliers, while SF and NC show 

narrower, more concentrated distributions. W and WMA have compact 

distributions with fewer extreme values. Age (days) and UCS (MPa) also 

have concentrated distributions, with Age having notable outliers. The plot 

highlights data variability, the central tendency and the presence of outliers, 

which may require further investigation in the analysis or modelling stages 

3.5 Correlation Matric 

Ensemble techniques in machine learning involve combining several 

models, often simpler ones, to form a stronger and more accurate predictive 

model. These strategies help boost accuracy and lower the chances of 

overfitting.  
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Overfitting happens when a model does a great job with the training data 

but fails to do the same with new data it hasn’t seen before. The correlation 

matrix highlights their linear relationships. Strong negative correlations are 

observed between C (cement content) and S (strength) (-0.71), suggesting 

that increasing cement content may reduce strength, and between C and FA 

(fine aggregates) (-0.44), implying a trade-off between these two features 

Strong positive correlations are found between W (weight) and W/B (water-

to-binder ratio) (0.6), as well as between SP (slump) and FA (0.51), 

indicating that higher fine aggregate content and  water-to-binder ratios 

enhance workability. Moderate positive correlations, such as between Age 

(days) and UCS (MPa) (0.28), Show that material strength increases with 

age. Weaker or negligible correlations, like between LM (limestone 

content) and other features, suggest that some variables have little impact 

on others. This correlation matrix provides valuable insights for feature 

selection in  

Figure 14 Correlation Matrix 



27 

 

Modelling, optimizing material compositions, and understanding the 

relationships between different material characteristics. 

Figure 15 Comparison of ML Model(ANN) 
performance- ANN 

Figure 16 Comparison of ML Models(GBM) 
Compact GBM 

Figure 18 Comparison of ML Model 
performance-Compact RF 

Figure 1 Comparison of ML Model 
performance- DT 

Figure 20 Comparison of ML Model 
performance - GBM 

Figure 20 Comparison of ML Model 
performance- RF 

Figure 21 Comparison of ML Model performance- SVM 
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C 632 211.9 0 539 656.6 755.6 1500 

F 124.8 161.9 0 0 79.2 165 800 

SF 73.43 69.13 0 0 83.78 101.4 268 

NC 14.46 54.04 0 0 0 0 400 

S 108.6 279.5 0 0 0 0 1440 

LM 50.99 164.8 0 0 0 0 888.9 

W 295.6 103.9 99 230 277.5 342 648 

W/B 0.305

6 

0.123 0.103

7 

0.22 0.297

5 

0.345

7 

1.333 

FA 971.7 373.3 0 872 1080 1228 1612 

VMA 1.133 2.326 0 0 0 1 13 

SP 3.66 5.768 0 0 0.446 6.38 26.2 

QP 32.99 104.5 0 0 0 0 600 

Age(days) 19.92 11.03 1 7 28 28 28 

UCS(MPa) 51.21 25.49 9.33 32.12 47 65.9 126 

Density 2310 236.6 1163 2152 2301 2444 3581 

Table: 1 

3.6 Prediction and Evaluation of ML Model Performance 
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Figure 22 RMSE/MAE Performance value for 
compressive strength 

Figure 23 MAE Performance values - Compressive 
Strength 

Figure 24 RMSE Performance values - Compressive 
Strength 
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3.7 SHAP for Compressive Strength 

The image showcases a SHAP summary plot, which highlights how 

different features affect the model's predictions. Each dot on the plot 

represents a feature's SHAP value, showing just how much that particular 

feature is influencing the model's output. The horizontal axis shows the 

SHAP values, with negative values indicating a decrease in the prediction 

and positive values suggesting an increase. Features such as W (likely 

weight) and Age (days) demonstrate significant impacts, with their higher 

values leading to stronger positive contributions to the output, as seen by 

their shift towards higher SHAP values. The color gradient reflects the 

feature value, with red indicating high values and blue indicating low 

values. Features like C (cement content) and F (fine aggregate) show 

moderate to low impacts, with their contribution varying as their values 

change. This plot provides valuable insight into which features are most 

influential. 

 
Figure 25 SHAP analysis for the 3D printable mix 
design 
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Figure 26 SHAP analysis for the 3D printable mix 
design 
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Chapter 4 

Experimentation of 3DCP 

4.1 General 

In chapters 1 and 2, the discussions were made about the introduction and 

literature review of the three dimensional printed concrete elements. The 

mix development approach used is the latest available machine learning 

models and Artificial Intelligence tools. Total 500 data samples were 

collected from various literature till the today. The all extrudable and 

buildable mix designs were listed in the excel. Considering a 12 elements 

including Cement, Fly ash, silica Fumes, Nano clay, blast furnace slag, 

limestone powder, Sand, VMA, Super plasticizer, Quartz powder, PP 

Fibers, Steel fibers. The results were listed which came from these data in 

to the excel those are compressive strength (MPa) for 3 day, compressive 

strength (MPa) for 7 day, compressive strength (MPa) for 28 day, Flexure 

strength at 7 days and Flexure strength at 28 days, the workability, 

consistency, and Flowability.  

4.2 3D Printer Platform Calibration 

The mixing was done in rotating based machine Kappa PS180VM 

Universal mixing machine. At a time we have mixed a 100Kg. The water , 

SP and VMA is prepared with suitable mix proportions. At first the all dry 

material mixed. It is rotated for at least 10 minutes, so that all the fine 

materials and particles are mixed homogeneously. Then a liquid mix was 

added slowly and rotated for 5 minutes at a speed of 300 RPM. The 

materials were self-flowable and thick, which can be extrudable and 

buildable. 
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 4.3 Test Bed Printer and Its Calibration 

The printing with a large scale 3D printing required a accurate proportioning 

of materials and calibration of all motors. Printers has total 5 motors. In 

gantry based 3D concrete systems, precise and robust motion control is 

achieved through the industrial grade motors across primary movement 

axes. The X-axis is powered by two stepper motors, each delivering a 

holding large torque. These motors are configured in a synchronized dual-

drive setup to maintain parallelism and ensure smooth longitudinal motion 

along the gantry, compensating for the increased mass and potential 

mechanical deflection in large-format printing. The Y-axis employs a 

similar configuration with two closed-loop stepper motors equipped with 

integrated encoders for real-time position feedback, ensuring high 

precision and avoiding step loss during extended print cycles. For the 

extrusion system, a single AC geared motor is utilized, enabling it to 

deliver a continuous torque at low speeds up to 300 rpm rotational speeds. 

Figure 27 Gantry based 3DCP, POD, IIT Indore 
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This torque is necessary to drive a screw-based extrusion mechanism, 

capable of handling high-viscosity concrete mixtures and maintaining a 

steady material flow through the nozzle, which is critical for achieving 

consistent layer deposition and structural integrity in printed elements. 

4.4 Test Bed 

The gantry-based 3D printing system features a printing platform of 2m x 

2m with a maximum print height of 1.5m, making it suitable for producing 

large-scale concrete structures such as walls, beams, and architectural 

features. The system operates on a rigid gantry mechanism that moves along 

the X, Y, and Z axes, ensuring precise extrusion and layer bonding. It allows 

for fine control over material deposition, providing high accuracy and 

stability during the printing process, which is essential for producing 

complex geometries. The automated system is designed to work with 

various 3D printable concrete mixes, offering flexibility for customized 

designs while maintaining structural integrity. With the capability to scale 

in size, the system is ideal for both standard construction projects and 

Figure 28  Pump integrated material mixer -3DCP. POD, IIT Indore. 
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innovative, large-scale applications, such as eco-friendly housing or artistic 

structures, offering versatility and precision with reduced construction time. 

4.5 Pump integrated 3D Concrete Mixer 

The mixer employed (Fig. 28) in this study possesses the capacity to 

homogenously blend up to 100 kg of material per batch. Mixing efficiency 

is ensured by four symmetrically arranged blades within the mixer. Post 

batching, materials are manually loaded into the mixer, where thorough 

mixing occurs. Upon completion, the mixed concrete discharges into a 

collection pan positioned directly beneath the mixer. Subsequently, the 

material is transported through a flexible hose pipe. Its internal diameter is 

60 mm. It is approximately 5m in length. Material flow through this pipe is 

facilitated by a high-torque, stepper motor-driven pump, providing a 

consistent volumetric displacement rate. The entire extrusion setup, 

including the pumping mechanism and the 3D printer itself, is synchronized 

via an integrated control system. This control system precisely governs the 

printer’s motion trajectory and regulates the extrusion rate at the printing 

nozzle. Ultimately, the material is extruded through interchangeable nozzles 

of varying dimensions, depending on specific printing requirements. 

If Q represents the pump's discharge rate, V1 indicates the velocity of the 

material as it leaves the nozzle (refer to Fig. 29), and cross-sectional area of 

the nozzle is 𝐴1, then the discharge 𝑄 can be expressed as follows. 

                                                           𝑄 = 𝑉1 × 𝐴1……………………….A 

If V2 represents the speed at which the nozzle travels across the print bed, 

as illustrated in Fig.29, and 𝐴2 denotes the cross-sectional area of a layer 

being extruded, then the velocity 𝑉2 can be defined by 

                                                              𝑉2 =
𝑄

𝐴2
… … … … … … … … … … … 𝐵 



36 
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Substituting from Equation (A) in Equation (B), 

𝑉2 = 𝑉1 ×
𝐴1

𝐴2
 

To maintain its shape, the cross-sectional area of the extruded material will 

match that of the nozzle size with acceptance of 1mm variation. 

Consequently, equation (A) can be simplified to. 

𝑉1 = 𝑉2 

 

Consequently, the Concrete printer was adjusted so that the print speed 𝑉1 

matched the extrusion speed 𝑉2. In this research work, all experiments were 

conducted with extrusion speed of 3600 mm/min. Nonetheless, the 

formulation and flowability of the mixture also rely on various printing 

parameters, including the type of pump, extrusion speed, print speed, and 

the nozzle’s shape and size. These factors were not explored in this study. 

Figure 31 Flow diagram showing the printing process 

Figure 29 Extrusion Speed (V1) and 
Printing speed (V2) 

Figure 30 Extruded layers with 
uniform thickness and Height 
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Chapter 5 

Mix proportions, Tests and concrete Printing 

5.1 General 

Mix trials are done for the mix designed found out from the predicted 

influential materials from the best ML Model. The influential parameters 

are SP, VMA, Clay, and Silica Fumes. Thus the proportion of these 

elements are varies by making the constant other term. All the trials are 

tested with the extrudability, buildability, and flow table test. Total 14 trails 

carried out to obtained a printable concrete. The mix proportions are 

mentioned in table X. The Nomenclature for the sample is for the 

“3DCPTL01”, is the short form of Three-dimensional concrete printing trail 

01. The table demonstrates the behavior of concrete for various trials. It is 

found that as the VMA decrease from 9.75 to .0975, the mix becomes stiff 

and changes its properties. The mix becomes non extrudable and  stiff.  

5.2. Components of 3DCP Mix 

5.2.1 Cement 

Cement is the primary binder in 3D printable concrete (3DPC), typically 

made up of compounds such as calcium silicates (C3S, C2S), calcium 

aluminates, and alumino-silicates. These compounds undergo hydration 

when mixed with water, forming calcium silicate hydrate (C-S-H), which 

provides strength and durability to the concrete. The cement content in 

3DPC usually ranges between 350–550 kg/m³, which significantly 

influences the mix’s extrudability and mechanical properties. While higher 

cement content can increase strength, it may lead to higher shrinkage and 

cracking, making the mix stiffer and harder to extrude. Conversely, 

reducing cement content improves workability but may compromise the 

structural integrity of the printed layers.(Rahul et al., 2019b) 



38 

5.2.2 Sand 

Sand serves as a fine aggregate in 3D printable concrete, making up about 

30%–50% of the total mix. The particle size distribution of sand impacts 

the material's flowability, extrudability, and stability. Finer sands are 

preferred for 3DPC, as they provide better extrusion characteristics and 

improve the shape stability of the printed layers. If the sand content exceeds 

the optimal range, it may cause the mix to become excessively stiff, 

reducing extrudability and leading to difficulties in layer deposition. Studies 

have shown that a sand-to-cement ratio between 1.5 and 2.0 optimizes 

printability while minimizing material waste during printing. 

5.2.3 Fly Ash 

Fly ash is a pozzolanic material that is commonly used in 3DPC, typically 

comprising 15%–30% of the mix. It reacts with calcium hydroxide released 

during the hydration of cement, forming additional C-S-H, which 

contributes to long-term strength and durability. Fly ash also helps reduce 

the heat of hydration, making it especially useful in large-scale 3D printing 

applications. However, fly ash tends to slow down the setting time, which 

can increase the open time and allow more time for extrusion. This 

characteristic is beneficial for printing complex geometries, but excessive 

use can also make the mix too slow to set, affecting buildability over time. 

5.2.4 Silica Fume 

To enhance the durability and strength of a 3DCP, Silica fume is added. It 

is an ultra-fine, amorphous form of silica that is added in small amounts, 

typically around 3% to 5%. Silica fume reacts with calcium hydroxide 

during hydration, increasing the density and strength of the material by 

forming additional C-S-H gel. While it improves layer bonding and 

interlayer cohesion, excess silica fume can reduce the flowability and 

extrudability of the mix, making it harder to pump through the extrusion 



39 

system. Typically, a silica fume content of 3%–4% achieves the best 

balance between strength enhancement and workability. 

5.2.5 Superplasticizer (SP) 

Superplasticizers (SP) are high-range water-reducing agents used to 

increase the flowability of 3DPC without adding extra water. They disperse 

cement particles, reducing interparticle friction and allowing the mix to 

flow more easily. SP is typically used in doses of 0.05%–0.1% by weight 

of cement.(Mohan et al., 2021) While SP extends open time and improves 

extrudability, excessive use can reduce the yield stress of the mix, making 

it harder for the material to retain its shape after extrusion. Balancing the 

use of SP is critical to avoid compromising the layer stability and interlayer 

bonding that are essential for maintaining the structural integrity of printed 

components. 

5.2.6 Viscosity Modifying Agents (VMA) 

Viscosity Modifying Agents (VMA) are used to adjust the viscosity of 

3DPC, enhancing its extrudability and shape stability. VMAs increase the 

yield stress and viscosity, helping to prevent segregation and slumping of 

the material after extrusion.(Mohan et al., 2021; Rahul et al., 2022) They 

are typically added in small amounts (around 0.1%–0.5% by weight). 

However, excessive use of VMA can lead to increased viscosity, which can 

impair the material’s ability to flow through the nozzle, making it difficult 

to pump and extrude. Therefore, finding the optimal dosage is essential to 

ensure the material remains extrudable while maintaining layer stability. 

5.2.7 Water 

Water is an essential component in the hydration process of cement and is 

responsible for the workability, strength, and durability of 3DPC. The 

water-to-cement ratio (w/c) plays a crucial role in determining the final 

properties of the material. Typically, a w/c ratio of 0.35–0.50 is used to 
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achieve a balance between flowability and strength. While increasing the 

water content enhances workability and flowability, it can lead to lower 

strength and greater shrinkage after curing. Therefore, careful control of the 

w/c ratio is essential to ensure the mix is both extrudable and structurally 

sound. 

5.2.8 Water-to-Cement Ratio (w/c) 

The water-to-cement ratio (w/c) is one of the most critical factors in 3DPC, 

directly influencing the strength and durability of the printed material. A 

lower w/c ratio (typically around 0.35–0.40) results in higher strength and 

lower shrinkage but can negatively impact the workability and extrudability 

of the material. Conversely, a higher w/c ratio increases flowability, making 

the material easier to extrude but often at the cost of lower compressive 

strength and increased shrinkage. Therefore, finding the optimal w/c ratio 

is key to ensuring both printability and the long-term performance of the 

printed structure. 

5.2.9 Impact of Viscosity Modifying Agents (VMA) on 3D 

Printable Concrete (3DPC) 

Viscosity Modifying Agents (VMA) are essential additives in 3D printable 

concrete (3DPC) as they significantly influence the material's rheological 

properties, including flowability, extrudability, and shape retention. VMAs 

work by modifying the yield stress and viscosity of the fresh mix, which 

directly affects the printability and buildability of the material during the 

3D printing process. 

The addition of VMA enhances the workability and stability of the mix by 

increasing its viscosity, which helps prevent segregation and slumping of 

the material after extrusion. This characteristic is particularly important for 

printing overhangs and vertical layers, where the material must maintain its 

form without excessive deformation or collapse. By improving the stability 
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of the printed layers, VMAs contribute to a more controlled extrusion 

process, ensuring consistent layer deposition and structural integrity. 

However, while VMA improves layer stability, excessive amounts can 

negatively impact extrudability. An increase in viscosity beyond the optimal 

range can lead to blockages in the nozzle or difficulty in pumping the mix, 

which may hinder the extrusion process. Therefore, it is crucial to find an 

optimal balance between VMA dosage and superplasticizer content. This 

balance ensures sufficient viscosity enhancement for stability, without 

reducing the flowability needed for smooth extrusion. In general, the careful 

use of VMA, along with other admixtures like superplasticizers, is key to 

achieving a viscous yet extrudable mix, which is essential for successful 3D 

concrete printing. 

5.3 Mixing Process for 3D Concrete Printable Mix 

The 3D concrete printable (3DCP) mix was prepared using a pump-

integrated 3DCP concrete mixer, designed to achieve optimal consistency 

and homogeneity in the mixture. The process was carefully segmented to 

ensure thorough integration of all components, including dry ingredients, 

liquid additives like superplasticizer (SP), viscosity-modifying agents 

(VMA), and nano-clay. 

5.3.1 Preparation of Liquid Mix 

The preparation of the liquid mix was a crucial first step. Water, 

superplasticizer (SP), and viscosity-modifying agent (VMA) were 

combined to create a homogeneous liquid mixture. This blend was mixed 

in a Hobart planetary-type mixer for 5 minutes or until a thick paste was 

formed. Once the paste reached the desired consistency, it was transferred 

to the mixing hopper, where it was allowed to rest for 15 minutes to ensure 
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even dispersion and sufficient chemical interaction between the 

components. 

5.3.2 Dry Ingredient Mixing 

In parallel, the dry ingredients—cement, sand, S, and FA are prepared and 

added to the mixer in a slow, controlled manner over a period of 10 minutes. 

This slow addition prevented clumping and ensured the even distribution of 

all dry materials. The dry mix was carefully integrated into the system to 

maintain a uniform consistency. 

5.3.3 Addition of Nano-Clay 

For mixes that included nano-clay, a portion of the mixing water 

(approximately 15%) was reserved separately from the main liquid blend. 

The nano-clay particles are then sprinkling on this reserved water-cement 

mix. This step was essential to ensure the even dispersion of nano-clay 

particles, which can otherwise be difficult to incorporate uniformly due to 

their fine size. After 5 minutes, the prepared nano-clay suspension was 

added into the main mixer. 

5.3.4 Final Mixing and Blending 

Once the nano-clay suspension was added, the mixing process continued 

with the blades rotating at a speed of 360 RPM for a period of 24 minutes. 

The high-speed mixing ensured that the mix achieved a homogeneous 

consistency, and the components were fully integrated. This extended 

mixing duration was crucial for achieving the correct rheological properties 

required for 3D printing, ensuring that the mix could flow smoothly and be 

extruded effectively while maintaining its shape. 
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5.3.5 Batch Production 

Each batch of the prepared 3DCP mix produced approximately 100 kg of 

material. This amount was sufficient for use in 3D printing applications, 

ensuring that the mix had the desired properties for extrusion and 

buildability. The mix was monitored throughout the preparation process to 

ensure the required flowability and consistency were met, making it suitable 

for printing complex geometries. 

 5.4 Printing Tests:  

 

Concrete 3D printing represents an emerging technology yet to be widely 

adopted commercially.(Giridhar et al., 2023b) Consequently, standardized 

testing protocols and guidelines are currently lacking, posing significant 

challenges for the precise design of printable concrete mixes aimed at 

achieving targeted mechanical strengths. Through an extensive literature 

review combined with rigorous experimental investigations, specific test 

methodologies have been identified that accurately evaluate critical 

parameters such as flowability, printability, and extrudability of printable 

concrete mixtures. Additionally, efforts have been directed toward 

developing concrete mix designs capable of reliably predicting the 

mechanical performance of 3D-printed structural elements. 

Figure 32 Real-time properties of 3DCP 
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5.4.1 Extrudability Test: 

 

Before initiating the printing of any structural element, it is imperative to 

conduct an extrudability test. Extrudability is defined as the capability of a 

concrete mixture to be consistently extruded through the printer nozzle, 

maintaining dimensional accuracy and producing defect-free layers. Defect-

free, in this context, refers specifically to the absence of voids, cracks, 

discontinuities, or any visible irregularities in the printed material. The 

evaluation of print quality was performed primarily through visual 

inspection. For the extrudability test procedure, a single-layer line, 

measuring 30 cm in length, was extruded using the designated nozzle size 

and print speed.(Rahul et al., 2022) The width and height of the printed 

layers are measured for every 10 cm at the printed layer. The test considered 

successful ("pass") if two specific criteria were met: (i) all dimensional 

measurements corresponded accurately to the dimensions of the circular  

nozzle printed layer by 20mm nozzle with an layer width of 25mm within 

an allowable acceptance of approximately 0.5 mm variation, and (ii) the 

extruded line exhibited no surface defects, including voids or 

discontinuities. Fig. 13 and fig.14 are the images that demonstrated the pass 

and fail mix designs, 

Figure 34 Illustrate Extrudability- FAIL 
(Contains lots of voids and defects) 

Figure 33 Illustrate Extrudability- PASS (Smooth surface 
and continuous print) 
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5.4.2 Buildability Test: 

During the additive manufacturing process, the printed object must maintain 

self-supporting capabilities without reliance on conventional rigid 

formworks. Fresh concrete needs to withstand gravity loads post-

deposition, including its own weight and subsequent layers. This capability, 

termed "buildability" (Rahul et al., 2019a), is crucial. However, due to 

inferior material properties in early hydration stages, 3D printed concrete 

often exhibits inadequate buildability, leading to dimensional inaccuracies 

and unstable failure modes. Two primary structural failure mechanisms 

identified in 3D concrete printing are elastic buckling and plastic collapse. 

Therefore, buildability is a critical parameter in designing and optimizing 

3D printed concrete components. 

The approach proposed by Kazemian et al. (2017) was utilized to evaluate 

the buildability of deposited layers. Two consecutive layers of the concrete 

sample were printed without any time gap between them for testing 

purposes. The compression of the bottom layer after printing the upper 

second layer was measured. The timing between layers was determined 

based on the specific element being printed. The research undertaken at IIT 

Indore aimed to develop a layer-wise extrudable mixture for additive 

manufacturing of structures, facilitating continuous printing without pauses, 

thereby reducing overall construction time. The printed specimens are 

rectangular cylinders with a filament layer thickness of 25mm. It is printed 

through the nozzle size of 20mm.  In this case, the slabs of 300x300x70mm 

are cast. It is a 6-layer slab with a nozzle diameter of 20mm, which can give 

a print of 25mm in width. The printing speed is 3600mm/min. The time gap 

between the first layer and the above printing of the layer is around 2 

minutes. 
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During the printing process, the fresh layers were closely observed for any 

signs of deformation or instability. In particular, the vertical deformation 

(settlement/compression) of the first layer was measured immediately 

before and after placing the second layer. This was done by recording the 

first layer’s thickness at multiple points and determining the average 

reduction in height, which served as a quantitative indicator of buildability 

(i.e. the capacity of the material to support subsequent layers without 

significant collapse or shape loss). A similar qualitative observation was 

extended to the multi-layer rectangle shape and circulaafter printing all six 

layers, the geometry of the lower layers was inspected for any sagging or 

distortion under the weight of the overlying material. The absence of 

noticeable distortion in the base layers indicated good structural stability of 

the printed element. 

Figure 35 illustration of Buildability Test- Same width of Layers 
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In the study, the numerous trials have done. Many mix design trial checked 

to attained the buildability of 3DCP mix. Figure 17 demonstrates that the 

buildability of the mix is perfect. It is printed continuously without the time 

gap. The total layer printed is 12 layers in rectangular shape printing. While 

for the cylindrical shape printing, the continuous layer-by-layer printing 

withstands up to 9 layers.  

Fig. 20, demonstrates that the mix deigned is not extrudable and buildable. 

It shows defects, interrupted layer deposition, rough surface, and various 

Figure 36 Illustrate image for Buildability- PASS 
(Smooth surface and continuous print) 

Figure 37  Illustrate image for Buildability- PASS (Smooth 
surface and continuous print) 

Figure 38 Illustrate image for Buildability- FAIL 
(Not Extrudable slump, Stiff 

Figure 39  Illustrate image for Buildability- FAIL (Overflow 
and collapsible slump) 
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cracks over the surface of extruded layer. Fig. 21 denonstrates the mix had 

poor buildability strength and collapse within only 4 layers. The failure of 

the mix is due to the increase in the W/C ratio and improper proportions of 

superplasticizer in the mix design.  

5.4.3 Open Time Test 

Open time refers to the period during which 3D printable concrete (3DPC) 

remains flowable and can be extruded through the nozzle without clogging 

or blockage. For optimal printability, the open time must be longer than the 

extrusion time to ensure that the material maintains its workability and is 

successfully deposited in layers. The end of open time is typically marked 

when the material begins to lose extrudability due to an increase in yield 

stress and viscosity. Key challenges, such as cold joints and filament 

disruptions, arise when the material sets too quickly, which can lead to poor 

bonding between layers and structural integrity issues. 

To evaluate open time, several testing methods are employed, which focus 

on measuring changes in the material's flowability over time. Common tests 

include the shear stress test, flow table test, Vicat apparatus, and rheometer 

tests. Researchers have also used slump tests and V-Funnel tests to 

determine changes in workability. For research, (Tarhan & Şahin, 2021b) 

used the Vicat apparatus to track flowability, while (Malaeb et al., 2019) 

employed the slump test. Other studies, such as those by (Y. Chen, Jansen, 

et al., 2020), assessed pumping and extrusion capacity to determine when 

the material no longer maintains smooth flow due to increased yield stress, 

marking the end of open time. 

5.4.3.1 Practical Approaches for Determining Open Time 

(Y. Chen, Jansen, et al., 2020) proposed a practical approach for 

determining open time by defining it as the period during which the material 

can be extruded smoothly, without interruptions or discontinuities. This 
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method emphasizes the practical observation of the material’s behavior 

during the extrusion process. Additionally, figures from recent studies 

demonstrate how the material's flowability decreases over time. For 

example, Fig. 11 illustrates a decrease in filament width and initiation of 

voids and cracks in the extrudable filament, showing that the material's 

flowability diminishes as the open time progresses. Eventually, the material 

becomes unable to extrude a continuous filament, marking the end of open 

time . After this condition the material begins to block the nozzle as yield 

stress increases over time . 

Figure 40 End of open time with interruption and rough surface of filaments after 2min of printing 
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5.4.3.2 Factors Affecting Open Time 

The sand weight ratio and the inclusion of various admixtures can 

significantly influence the open time of 3D printable concrete (3DPC). The 

mixing proportions of superplasticizer (SP) and viscosity-modifying 

agents (VMA) play a crucial role in determining the open time test (OTT). 

As the superplasticizer content increases, it enhances the flowability of the 

paste, extending the open time. However, the amount of SP should not 

exceed 0.1% of the cement content, as excessive amounts can lead to a 

decrease in yield strength of the fresh 3DPC mixture. Additionally, while 

the inclusion of silica enhances the properties of 3DPC, excessive silica 

content can negatively impact extrudability. It is generally recommended 

that silica content be maintained between 3% and 4% of the mix. 

Exceeding this range can necessitate a higher proportion of 

superplasticizer, which may further reduce the yield strength of the 

hardened 3DPC structures. 

Panda and Tan (2018) found that a higher content of GGBS slag (15%) 

reduced open time, as the material set faster compared to mixes with 5% 

GGBS, which exhibited longer open times . In contrast, Bong et al. (2020) 

demonstrated that the Si/Na ratio in geopolymer-based mixes had a 

significant impact on the open time. They also observed that K-based 

activators led to shorter open times than Na-based activators, due to faster 

reactions between Si and AI oligomers. 

The inclusion of retarders, such as tartaric acid, has been found to 

effectively extend the open time by preventing premature setting. (Y. Chen, 

Jansen, et al., 2020) reported that a 0.30% dosage of retarder increased the 

open time significantly, while higher dosages of retarders, such as 1%, 

reduced the open time to around 20 minutes compared to 0.5% dosage . 

This was further supported by the findings of (Nerella et al., 2020), who 
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concluded that retarders could be added after mixing to prevent early 

setting, whereas accelerators should be introduced prior to extrusion . 

5.5 Mix Proportions of Studied Trial 

Table 2: Mix Proportions of Studied Trial 
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3DCPTL01 750 0 0 8.75 1080 0.6 376 9.75 1.3 
Non printable-True 

Slump 

3DCPTL02 750 0 0 8.75 1080 0.6 376 6.375 0.85 
Non printable-True 

Slump 

3DCPTL03 750 0 0 8.75 1080 0.6 376 4.85 0.65 
Non Printable-14cm 

flow 

3DCPTL04 750 0 0 8.75 1080 0.6 376 3.9 0.52 
Non-Printable-15 

cm flow 

3DCPTL05 750 0 0 8.75 1080 0.6 376 2.925 0.39 

Non Printable- Due 

to VMA  

stickiness-17cm 

flow 

3DCPTL06 750 0 0 8.75 1080 0.6 376 1.95 0.26 

Good mix with little 

stickiness(approx.20 

cm) 

3DCPTL07 750 0 0 8.75 1080 0.6 376 0.975 0.13 
Good mix 

(approx.21 cm) 

3DCPTL08 750 0 0 8.75 1080 0.6 376 0.975 0.08% 
Good mix 

(approx.21 cm) 

3DCPTL09 750 0 0 8.75 1080 1.2 376 0.975 0.16 

Good mix with 

increased setting 

time (approx. slump 

flow 17 cm) 

3DCPTL10 750 0 0 8.75 1080 2.4 376 0.975 0.32 

Good mix with 

increased  

setting time (approx. 

slump flow 19 cm) 

3DCPTL11 750 0 0 8.75 1080 4.8 376 0.975 0.64 

Good mix, 

Extrudable, 

Buildable up to 3 

layers (approx. 

slump flow 19 cm) 

3DCPTL12 750 0 0 8.75 1080 9.6 376 0.975 1.28 

Good mix, 

Extrudable, Not 

Buildable 

(approx.slump flow 

19 cm) 

3DCPTL13 750 0 0 8.75 1080 11.25 376 0.975 1.5 

Self Settleable 

property, Not 

Buildable 

3DCPTL14 750 0 0 8.75 1080 15 376 0.975 2 

Self-flow property, 

not extrudable,  and 

not Buildable 
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5.6 Preparation of Test Specimen 

The 3DCP casted slab specimens are prepared of size 300mm x300x70mm. 

For the testing of printed concrete, specimens were cut out from the slab, as 

explained in Fig. 37. Four such slabs were cast and cut to get a sample of 9 

cubes and 12 beams. It should be noted that cutting may generate small 

microcracks in the specimens, adversely affecting the strength. To avoid 

such cases, a diamond saw cutter is suitable. The slab is 300mm x 300 mm 

with 12 layers horizontally and seven layers vertically, with a time gap of 

only 2 minutes, and is printed. The current project at IIT Indore is to 

formulate a printable mixture for additive Manufacturing for optimized 

beam structures and identify its compressive strength. The mix is suitable 

for an extrusion speed of 3600 mm/min for an extruder-based 3D concrete 

Figure 41 Cutting of slab into cubes- 50x50x50mm Figure 42 Cutting of slab in beam- 160x40x40mm 

Figure 43 Flow chart of the samples making 
procedure 
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printer. It takes approximately 7 minutes for each slab to print. For the four 

slabs, it takes approximately. 24-30 minutes. 

Figure 44 Schematic diagram for the steps to be carried out during 3D concrete printing 
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5.7 Mechanical Properties Test and Results 

The samples are cast and cut into cubes and beams as shown in Fig. 37. The 

samples are marked with a permanent marker to highlight the layer printing 

layer and loading directions. The nomenclature is done according to the 

printing and loading directions 

.  

The third term reflects the plane perpendicular to the loading direction, and 

the fourth reflects its front view. For example, for CSZX01, the ‘Z’ is the 

loading plane, and the ‘X-plane’ is on the front side. Fig. 39. Loading 

direction and printing direction of the beam are shown in Fig. 38. 

5.7.1 Compression Strength Test 

To determine the compressive strength, cubes of 50x50x50mm size are cut 

from the slab shown in Fig. 35. It is tested in the three directions, as shown 

in the table. The location from which the cube is cut is shown in Fig. 35. 

Since the cube is extracted from the middle portion of the slabs, the edges 

of the slabs are removed by the cutter. At the same time, the mould-casted 

cubes are also prepared. The direction of loading is shown in Fig. 39. Each 

sample is tested for every loading and printing direction to obtain accurate 

results. 

 

Figure 45 Sample CSZX01 

Loading Loading 

Direction 

Figure 46 Sample FSZX01 
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Table 3: Compression Test Results 

 

 

 

5.7.2 Flexure Strength Test 

The Flexure strength test results are shown in table no. X. The flexure 

strength test. The specimens are extracted from the slabs shown in fig. 34. 

The loading and printing directions are shown in Fig. 34. There are four 

S
r.

 N
o
. 

S
a
m

p
le

 

3
D

 M
o
d

el
 

A
ct

u
a
l 

M
o
d

el
 

A
ft

er
 T

es
ti

n
g

 

C
o
m

p
re

ss
iv

e 

S
tr

en
g
th

 (
M

P
A

) 

S
ta

n
d

a
rd

 D
ev

ia
ti

o
n

 

1 CSZX01 

   

22 2.45 

2 CSYX02 

   

24 1.63 

3 CSXZ03 

   

20.8 2.16 



56 

possible different directions for testing the beam. The test results are 

described in Table No. X 

Table 4: Flexure Test Results 
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Chapter 6 

Results and Discussion 

6.1  Fresh 3DCP Mix Design 

6.1.1 True Slump: Unfit for 3DCP 

True slump refers to a stiff concrete mix that lacks the necessary flowability 

for smooth extrusion in 3D printing applications. A true slump is 

characterized by a rigid mix that does not maintain its shape during the 

extrusion process, leading to inconsistent prints and potential clogging 

issues in the printer nozzle. For example, samples such as 3DCPTL01, 

3DCPTL02, 3DCPTL03, and 3DCPTL04 exhibited a true slump, with 

remarks like "Non printable-True Slump," indicating that these mixes were 

too stiff for 3DCP. These mixes have flow values that are too low (below 

19 cm), making them unsuitable for the precise deposition required in 3D 

printing. 

6.1.2 Ideal Flowability for 3DCP (19 to 22 cm) 

The critical flow range for a 3D concrete printable mix is typically between 

19 cm and 22 cm. This range ensures that the concrete mix is neither too 

stiff nor too runny, striking the right balance for extrusion. Mixes with flow 

values within this range can maintain structural integrity while being 

extruded through the nozzle and upon deposition. For example, the mixes 

3DCPTL06, 3DCPTL07, and 3DCPTL08 exhibited flowability values 

around 20 cm (with slight variations), marked as "Good mix (approx. 21 

cm)." These mixes demonstrated ideal flow characteristics for 3DCP, where 
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the material could flow smoothly during extrusion without collapsing or 

failing to maintain its printed form. 

The remark "Good mix with little stickiness (approx. 20 cm)" for sample 

3DCPTL06 suggests that the mix could be extruded smoothly while still 

maintaining the necessary structural properties for 3D printing. Similarly, 

3DCPTL07, with a flow value around 21 cm, was noted as "Good mix 

(approx. 21 cm)," confirming its suitability for additive manufacturing 

applications where precise control over each layer is crucial. 

6.1.3 Effect of VMA (Viscosity Modifying Agent) 

Viscosity Modifying Agents (VMA) are essential in adjusting the 

rheological properties of the mix, particularly its flowability. When the 

VMA concentration is appropriately adjusted, it helps in optimizing the 

concrete's workability for 3D printing. In the case of 3DCPTL05, a VMA 

of 2.925% resulted in a mix that was non-printable due to excessive 

stickiness, as described by the remark "Non Printable- Due to VMA 

stickiness-17cm flow." The increased stickiness in this case hindered 

smooth extrusion and the ability to maintain the intended shape of the 

printed layers. 

Conversely, lower VMA concentrations in mixes like 3DCPTL06 (0.26% 

VMA) and 3DCPTL07 (0.13% VMA) allowed for improved flowability 

and printability, within the ideal range of 19 to 22 cm. This range is key to 

ensuring that the concrete flows smoothly but does not lose its structural 

integrity after extrusion. 

6.1.4 Setting Time and Buildability 

In 3DCP, setting time plays a significant role in ensuring that the concrete 

mix can support successive layers. A slower setting time allows for greater 

control during the printing process and ensures better bonding between 
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layers. The samples 3DCPTL09 and 3DCPTL10, with increased setting 

times (due to higher VMA content), were marked as "Good mix with 

increased setting time (approx. slump flow 17 cm)" and "Good mix with 

increased setting time (approx. slump flow 19 cm)," respectively. These 

mixes were suitable for 3DCP applications where more time was needed for 

precise layer deposition and fine control over the printed object. 

In some cases, a higher VMA content improved the extrudability and 

buildability of the mix, as seen in 3DCPTL11, which was deemed "Good 

mix, Extrudable, Buildable up to 3 layers (approx. slump flow 19 cm)." This 

indicates that the mix could be used for printing objects with multiple layers 

without losing its structural integrity. 

6.1.5 Self-Settling and Non-Buildable Mixes 

Finally, mixes like 3DCPTL13 and 3DCPTL14, while having self-settling 

properties, were deemed "Not Buildable" due to their inability to support 

additional layers. These mixes, with flowability values above 22 cm (e.g., 

3DCPTL14 with 15 cm slump flow), were classified as "Self-flow property, 

not extrudable, and not Buildable." While they could self-level, making 

them suitable for applications where precision and layering were not 

critical, they were not suitable for multi-layered 3D printing, as the material 

could not support its own weight during deposition. 

6.2 Predictions by ML Models 

This research explores how various factors, such as SP, VMA, W/B, and 

loading direction, affect the compressive strength (CS) and flexural strength 

(FS) of printable 3D concrete using machine learning (ML) algorithms. To 

ensure accuracy, the data arrangement and cleaning has been done. Five 

resilient machine learning models are been used. These are Random Forest 

(RF), XGBoost, Decision Trees (DT), Gradient Boosting Machine (GBM) 
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and Support Vector Machine (SVM). These models were applied to forecast 

the CS for 3DCP, providing a detailed assessment of their performance. The 

optimal linear equation derived from the model can be implemented in 

practical situations. The evaluation of ML model accuracy is been 

demonstrated by the parameters 𝑅2, 𝑀𝑆𝐸, 𝑀𝐴𝐸, 𝑅𝑀𝑆𝐸 𝑎𝑛𝑑 𝑆𝑀𝐴𝑃𝐸 for 

compression strength and flexure strength prediction. 3 𝑀𝐿 models, i.e., 

RF, Compact GBM, and Compact RF, predict approximately similar values 

during training, 𝑅2 displays a Compressive strength of 0.84. The MAPE 

values of RF, Compact GBM, and Compact RF are 21.89%, 25.97%, and 

23.69%, respectively. However, for MAPE, the best model is GB, which 

has a value of 21.18%. The subsequent ranks are RF > Compact RF > GBM 

> Compact GBM > SVM > DT> ANN are according to their accuracy for 

compressive strength prediction. 

6.3 Mechanical Test Results 

A total of 14 mix trials (labeled 3DCPTL1 to 3DCPTL14) were performed 

to evaluate the flowability, extrudability, open time, and buildability of the 

mixes. The mixes that satisfied the printability criteria were 3DCPTL08, 

3DCPTL09, and 3DCPTL10. These specific mixes were used to establish 

optimal proportions for 3DCP while maintaining consistent printing 

parameters. Mix 3DCPTL08, comprising 29.2% OPC, 6.44% fly ash, 

6.44% silica fume, 0.93% limestone powder, 0.6% SP, and 0.975% VMA, 

demonstrated crucial characteristics such as buildability, extrudability, 

setting time, mix cohesion, reduced deformation, and efficient control of 

cement hydration. 

The fresh and hardened properties of the printable mix 3DCPTL08 included 

a flow value of 210 mm, an open time of 25 minutes, an initial setting time 

of 105 minutes, and a final setting time of 110 minutes. After 28 days, the 

compressive strength of the printed specimen in the X, Y, and Z directions 

was measured to be 22.24, 20.47, and 20.8 MPa, respectively. 
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3DCPTL08 involved a nozzle size of either 20 or 25 mm, with an extrusion 

speed of 3600 mm/min. The 14 mix trials (3DCPTL01 to 3DCPTL14) were 

designed to assess flowability, extrudability, open time, and buildability. 

The mixes 3DCPTL08, 3DCPTL09, and 3DCPTL10 met the printability 

criteria. 
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Chapter 7 

FUTURE SCOPE 

Future research in 3D concrete printing (3DCP) should explore advanced 

machine learning techniques such as reinforcement learning and ensemble 

methods to optimize predictive models for material properties and printing 

parameters. Enhancing sustainability metrics with comprehensive life cycle 

assessment (LCA) alongside carbon footprint predictions will be crucial for 

developing environmentally sustainable 3DCP practices. Implementing 

real-time monitoring and control systems using IoT devices and sensors can 

improve process efficiency and error reduction. Investigating multi-material 

and functionally graded structures will push the boundaries of architectural 

applications. Establishing standardized testing protocols and regulatory 

frameworks specific to 3DCP materials and structures will ensure safety and 

reliability in construction. Collaborative research initiatives and 

partnerships between academia, industry, and government will accelerate 

innovation and adoption of 3DCP technologies. Economic analyses and 

market studies are essential to assess the cost-effectiveness and market 

potential of 3DCP compared to traditional construction methods, while 

specialized education and training programs will prepare the workforce for 

implementing advanced 3DCP solutions. Validating the results predicted 

from the ML algorithms about the compression test by performing the UCS 

on elements casted by 3D printed mix samples. Analyzing it for other 

mechanical properties like tensile test, pull-out test, high and low-velocity 

impact test, and temperature tests will provide comprehensive insights into 

the structural performance and durability of 3D-printed concrete in various 

real-world conditions. 
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