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ABSTRACT 

The construction industry is one of the largest contributors to climate change, driven 

largely by carbon dioxide (CO₂) emissions from anthropogenic activities. In addition to 

putting tremendous strain on natural resources through aggregate extraction, the production 

of cement and concrete alone is responsible for over 8% of global CO2 emissions. 

Concurrently, the construction sector produces enormous amounts of construction and 

demolition (C&D) waste, which exacerbates resource and environmental problems. 

Recycling this waste into recycled concrete aggregates (RCA) provides a sustainable path 

forward by conserving raw materials, reducing pressure on landfills, and enabling the 

sequestration of CO₂. However, RCAs' limited range of applications is due to their lower 

quality when compared to natural aggregates (NAs). While many studies have explored 

not only how to enhance RCA performance but also how to effectively incorporate it into 

construction applications, several important gaps still remain. These include, 

inconsistencies in results on the influence of parent concrete (PC) strength on RCAs and 

RAC (recycled aggregate concrete) characteristics, the interaction between carbonation 

treatment and aggregate characteristics, and the effect of natural preprocessing carbonation 

on the carbonation potential of the accelerated carbonation. In addition, predictive 

modelling frameworks capable of linking CO₂ uptake with the mechanical performance of 

concretes containing carbonated aggregates are still unexplored. 

This dissertation addresses these gaps through a comprehensive experimental and data 

driven programs. RCAs were obtained from both laboratory produced concretes of varying 

strengths and demolished structures. Their physical and mechanical properties were 

characterized under controlled crushing, ambient carbonation, and pressurized accelerated 

carbonation conditions. Custom built carbonation chamber with controlled environment 

and 99.5% purity CO2 gas purchased from local suppliers was used in the pressurized 

carbonation process.  Advanced analytical techniques, including thermogravimetric 

analysis (TGA-DTA), X-ray diffraction (XRD), and Fourier transform infrared 

spectroscopy (FTiR), were employed to assess microstructural and chemical changes 

before and after carbonation. Concrete mixes produced with these aggregates were 

evaluated for compressive, split tensile, and flexural strength. Complementary regression 



 
 

xvii 
 

based machine learning models were developed using 108 datasets to predict compressive 

strength, explicitly incorporating aggregate quality parameters, mix proportioning 

parameters, carbonation degree, and percent replacement of natural aggregates by RCAs. 

The results demonstrated that PC strength has an effect on the characteristics of RCAs and 

RAC. Higher strength PCs produced aggregates with improved abrasion resistance, impact 

resistance, crushing resistance, and specific gravity, alongside reduced water absorption, 

although mortar content increased. Carbonation treatment further enhanced performance, 

with natural storage achieving up to 7.5% CO₂ uptake by mortar mass and accelerated 

carbonation achieving up to 12% CO₂ storage in the form of calcium carbonate 

polymorphs. Concrete produced with carbonated aggregates exhibited strength 

improvements of up to 12.5% in compression, 8.6% in tension, and 3.3% in flexure. 

Replacing normal strength aggregates with those from high strength concretes yielded 

further gains of 18%, 26%, and 30% respectively. Microstructural analyses confirmed that 

carbonation refined pore structures and improved durability, although dense aggregates 

from high strength concretes limited CO₂ penetration and resulted in incomplete 

carbonation. The machine learning models provided robust predictive capability, with 

ensemble methods such as Random Forest achieving the highest accuracy within a ±13% 

maximum error ranges. Sensitivity analysis identified mix proportioning, carbonation 

degree, and aggregate performance as the most influential factors. 

While the controlled laboratory environment ensured systematic testing, real world 

demolition waste presents greater variability due to the presence of impurities and weak 

segregation practices, which remains a limitation of this study for large scale application.  

In the Ethiopian context, both challenges and opportunities exist for mainstreaming RACs. 

Establishing national guidelines, improving demolition and waste segregation practices, 

and integrating CO₂ utilization with industrial emitters such as cement and steel plants will 

be critical for adoption. With the current trend in corridor development and city renewals 

in Addis Ababa and other cities of Ethiopia, embedding RACs into the construction sector 

can establish a circular economy model that reduces reliance on virgin materials, diverts 

waste from the demolition processes, and supports the country’s climate commitments. To 
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establish waste materials as a sustainable building material and a pillar of low carbon 

development, legislators, researchers, industry, and contractors must work together. 

Keywords: Recycled concrete aggregates; Sustainable construction; Carbon dioxide 

sequestration; Machine learning; Accelerated carbonation 
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1.1. Background 

One of the most pressing issues facing our world is climate change. This climate change is 

mostly caused by anthropogenic activities [1-3]. The Earth's climate system has undergone 

a dramatic transformation since the industrial revolution, marked by a significant and 

unprecedented rise in global average temperatures. In the years 2011 to 2020, the global 

surface temperature had already climbed by approximately 1.1 °C above the pre industrial 

baseline (1850-1900). This trend has since continued to accelerate [3]. This warming is a 

direct consequence of the massive influx of greenhouse gases into the atmosphere from 

industrial processes and societal consumption. This results in altering the planet's energy 

balance and setting a dangerous precedent for future climate instability [4].     

The implications of this warming are not merely theoretical. But, they are manifesting in 

increasingly severe and frequent extreme weather events. Sea level rising, and disruptions 

to global ecosystems are some of the outcomes of the worldwide temperature change [5]. 

Projections from leading climate models forecast a continued and rapid ascent in 

temperature, with the critical 1.5 °C warming threshold likely to be breached in the near 

future, potentially as early as the 2030s [6]. The biggest driver of this climate change is 

CO₂ from human activities. Burning fossil fuels, deforestation, and industry release large 

amounts of CO₂ into the air [3]. This traps heat and warms the planet. The IPCC confirms 

that CO₂ is the main cause of recent climate change [3]. As can be seen from (Figure.1.1 

a) and b)), the global cumulative and annual CO2 emissions worldwide from fossil fuels 

and industry has passed 1.8 trillion and 35 billion tonnes respectively by 2023 [7].   

 Globally, the construction industry particularly accounts for 30-40% of total energy 

consumption and are responsible for about 40% of carbon dioxide emissions, both directly 

and indirectly [8, 9]. If current energy use and emission trends continue, the construction 

sector’s share of carbon emissions could rise to 50% by 2050 [8, 10]. Concrete is the most 

often used material in the construction industry, which is one of the most resource intensive 

industries in the world. This material is now the foundation of contemporary infrastructure 

and urban development because of its strength, affordability, and structural performance. 

However, excessive use of concrete is outweighed by serious environmental problems at 
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every stage of its life cycle, from the extraction of raw materials to production, use, and 

disposal at the end of its service life [11]. 

Today, the construction sector is confronted with three key sustainability challenges. These 

challenges include the depletion of natural resources, the release of greenhouse gases, and 

the generation of construction and demolition waste [12]. Concrete’s large scale use places 

heavy pressure on natural resources, contributes to greenhouse gas emissions, and results 

in significant waste at the end of its service life [4, 11-12]. Cement, which is the primary 

binder in concrete, is among the most environmentally intensive construction materials 

[13]. Its production process demands vast amounts of energy. Similarly, its heavy reliance 

on raw material extraction disturbs the ecosystem, and involves calcining limestone at high 

temperatures a process that emits substantial CO2. In fact, cement manufacturing alone 

contributes a significant share of global CO₂ emissions [13-17]. At present, cement and 

concrete production accounts for over 8% of global carbon dioxide emissions [18, 19]. On 

the contrary, the report by world in data showed that the annual CO2 emission by cement 

accounts for 4.5% of annual total emissions in 2023 (Figure. 1.1 c) [7]. By 2030, worldwide 

cement production is expected to reach 5 billion tons [18]. Consequently, CO₂ emissions 

from cement and concrete are anticipated to contribute more than 10% of total global 

emissions between 2030 and 2050 [18]. 

 

a) 
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b) 

 

c) 

Figure 1.1 CO2 emission trend; a) cumulative emission, b) annual emission, c) annual 

emission from cement production data source from [7] and processed for presentation. 
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Beyond emissions, the industry also places immense pressure on natural resources through 

large scale extraction of sand, gravel, and other aggregates, which alters landscapes, 

disrupts ecosystems, and accelerates the depletion of nonrenewable materials [19]. NAs, 

such as crushed stone and sand, represent essential mineral resources extracted from the 

earth. These materials are typically obtained through the mechanical crushing of bedrock 

or by processing naturally occurring deposits of gravel and sand [20, 21]. As fundamental 

components of construction, aggregates contribute significantly to resource and energy 

demands, with their extraction, processing, transportation, and utilization accounting for 

approximately 7% of global energy consumption [22]. Current estimates suggest that 

annual worldwide aggregate consumption reaches nearly 50 billion tonnes [23]. Of this 

volume, the construction sector alone is responsible for approximately 40% of the demand 

[24]. Furthermore, global requirements for construction aggregates are projected to rise 

substantially, with extraction expected to increase from 24 million to 55 million tonnes per 

year by the years till 2060 [25]. 

 Coupled with rapid urbanization, this leads to unprecedented consumption of raw 

materials and the generation of enormous quantities of C&D waste [26]. With the rapid 

pace of construction, renovation, and infrastructure upgrades, the generation of C&D waste 

has escalated worldwide [26, 27]. Each year, more than 3 billion tonnes of such waste are 

produced, and this figure continues to grow steadily [27]. C&D waste typically includes 

materials discarded during the construction, modification, or dismantling of buildings and 

other structures [28]. In addition to human driven activities, natural disasters and war 

related activities also contribute significantly to the production of C&D debris [29].  Such 

waste not only strains landfills and harms local environments but also reduces the 

availability of quality resources for future use.  

Another important thing in the construction industry to be considered well is application 

of technological advancements to simplify tiresome, time consuming and costly processes.   

For engineering structures to perform safely and reliably throughout their intended 

lifespan, it is essential to understand the mechanical behavior of concrete. Among its 

various properties, mix design; compressive, split and flexural strength are regarded as the 

most critical parameters. Therefore, the ability to assess concrete strength both quickly and 
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accurately is crucial for ensuring construction quality and maintaining project timelines 

[30]. 

Predicting physical and mechanical properties of concrete is inherently difficult due to the 

material’s complex nature and the highly nonlinear interactions between its constituents 

[31]. Traditionally, these properties has been measured through experimental testing, 

where standardized testing protocols and methods passed to determine their capacity [32]. 

While this method is reliable, it is also time consuming and costly. To overcome these 

limitations, researchers have explored empirical regression techniques for predicting 

strength based on mixture proportions [33]. However, because the relationship between 

mixture components and compressive strength is strongly nonlinear, regression based 

approaches often fail to provide accurate generalized models [34]. 

With advancements in artificial intelligence, ML has emerged as a powerful alternative. 

These techniques have been applied across multiple areas of structural engineering, 

including the prediction of concrete strength [35, 36]. Unlike conventional regression 

methods, ML can capture complex, nonlinear relationships through sophisticated 

algorithms, offering more accurate predictive models [37].  

Similar to the global trend anthropogenic activities in Ethiopia are contributing to the 

worldwide climate change ((see Figure. 1.1, a), b), and c)). The cumulative and annual CO2 

emission in Ethiopia has reached 20 million tonnes and 4 million tonnes respectively by 

2023 [7]. This indicated that Ethiopia has contributed 0.05% of the annual global emissions 

in 2023. Cement production in Ethiopia emitted 20% of the country’s annual CO2 emission 

by 2023, which is very high compared to the global value of 4.5%.  According to a study 

by Tafesse et al. [38], construction waste in Ethiopian construction projects accounts for 

up to 13% of total material usage, which is significantly higher than the national waste 

limit of 5%. Similarly 45% of the total waste from construction projects in shire 

Endaslassie, Ethiopia accounts for construction and demolition waste [39]. Even though, 

there are no literature studies describing and quantifying the trends in aggregate availability 

in Ethiopia, in urban areas such as Addis Ababa, the availability and quality of construction 

materials like sand and coarse aggregates are steadily declining. As a result, stakeholders 

are forced to transport materials over long distances to secure acceptable quality, which 
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raises transportation costs, energy consumption, and the overall price of materials per cubic 

meters. Furthermore, the Ethiopian government’s urbanization and corridor development 

plans indicate that there will be increased urban restructuring and housing construction 

over the next years. This process will require large amounts of natural materials and, at the 

same time, generates substantial volumes of C&D wastes.   

Addressing these issues necessitates a paradigm shift towards sustainable construction 

practices. Decarbonization of cement and concrete materials, through alternative energy 

efficient processes, and carbon capture technologies, offers a pathway to significantly 

reduce the carbon intensity of construction. At the same time, circular economy approaches 

such as the recycling of C&D waste into secondary aggregates can reduce the sector’s 

reliance on virgin raw materials while minimizing landfill burdens. These strategies not 

only contribute to the conservation of finite resources but also support the preservation of 

ecosystems and biodiversity. 

Recycling C&D waste into RCA offers clear environmental benefits by conserving natural 

resources, lowering embodied impacts, and reducing the burden on landfills [40]. Over the 

years, a range of processing methods has been developed to convert C&D waste into RCA 

with the aim of extending its use in higher value engineering applications [41-43]. Despite 

these efforts, RCA still presents notable drawbacks compared with natural aggregates, 

including higher porosity, increased water absorption, and reduced mechanical and 

durability performance due to adhered mortar and micro cracks [44-46]. To overcome these 

challenges, researchers have investigated several treatment techniques such as microwave 

heating [47], acid dissolution [44, 48], thermal mechanical abrasion [49], microbial 

carbonation [5], and mechanical abrasion [51]. However, many of these approaches face 

practical barriers related to cost, energy demand, or scalability [40]. 

Among the available options, accelerated carbonation has emerged as one of the most 

effective and environmentally sustainable methods for improving RCA quality [40]. 

Through the precipitation of calcium carbonate (CaCO₃) within the adhered mortar, 

carbonation refines pore structures, reduces water absorption, and enhances durability 

while simultaneously providing a cost effective and technically viable solution [44, 52, 53]. 
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Importantly, this process also enables permanent CO₂ sequestration by storing carbon 

within the aggregate’s pore network. 

In parallel, machine learning (ML) methods, particularly regression based approaches such 

as multiple linear regression, random forests, gradient boosting, and neural networks have 

shown strong potential for predicting the performance of RCA concrete, including 

compressive strength and other key properties [54-56]. Yet, studies that combine the effects 

of PC strength, carbonation treatment, and RCA enhancement with ML driven predictive 

modeling remain scarce. This gap underscores the need for integrated experimental and 

data driven strategies to better evaluate and optimize the performance of carbonated RAC. 

The present study integrates the investigation of parent concrete strength, carbonation 

treatment, microstructural characterization, and machine learning modeling within a 

unified framework to comprehensively evaluate the performance of RAC. The influence 

of PC strength was examined to understand its effect on the quality and mechanical 

behavior of RCA and the resulting RAC properties. Carbonation treatment was 

subsequently employed as a strengthening and densification approach to improve the 

performance of RCA through microstructural modification. To support this, 

microstructural analyses were conducted to identify the physical and morphological 

changes associated with carbonation and their relationship to the observed macroscopic 

properties. Finally, machine learning techniques were incorporated to develop predictive 

models capable of capturing the complex interactions among the studied parameters and 

accurately estimating compressive strength performance. 

1.2.Problem statement 

As described well in the introduction section, the transition towards sustainable 

construction demands a systematic reduction of natural resource consumption and 

greenhouse gas emissions, particularly from cement and concrete production. Utilization 

of RCA from C&D wastes is one of the sustainable methods and has been widely studied 

as a substitute for NAs [57-61]. To overcome the reduced capabilities of RCAs compared 

to NAs, accelerated carbonation treatment has emerged as a promising technique to both 

improve RCA quality and sequester CO₂ [62-65]. Despite decades of research, however, 
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key uncertainties continue to limit the structural use of carbonated RCA and impede 

reliable quantification of its environmental benefits. 

One of the central challenge lies in understanding the influence of PC strength on RCA and 

RAC performance. Multiple studies have demonstrated that PC strength significantly 

affects RCA physical and mechanical properties [66]. However, the literature reports 

contradictory findings. Some studies argue that high strength PC yield superior RCA due 

to reduced porosity and higher crushing resistance, while others contend that aggregates 

from lower strength concretes perform better because their attached mortar detaches more 

easily during crushing, producing cleaner particles. The lack of consensus creates 

uncertainty for researchers, practitioners, and regulators, complicating material selection 

and hindering the development of standards and guidelines. 

Further unconsidered gap is the interaction between PC strength and carbonation. 

Accelerated carbonation treatment alters the microstructure and pore of RCA and improves 

their characteristics [63, 65]. But, Literature studies have not considered the PC strength 

effects on the carbonation capacity of RCAs. Most studies have not systematically 

compared aggregates sourced from different PC levels under controlled carbonation 

protocols. The extent to which carbonation can offset quality differences, or whether high 

strength aggregates respond differently to their counter parts is not investigated. This 

absence of systematic evidence prevents generalization of laboratory results across diverse 

feedstocks and processing conditions. 

Another gap to be considered is preprocessing ambient carbonation prior to accelerate 

carbonation. RCAs are often exposed to ambient conditions during storage and handling, 

leading to partial carbonation before formal treatment. This ambient carbonation, along 

with variables such as moisture conditioning and mechanical abrasion, can significantly 

influence carbonation efficiency and CO₂ uptake. Yet, few studies if not none integrated 

these preprocessing effects into experimental programs. The optimization space for 

variability in aggregate sources therefore remains largely unexplored. Finally, predictive 

modelling for carbonated RAC performance is lacking. While machine learning has been 

applied to general RAC strength prediction and to carbonation depth in conventional 

concretes [67-70], to the authors knowledge, no established frameworks exist for modelling 
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the compressive strength of RAC incorporating carbonated RCAs. Such models would 

require explicit integration of CO₂ uptake and RCA property changes. Without predictive 

tools, it is difficult to rapidly screen materials and transfer findings across projects, which 

constrains both practical adoption and policy development. 

Together, these gaps restrict the reliable specification and structural integration of RCA, 

and their treatment methods to understand and estimate RCAs true environmental and 

technical potentials. Addressing these issues is therefore essential to establish robust 

processing to performance knowledge and to support the development of standards that 

enable sustainable deployment of RCA in structural concrete. 

1.3.Research objectives and questions 

To address the literature gaps identified in the problem statement section, this research sets 

out a series of objectives and guiding questions. The comprehensive goal is to contribute 

to the sustainability of the construction industry by systematically investigating one 

potential pathway which is the recycling of C&D waste as aggregate. Specifically, the 

study aims to examine the influence of PC strength and carbonation treatment on the 

properties and performance of RCAs, and to develop predictive modeling approaches that 

support the sustainable use of recycled RCA in concrete construction. 

The primary research question guiding this study is: How can the construction industry 

become more sustainable and environmentally responsible by reducing emissions, 

conserving natural resources, and minimizing waste? This central question is further 

broken down into several sub questions. First, Can recycling C&D waste contribute to the 

sustainability of the construction industry? More specifically, as the properties of RCA 

produced from C&D waste inferior to those of natural aggregates; How does the strength 

of PC influence the characteristics of RCA and RAC? And why do existing research 

findings on this topic often appear inconsistent? To address these issues, a systematic 

literature review was conducted. Based on its findings, another question was raised: What 

experimental and observational techniques can be applied to resolve contradictions in the 

literature? A detailed experimental program was then designed and executed to provide 

evidence based answers. 
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The next stage of the research focused on enhancing the properties of RCA derived from 

PCs of varying strengths. A review of treatment methods identified carbonation as a 

promising approach. This led to additional questions: How does ambient carbonation 

during storage and handling affect the efficiency of subsequent accelerated carbonation 

treatment? And how does PC strength influence the carbonation capacity of RCA? A 

comprehensive experimental study was performed to answer these questions and provide 

insights into the potential of carbonation treatment as a sustainable enhancement methods. 

Finally, the study explored ways to minimize reliance on labor intensive and time 

consuming laboratory experiments. The guiding question was: How can predictive 

modelling, including ML approaches, be used to estimate the compressive strength of RAC 

incorporating carbonated RCAs? And can predictive models integrate CO₂ uptake and 

RAC property changes to use carbonated RCA in concrete applications? To investigate 

this, experimental datasets were used to develop ML based predictive models. The results 

demonstrated that ML models can accurately predict the expected strength of carbonated 

RACs, effectively reducing both experimental time and cost while supporting faster and 

more efficient decision making for sustainable construction practices. 

Based on the above general objective and questions, the specific objectives of this 

dissertation were: 

 To conduct an in-depth literature review on the effect of PC strength on the 

properties of RCA and RAC, in order to address the inconsistencies reported in the 

existing literature. 

 To evaluate the influence of PC strength on the physical and mechanical properties 

of RCA. 

 To examine the effect of PC strength on the carbonation capacity and performance 

improvements of RCA under accelerated carbonation, and to investigate the role of 

natural preprocessing carbonation in influencing the efficiency of accelerated 

carbonation treatments. 

 To develop and validate predictive models for estimating RAC performance 

incorporating carbonated RCAs, and to provide scientific evidence to support the 
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formulation of standards and guidelines for the sustainable use of RCA in concrete 

applications. 

1.4.Significance of the study 

This research’s significance lays on its capability to respond to one of the most urgent 

challenges, the reduction of environmental impact of the construction industry while 

meeting growing demand for materials. Globally, recycling C&D waste into RCAs can 

offer a clear pathway towards resource conservation, waste reduction, and carbon emission 

mitigation. However, uncertainties around the performance of RCA and RAC continue to 

limit its widespread adoption. This work tackles these concerns and adds fresh data to 

support the global argument for sustainable concrete manufacturing by examining the 

effects of PC strength and carbonation treatments on RCA qualities. 

Construction industry in Ethiopia is expanding rapidly, generating large volumes of C&D 

waste while placing intense pressure on natural aggregate sources. But, recycling and 

reusing practices are unregulated, and the advantage and application of RCA is poorly 

understood among construction stakeholders. In practice, most waste is still discarded in 

landfills or dumped on city outskirts, if reused in base and sub base course in roads with 

no technical guidelines or standards to promote its reuse. This study provides the scientific 

foundation needed to close that gap by demonstrating both the technical feasibility and the 

environmental benefits of RCA. The findings from this study can support the development 

of local standards and encourage a cultural shift toward more sustainable construction 

practices in Ethiopia. 

The study's methodological contributions highlights the dual environmental benefits of 

carbonation treatment by evaluating it as a carbon sequestration method as well as a 

procedure that improves performance. Additionally, the use of ML as a predictive tool 

lessens the need for laborious experimental work, which makes sustainability both feasible 

and economical. All things considered, the importance of this research resides in its ability 

to close important knowledge gaps, by impacting current standardization practices, and 

offering instruments that connect science, practice, and policy. This can advance a vision 
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of a resource efficient, ecologically conscious construction industry that is ready to meet 

the needs of sustainability in Ethiopia and around the world. 

1.5.Scope and limitations 

As discussed in the objectives section, this study focused on developing sustainable 

concrete by partially replacing NAs with C&D waste derived materials. The work 

encompassed several key objectives including identifying research gaps, characterizing 

locally available RCAs, treating them for property enhancement, designing concrete mixes 

incorporating these materials, and conducting laboratory tests on their fresh and hardened 

properties. It also involved ML modeling to predict the strength of RAC, aiming to reduce 

the reliance on extensive laboratory testing. 

However, the experimental program for RCA property enhancement was limited to PC 

strengths of only 25 MPa and 67 MPa due to the high cost of the experiments. Similarly, 

the important parameters like coarse aggregate size and variability in fine aggregate 

properties were not considered in this study. While the literature suggests the optimal gas 

pressure for accelerated carbonation is in the range of 0.01 to 0.2 MPa, investigating 

pressures up to 0.5 MPa may be important. This study was limited to a maximum pressure 

of 0.15 MPa due to the capacity of the custom built chamber. Additionally, high strength 

PC aggregates were not completely carbonated, suggesting that other methods beyond 

pressurized accelerated carbonation should be considered for full carbonation. Even though 

linear regression, tree based and ensemble based ML models perform good with the current 

datasets, having a large volume of datasets that are well distributed across all strength levels 

may increase accuracy and avoid overfitting in the models. Finally, this study did not 

include a life cycle analysis of the RCA experimental program. While the findings provide 

a strong foundation for the development of standards and guidelines for RCA applications, 

the creation of formal guidelines and standards was outside the scope of this work. 

1.6.General methodology 

This comprehensive methodology outlines a multi phased approach to investigate the 

properties of RCAs, treatment methods for enhancing their property, characteristics of 

RAC produced from these aggregates and ML modeling of the RAC incorporating the 
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carbonated RCAs. The study specifically focuses on how PC characteristics and 

accelerated carbonation influence material behavior. A thorough literature review was 

conducted to establish the current state of knowledge, utilizing academic databases like 

Scopus and Google Scholar to identify relevant research in the study area. Then, 

experimental programs were designed to characterize and determine the behavioral 

relationships. To make a controlled study, concrete of different mix ratios and target 

strengths were produced. To produce the RCA, PCs were prepared in the laboratory with 

target 28 day cube compressive strengths of 25 MPa, 37 MPa, 45 MPa, and 67 MPa, in 

accordance with ACI 211.1-91. Additionally, samples were sourced from demolished 

structures to account for real world variability. The crushing procedure was controlled to 

produce RCA with a particle size range of 4.75-25 mm, complying with ASTM C136 and 

ASTM C33. 

The physical and mechanical properties of the RCA were evaluated using relevant ASTM 

standards to understand how the source concrete's strength and age influence the quality of 

the resulting RCA. These tests included water absorption and specific gravity (ASTM C 

127) to assess porosity, and Los Angeles abrasion, aggregate crushing, and aggregate 

impact value tests to determine resistance to mechanical stress. Carbonation treatment of 

the aggregates was designed for the aggregates from two PCs with cube compressive 

strengths of 25 Mpa and 67 Mpa to consider PC strength on the property enhancement of 

the RCAs. Sample were exposed to ambient environmental conditions for 1.5 years to 

consider the preprocessing ambient carbonation contributions in the controlled pressurized 

accelerated carbonation process. Then, samples were subjected to accelerated carbonation 

in a custom built, cost effective carbonation chamber maintained at a relative humidity, a 

CO₂ gas pressure, and a temperature for 3 and 7 days. The extent of carbonation was 

subsequently verified using a phenolphthalein indicator test. 

Following the carbonation process, microstructural changes in the RCA were analyzed 

using fine powdered samples extracted from the adhered mortar. TGA-DTA tests were 

performed to quantify the weight loss of the heated samples, which helped in estimating 

the amount of CO₂ uptake and confirming the formation of calcium carbonate. XRD was 

conducted to identify changes in the crystalline composition, specifically looking for a 
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decrease in portlandite peaks and an increase in calcite peaks. FTIR was used to detect 

shifts in chemical bonding in hydroxyl (O-H) signals and carbonate bands further 

confirming the chemical transformation. The next phase of the study involved designing 

and preparing RAC mixes to evaluate their mechanical properties, including fresh and 

hardened properties, taking into account the effects of carbonation, PC strength and 

aggregate replacement ratios. Concrete sample were prepared for compressive and tensile 

strength tests following appropriate standards. Another component of this study involved 

a data driven approach to model and predict the compressive strength of RAC.  Datasets 

of concrete samples with eight distinct properties including cement to aggregate ratios, 

water absorption, crushing value, PC strength, carbonation degree, and replacement ratio, 

were used for modeling. To overcome challenge of multicollinearity, where predictor 

variables were highly correlated, a novel composite index approach was implemented. This 

involved creating two new variables: a Proportioning Index, which combines mix design 

ratios, and a Performance Index, which combines aggregate quality indicators. This data 

transformation was used to ensure the stability and reliability of the predictive models. The 

study then evaluated the predictive performance of various ML models, including 

traditional statistical methods like Multiple Linear Regression, Ridge regression and more 

advanced algorithms like Random Forest and LightGBM, on both the original and 

composite datasets. Model performance was assessed using a range of quantitative metrics 

and visual diagnostic tools, and the SHAP framework was utilized to interpret the 

contribution of each feature to the final prediction. 

1.7.Outline 

The dissertation is structured into six chapters. The core of the thesis, excluding the 

introductory and concluding chapters, directly addresses the four research questions set out 

in Section 1.3. 

Chapter 1: Introduction and research methodology introduces the research context, 

problem statement, and significance of the study. It also provides an overview of the 

comprehensive methodology and scope of the work. 
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Chapter 2: Literature review and research gap analysis which synthesizes the current 

knowledge on the characteristics of C&D waste and the influence of PC strength on RCAs. 

It focuses on identification of specific gaps in the existing literature that the present study 

aims to fill. An article prepared for this section has already been published. 

Chapter 3: Experimental program on RCAs and RACs that details the extensive 

experimental program presented the production and characterization of RCAs. An article 

prepared for this section has already been published. 

Chapter 4: Deals with sustainable enhancement of RCAs via accelerated carbonation which 

examines the property enhancement and CO₂ sequestration potential of RCAs. This chapter 

presents the experimental work on both the microstructural and mesoscale levels to validate 

the effects of carbonation. Design of the concrete mixes and experimental tests on concrete 

for evaluating physical and mechanical properties were also performed in this chapter. A 

manuscript has been prepared for this section and is under review at Cleaner Waste 

systems, Elsevier. 

Chapter 5: Examined the predictive modeling of RAC strengths exploring the development 

and implementation of ML models to accurately predict the compressive strength of RACs, 

utilizing the comprehensive dataset from the experimental programs were the core 

performances of this chapter. A manuscript has been prepared for this section and is under 

review at Scientific Reports, Springer. 

Chapter 6: The conclusion and recommendations section which presented the key findings 

of the entire dissertation, discussed their implications, and offered actionable 

recommendations for future research and practical applications.  
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 2.1. Introduction 

Concrete has been used more widely in modern construction projects due to its 

durability, affordability, and safety. The production of concrete requires a significant 

amount of nonreplenishable natural materials, such as fine sand and coarse aggregate 

gravels. Sand and gravel mining and preparation also need a significant amount of 

energy. The energy consumption involves those required during quarry production, 

transportation and aggregate crushing. Ittepie et al. [1] determined the energy 

consumption per ton of virgin aggregates and RCAs. They discovered that the energy 

consumed during the making of one ton of virgin aggregates (21,112 kJ/t) is about 

30.5% higher than the energy consumed during the production of recycled concrete 

aggregate (16,178 kJ/t).  

Similarly, a substantial amount of concrete waste is being produced by the construction 

firm causing the scarcity of natural materials, massive energy usage and environmental 

degradation [2]. The construction and building industry is, thus, considered a vital 

source of environmental deterioration and is associated with the production of 

construction waste [2]. Concrete structures generally also have a service life limited 

only to a few decades [3] and, consequently, the adverse environmental effects come to 

play continuously in shorter spans of time. According to a study by the authors [4], the 

construction sector solely produces roughly 75 billion metric tons (mt) of concrete by 

product annually. China alone produced 2.36 billion mt of C&D waste in 2018, then 

comes the United States (USA) (approximately 600 million mt) and the federal state of 

India (about 530 million mt) [5]. A significant amount of C&D waste was also produced 

by European countries with France and Germany contributing the most, with 240 and 

225 million mt, respectively [5]. In many developing countries, handling solid waste is 

a problem for most, and construction junk is emerging as a serious environmental issue. 

More than half of Sub Saharan Africa's population now lives in cities, which is 

predicted to increase garbage production by up to 1 kg per person [6]. Additionally, in 

other African nations such as Zimbabwe, Tanzania, and Mauritius, mixed municipal 

solid waste generation rates range from 0.7 kg per person per day in Zimbabwe to 1.1 

kg per person per day, of which up to 30% is construction and demolition waste [6].  

A global solution is needed immediately to deal with the pressing problem of the 

deposition and disposal of these huge amounts of wastes. On the other hand, the 
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traditional practice of sending a major proportion of construction and demolition wastes 

to landfills is being hampered by a sharp price increase and environmental concerns 

[7]. Furthermore, C&D wastes are very likely going to contain potentially harmful 

materials, including varnishes, sealants, adhesives, and mercury; these will 

undoubtedly contaminate the soil and groundwater reserves. Therefore, more sound 

technologies, such as, for example, working on waste recycling process and those 

converting wastes for potential reuse, are urgently needed to handle these vast amounts 

of construction and demolition wastes.  

RAC can minimize greenhouse gas release by 65% and nonreplenishable energy by 

58% compared to natural aggregate concrete (NAC), according to a study in Hong 

Kong [8]. The higher proportion of accumulated concrete waste from demolition is 

made up of aggregates [5]. On the other hand, aggregates are finite resources, and as 

urbanization in developing nations picks up speed, demand for them will only rise. 

Future availability of these construction materials will very likely catastrophic as a 

result of their shortage. The necessity to become more sustainable has become clear as 

a result of the problems the building sector has been facing. Consequently, reusing some 

of the RCAs from the C&D waste in the manufacture of fresh concrete material is one 

potential approach for the wise use of materials. By protecting virgin aggregate 

reserves, reducing greenhouse gas release, minimizing nonrenewable energy use during 

aggregate production process, and protecting useable land from being a landfill site, 

this will help the building sector become more sustainable [9]. 

It has been proposed to use RCAs in place of NAs when producing structural concrete. 

These aggregates are mostly derived from construction waste and demolished concrete 

buildings. Despite the fact that RAC, which is made by partially or entirely substituting 

NAs with RCAs, has notable financial and environmental advantages [10–12], its 

application in the construction industry has been restricted thus far due to worries about 

RCA’s lower quality when compared to NAs [13]. The performance of RAC is 

impacted by the varying features of RCAs from different sources [14–16]. For instance, 

Liu et al. [14] and Zhou et al. [15] discovered that the shear capacity, compressive 

behavior, and modulus of rapture of concrete produced from various types of RCAs 

varied. Numerous investigations were performed over the last thirty years to 

comprehend the performance of RAC applying coarse RCAs [13]. Reviewing the body 

of literature on RCAs and RACs reveals that even though there are contradictory 
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results, high quantity of research have been reported thus far on the effect of source 

concrete. It has, indeed, been demonstrated that the characteristics of RCAs and RACs' 

mechanical and long term properties are affected by the quality of the PC.  

Researchers have observed contradictory findings in various literature sources 

regarding the influence of variable source concrete quality on the characteristics of 

RCA and RAC. A thorough review of different research and examination on the mater 

revealed that varying outcomes and conclusions on the subject, leading to an 

inconsistency in understanding the influence of increased source concrete quality on 

the characteristics of RCA and RAC. With respect to RCA and RAC behaviors, 

different studies report contrasting results when PC strength is increased. Some sources 

indicate that values of these properties increase, while others suggest no effect or even 

a decrease. Specifically, the density of RCA is reported to improve [17] with a rise in 

the source concrete quality while [18–20] reported an increase in density as the source 

concrete quality decreased. 

The specific gravity of RCA is reported to improve in quality [17, 21, 22] with the rise 

in the PC quality while [20, 23] reported an increase in specific gravity as the PC 

strength tended to decrease. Water absorption of RCA might increase [20, 23–25] or 

decrease [17, 21, 22, 26, 27]; Los Angeles coefficient of RCA can either increase [26] 

or remain the same [28, 29]; and adhered hardened paste quantity of RCA can either 

show a rise [17, 18, 20, 21, 23] or a fall [30–32] with the increment in source concrete 

quality. 

Furthermore, the influence of increased source concrete quality on the properties of 

RAC also presents conflicting results across different studies. Compressive strength of 

RAC can either increase [22–24, 26, 29, 30], have no effect [18, 35], or decrease [20, 

21], while split tensile strength of RAC might either increase [22–24, 26, 29, 30] or 

remain the same [18]. Drying shrinkage of RAC can either stay the same [26, 36] or 

increase [22, 30, 37, 38], and the slump of fresh RAC can either decrease [30] or show 

no change [18, 39]. Similarly, Young's modulus of RAC might increase [26, 30] or 

show no effect [35, 37]. 

These contradictory findings highlight the need for a comprehensive perception of the 

interaction between PC strength and the characteristics of RCA and RAC. These 

inconsistencies might arise due to variations in methodologies used in different studies, 
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which could contribute to the divergent conclusions. Understanding the implications of 

these contradictory results is crucial for the practical application of RCA and RAC in 

construction projects. 

Summarized literature studies have presented three main arguments to demonstrate the 

impact of source concrete quality on RAC characteristics. The first argument posits that 

high quality source concrete yields better quality RAC due to a denser and stronger 

bond connecting the adhered mortar and virgin aggregates. The second argument 

suggests that lower parent concrete strength leads to higher-quality RCA, as the low-

strength attached mortar can be easily separated from the aggregates, resulting in 

cleaner aggregates for high-quality RAC. The third argument contends that PC strength 

has no bearing on RAC quality, with the primary determinant being the type and 

number of crushers used to process the waste concrete, irrespective of PC strength. 

Consequently, brainstorming the mechanics governing the influence of source concrete 

quality on the characteristics of RCAs and RACs is quite important. 

This section provides a thorough analysis of the research exploring the effects of source 

concrete grade on the behavior of RCA and RAC. Numerous studies have focused on 

physical and strength characteristics of recycled aggregates and RAC including water 

absorption, specific gravity, compressive behavior, elastic modulus, splitting tensile 

behavior, flexural capacity, durability, and microstructure. However, this study presents 

the cutting-edge analysis and, hence, it is the first literature review to discuss how 

parent concrete strength affects RCA and RAC features. 

2.2. Research goal, extent, and originality 

Various researches have been conducted to date to demonstrate by what means the 

strength of PC from various sources affects the properties of RCAs and RACs [17, 18, 

23, 24, 32, 38]. But there are inconsistencies in the findings of these literary works as 

described in the introduction section of this chapter. Due to these and other similar 

inconsistencies given in the published works, investigators and construction 

collaborators may have difficulty deciding which of these ideas to adopt in their 

practical applications. 
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The objective of this literature review is to investigate the connection between PC 

strength and the characteristics of RCAs and RACs. The review seeks to address the 

inconsistencies found in previous studies and provide directions for future research. 

The scope of this study includes an analysis of the physical, mechanical, and long term 

attributes of RCAs and RAC blends. Key characteristics such as water absorption, load 

carrying capacity in compression, modulus of elasticity, tensile capacity, modulus of 

rupture, and microstructure are explored. The review aims to determine the impact of 

PC strength on these properties and identify the optimal conditions for producing high-

performance RAC without the need for additional NAs. The novelty of this review lies 

in its focus on investigating the relationship between PC strength and the qualities of 

RCAs and RACs, which has not been extensively reviewed previously. While there 

have been numerous review studies [5, 40–42]  focusing on physical and mechanical 

properties, long term behaviors, and system performance of RAC, none of them have 

specifically examined the impact of PC quality on the properties of RCAs and RACs. 

By addressing these gaps in the existing literature, this review provides valuable 

insights for researchers, construction stakeholders, and policymakers interested in 

employing RCA in concrete production. Furthermore, the review will contribute to a 

more sustainable approach in dealing with the effects of the manufacturing of concrete 

upon the ecosystem, as it highlights the potential of RAC as a more sustainable 

alternative to NAC. 

2.3. Methods 

The characteristics of RCAs and RAC and their relationship to the quality of the PC 

were the subject of the comprehensive literature review. To identify relevant research 

articles, reports, and publications, the search examined academic journals in the 

disciplines of civil engineering, construction, and materials science as well as databases 

like Google Scholar and Scopus. In accordance with the already established inclusion 

and exclusion criteria, the literature search results were reviewed. In this review, 

researches that specifically examined the features of RCAs and RAC in relation to PC 

strength were considered. Studies that did not offer thorough details on the durability, 

microstructure, or mechanical characteristics of recycled aggregates and concrete were 

disregarded. 



Literature Review 
 

23 
 

The research objectives were used to extract and organize the relevant information from 

the studies that were selected. Water absorption characteristics, load carrying capacity 

in compression, modulus of elasticity, tensile capacity, modulus of rupture, and 

microstructure features of RCAs and RAC blends were among the most significant data 

retrieved. Additionally, information was extracted on the PC's quality and how it 

affected the characteristics of the RCA and RAC. To uncover any conflicts or 

inconsistencies in earlier research findings, the extracted data was examined. Trends 

and patterns in the correlations between PC strength and the RCA and RAC parameters 

were examined. Any gaps in the current body of research were also noted. Based on the 

outcomes of the state of the art review, suggestions for more research were put forward. 

These suggestions were made in an effort to rectify the shortcomings of earlier research 

and offer suggestions for further study. The areas of research that were deemed to be 

insufficient or in need of more thorough investigation were underlined. 

2.4. Review of the state of the art 

The characteristics of RCA and the results of their integration in RAC have attracted 

the interest of numerous studies in recent years [5, 6, 9, 13, 25, 26]. It is common 

knowledge that the PC's quality, the production process, and the aggregate size 

distribution all have variable impacts on the amount and calibre of mortar adhering as 

well as water absorption [18]. A sizable number of studies on the behavior of RACs has 

been published in the literature during the past three decades [12, 15, 19, 21, 23, 28]. 

Particularly, there have been numerous studies done on the effect of PC strength on the 

behavior of RCAs and RAC blends. Different researchers [19, 21, 24, 26, 27, 29] 

arrived at different conclusions about the impact of source concrete grade on RAC 

behavior. To visualize and identify the causes of variability in findings in the literature, 

subsequent sections discuss the impact of source concrete strength to the physical, 

mechanical, and durability behavior of recycled aggregates and concrete. 

2.4.1 Impact of source concrete strength on physical characteristics of RCA 

2.4.1.1 Aggregate shape and appearance  

The characteristics of concrete both in plastic and hardened state may be substantially 

impacted by the form and appearance of the aggregates [43]. As the aggregate surface 

becomes more angular and rough, the connection between adhered mortar and 
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aggregates becomes stronger. This will consequently influence the compressive 

behavior and modulus of rupture of concrete to increase. On the other hand, utilizing 

this kind of material with angular and rough surface makes concrete less workable 

thereby calling for more water to improve workability. Regarding of RCA, the attached 

mortar strength can also influence the morphological characteristics of the aggregates 

[44]. Figure 2.2. Shows the roundness and irregularity characteristics of some granular 

materials. 

There hasn't been any investigation in the literature that indicates how the quality of the 

source concrete of the RCA affects the configuration of RCAs except the study by 

Marie and Mujalli [44]. They [44] carried out a study on the impact of the design 

characteristics of PC on the morphological behavior of RCA. In their study, they used 

three distinct varieties of coarse aggregates made from crushed laboratory cubes that 

have been produced from concrete samples of various PC strength and crushed natural 

limestone. The three PC mixtures they used were: NA concrete with 0% RCA 

replacement; RAC with 20% replacement of NA with RCA (M-RCA-NA-0); RAC with 

20% replacement of new RCA with old RCAs (aggregate are recycled for the second 

time) (M-RCA-RCA-0) and concrete made with rubber (RC), which substitutes 

fragmented rubber for 20% of the virgin fine aggregates (M-RCA-RC-0). The 

angularity number (AN) of coarse aggregates, the index of aggregate particle shape and 

texture (IAPST), and the residual mortar content (RMC) were impacted by the 

properties of the source concrete (Figure. 2.1).  

The angularity number, which was first proposed by Shergold [46], could be calculated 

using the concept of the proportion of empty spaces or voids. The percentage by cubic 

measure of voids in the single size aggregate that are greater than the proportion by 

cubic measure of voids in the precisely shaped aggregate (33%) can be used to calculate 

the angularity value, which is a measurement of the shape's property [44]. This means 

that aggregates that were perfectly round and of a single size had voids that were around 

33% by volume. It can also be inferred that less porous concrete is produced using 

aggregates with higher angularity numbers. Similarly, one can understand from this 

study [44] that RCAs have more angularity number than virgin aggregates. This may 

be as a result of the hardened cement plaster glued to the aggregates that makes the 

elongated NA more angular by filling the gaps in the recycled aggregates. 
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Another behavior that can be observed from the findings of the article [44] is that RCAs 

manufactured from stronger source concrete have a higher angularity number because 

weaker parent concretes had less attached mortar (Figure. 2.1). Because the crushing 

procedure easily removes the less dense attached mortars, the quantity of the latter in 

low strength PC RCA is generally low. 

 

Figure 2.1 The relationship between the morphological characteristics AN, IAPST, and 

RMC and the compressive load carrying behavior of source concrete [44] 

Note: The left vertical axis of the graph shows the compressive load carrying capacity of parent concrete, while the 

right vertical axis shows the values of AN, IAPST, and RMC. The polyline graph shows the compressive load 

carrying capacity of RAC. 

The IAPST is another metric for particle shape and surface texture. This value is a 

quantitative evaluation of the recycled aggregate morphology and textural properties 

that could influence aggregate performance [47]. Recycled aggregates have a higher 

IAPST than natural aggregates because recycled particles tend to shatter into little 

blocks rather than flaky particles. Generally, the morphological properties of RCA are 

superior to those of virgin aggregates, while increased PC strength improves the 

morphological characteristics of the RCAs in contrast to low-strength parent concrete. 

Conversely, though, the compressive load carrying capacity of RAC decreased with 

increased PC (Figure 2.1). Because of the higher amount of attached cement paste in 

the RCAs manufactured from better quality source concretes, the shape and texture of 
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the RCAs have higher angularity number, and the flakiness index of these aggregates 

is low in contrast to natural aggregates and weak strength PC aggregates. This enhances 

the morphological behavior of these aggregates. But since the degree of cement paste 

adhered to these RCAs is high in volume compared to low-strength PC aggregates, the 

compressive load carrying capacity of those aggregates is lower with the contrast to 

virgin aggregates and weaker PC RCAs [44]. 

 Even though a comprehensive examination of the form and external appearance 

properties of RCAs made from various types of aged PC was already conducted [44], 

conclusions were more general as it was reported, quote, “both parent concrete and 

crushing procedures affected the aggregate morphology [44].” As a result, a more 

detailed research on the consequence of strength of source concrete on the aggregates' 

morphological behavior while considering a constant crushing procedure should be 

conducted. Testing the validity of the existing techniques and developing more direct 

and simple methods of study are also areas for further research. 
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Figure 2.2 Comparing the Moiré visual assessment of aggregates' roundness and 

irregularity to Powers' [45] visual assessment of granular materials, obtained from 

Marie and Mujalli [44]. 

2.4.1.2 Water absorption  

The water absorption of RCA refers to the amount of water that the aggregate may 

retain while submerged in water. There are various techniques for calculating RCA's 

hygroscopicity. The saturated surface dry (SSD) approach is one such technique. The 

aggregate is first dried to a consistent mass. The mass is then measured again after being 

submerged in water for a predetermined amount of time. The volume of water that the 

aggregate absorbs is represented by the difference in mass.  

The hygroscopicity rate can have an impact on the behavior of both plastic and 

hardened states of concrete [48, 49]. Concrete manufactured from recycled materials 

exhibited reduced strength in compression and thawing and freezing resilience when 

compared to concrete produced from virgin aggregates [50, 51]. Nevertheless, the 

aggregate's ability to absorb water also impacts the fresh properties of concrete [52]. 

As a result, the Spanish Structural Concrete Code EHE-08 [53] limits the values for 

natural aggregates on this attribute to those that are lower than 5% while allowing 

values of not more than 7% for the RCAs applied in the production of structural 

concrete.  

Aggregates' capacity for absorbing water is dependent upon either a fixed level of 

porosity in the particles or a mean number for a mix of different materials with varying 

degrees of absorption [23]. More moisture is often absorbed by RCAs than by NAs. 

Generally, in order to get the same workability, concrete manufactured using RCA and 

virgin fine aggregates typically consumes nearly 5% additional water than natural 

aggregate concrete [48]. This is because there is more absorption with recycled 

aggregates. Some researchers contend that because weaker strength concretes have an 

elevated water to cement ratio and the RCAs are produced from low strength original 

concretes, the standard of the cement paste that had set and adhered to these RCAs can 

generally be low. Hence, the mortar obtained with them is more porous, leading to 

increased water absorption [23, 26]. According to a study [20], because there is higher 

mortar employed, RCAs constructed from harder PCs have higher water absorption. 

Contrary to [20], but, because higher strength source concrete aggregates are not as 
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porous as aggregates from weaker strength parent concrete, recycled aggregates from 

high strength source concrete with higher mortar content had shown less water 

absorption behavior. [17, 21]. 

According to Kou and Poon [30], RCA manufactured using source concrete with low 

grade has greater degree of water absorption compared to RCA made from stronger 

source concrete. Andreu & Miren [27] used RCA from diverse sources to create high 

performance concrete mixtures. The aggregates from the PCs with compressive load 

carrying capacity of 40 MPa, 60 Mpa, and 100 MPa absorbed water at rates of 5.91%, 

4.90%, and 3.74%, respectively, with a maximum variance of 58%. The rise in the 

grade of source concrete increases the submerged water absorption capacity (from 33% 

to 38% [25, 54, 55]) and through a capillary (from 75% to 85% [33]). The findings of 

some references reported, as illustrated in Figure. 2.3, provide information on how 

different PC strengths might cause distinctions between specific gravity and water 

absorption. The studies on reference number [20, 23] found an increase in water 

absorption, while studies [21, 22] discovered that when source concrete strength 

boosted there was a decline in water absorption. Similarly, studies [21, 22] found an 

increase in specific gravity, while [20, 23] discovered that when source concrete 

strength increased, its specific gravity dropped.   

 

Figure 2.3 Figure shows how the absorption of water and specific gravity of RCAs vary 

inconsistently with the strength of the source concrete.  
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Note: W.A in the legend of this table represents the water absorption value of recycled aggregates; S.G. represents 

the specific gravity of recycled aggregates and values in square brackets are the reference numbers. 

Working with RCA is quite difficult because of its heterogeneous nature. RCAs have a 

variety of origins and qualities compared to natural aggregates which often come from 

the same resource. This results in quality variations across various batches of RCAs. 

NA type and size used in the manufacturing of source concrete, service time and loading 

condition of the source concrete, aggregate crushing type and number of crushing 

operations, and grades of the source concrete all impact the characteristics of RCAs, 

including the moisture absorbance of RCAs. Researchers’ exposure to these 

inconvenient situations may be the corollary to the divergent results of the above 

studies. For instance, Pedamini et al [20] used a jaw crusher to produce their recycled 

aggregates and found a rise in the moisture absorption of RCA with the rise in the 

quality of the source concrete. On the other hand, Duan et al [21] produced their 

aggregates by crushing the source concrete by hammer and then by mini crusher, and 

they concluded that aggregates from stronger parent concrete have less water 

absorption. In this case, the crushing procedure is the cause of the divergence in the 

results reported by the authors. As a result, more detailed and systematic research on 

the source-concrete impact on RCA characteristics is expected. 

There have been no studies found in the literature that specifically study the impact of 

the quality of source concrete and hardened cement paste content of RCAs on the water 

absorption of RAC. However, it is evident that introducing adhered hardened cement 

paste to RCA will enhance the RAC's capacity to absorb water. This is because the 

availability of adhered mortar in the recycled aggregates applied in the manufacturing 

of RAC will absorb additional water in contrast to virgin aggregates. Consequently, this 

absorption of extra water by the recycled aggregates incorporated in RAC leads to a 

rise in the overall moisture absorption of the RAC. But a further experimental study to 

prove the provided argument is needed.  

2.4.1.3 Density and specific gravity 

The density of a particle of an aggregate is defined as the total weight of the particle 

substance divided by the amount of space covered by its individual particles. Because 

the porosity of the hardened cement paste phase is higher compared to the aggregate 

phase, the relative density and density of RCA are substantially lower. In fact, the great 

quantity of hardened cement paste that is attached to each piece of crushed clay brick 
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minimizes the particle density and rise the moisture intake value [56]. Rao [23] found 

that the mass over volume and relative density of RCA made from parent concrete with 

elevated grade are comparatively smaller, and the moisture intake is generally a little 

higher, however insignificant it can be, than those made from source concrete with 

lower strength. They hypothesized that this was due to RCAs found from higher-

strength source concrete adhering to a comparatively significant quantity of distant, 

permeable, lighter cement paste as opposed to lower-strength parent concrete.  

Similarly, for comparable aggregate dimensions, RCAs produced from low strength 

source concrete have higher dry state densities [18, 19]. Furthermore, De Juan and 

Gutiérrez [24] discovered that the density of recycled aggregates dropped as their 

strength and adhered hardened cement past content increased. Contrarily, it was 

determined that as the source concrete strength increased, the dry density and relative 

density of the RCAs increased [17].  

Figure 2.3 illustrates how the strengths of different PC might cause variations in 

specific gravity. The density of particles can be taken as an indirect measure to 

determine the volume of pores with respect to the total volume of a particle. A single 

natural aggregate particle has a small volume of pores compared to its total volume. 

Regarding RCAs, the mortar adhered to the aggregates influences the density and the 

porosity of the aggregate particle. The ambiguity here is whether the grade of the 

adhered mortar influences the density of RCAs (high strength PC produces high quality 

aggregates [17]) or whether the amount of attached mortar influences the properties of 

RCAs (lower strength source concrete produces high quality recycled aggregates [18, 

20, 23]). This inconsistency could result from a number of causes, such as the type of 

crusher used, the number of times the material is crushed, and the presence of impurities 

in the parent concrete. As a result, developing consistent methods for determining the 

effects of source concrete on the density and relative density of RCAs is an area for 

future research.  

2.4.1.4 Mortar content 

Natural aggregates and RCAs differ primarily in that the latter, as obtained from C&D 

wastes, have some amount of mortar attached to them. This mortar makes the 

aggregates weaker in quality compared to the corresponding natural aggregates [5, 7, 

15, 18, 19]. The quality and amount of this adhered mortar depend mainly on the source 
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concrete's strength and the technique of crushing the aggregates. In this section, the 

review of available literature on the impact of source concrete quality on the mortar 

content of RCAs is discussed.  

Some experts believe that in the crushing procedure of the low strength source concrete, 

most of the mortar that was used separates from the primary aggregate due to a 

weakened bonding between the aggregate and the cement mortar. This hardened cement 

paste is broken down into small fragments, whereby the filtering and sieving procedure 

subsequently takes off. Consequently, there is less mortar in the RCA made from this 

parent low quality concrete. Because of this, the mortar composition of the RCAs 

increases in a manner consistent with the PC's increasing strength [18, 20, 21, 23]. 

Conversely, several studies have demonstrated a reverse trend, wherein fewer mortars 

are attached due to the stronger source concrete grade [30–32]. The crushing procedure 

is to blame for this opposing trend. Because of the extensive automated crushing 

procedures, RA supplied from the crusher facility often has less associated mortar [57].  

Construction and demolition wastes pass through a number of crushing steps in 

aggregate crushing plants to remove and reduce the quantity of hardened mortar 

adhered to the RCA. Aggregates passing through a two-step crushing process contain 

less mortar adhered than aggregates collected from demolition waste manually. 

Additionally, de Juan et al. [24] discovered that there wasn't any obvious correlation 

between the strength of source concrete and the recycled concrete mortar content. The 

inconsistent findings inside the written works on the effect of source concrete on mortar 

content call for further studies to identify the underlying causes. 

2.4.1.5 The role of parent concrete strength in aggregate abrasion, crushing, and 
impact resistances 

The resistance of aggregates to abrasion, aggregate crushing strength, and impact value 

are other important parameters that heavily influence the quality of an aggregate. 

Abrasion resistance measures the degree of degradation of aggregates affected by 

impact and abrasion in an abrasion machine against the abrasive impact of steel balls. 

Likewise, the crushing value of aggregates offers a relative measurement of RCAs 

resistance to crushing by applying a compressive stress progressively. In a similar 

manner, the particles impact resistance offers a relative assessment of the resilience of 

an aggregate against sudden shock or damage. Parent concrete quality has, thus, an 

effect on the materials' abrasion value, crushing value, and impact.  According to a 
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study by Nagataki et al. [29], particle Los Angeles abrasion loss is independent of 

source concrete's strength. However, a study by Gebremariam et al. [58] discovered 

that the Los Angeles resistance of RCA was benefited by an increase in source concrete 

strength.  

Impact resistance of aggregates decreased with the increase in parent concrete strength 

[23, 44], and the crushing resistance of aggregates also decreased as the strength of the 

parent concrete increases [24]. On the other hand, as strength of source concrete 

increased, recycled aggregates' impact and breaking ability rose as well [58]. Additional 

study on aggregate abrasion resistance, crushing resistance, and impact resistance is 

needed on aggregates produced from multiple sources to further strengthen those study 

results from the literature. 

2.4.2 Impact of source concrete strength on fresh and hardened qualities of RAC 

The mechanical characteristics of concrete on plastic and hardened state RAC include 

workability, compressive strength, split tensile strength, flexural strength, and elastic 

modulus. The determination of these mechanical properties involves conducting 

various tests on the RAC samples. These tests are performed in accordance with 

standardized procedures and guidelines. It is important to note that the mechanical 

behavior of RAC can be influenced by factors such as the strength of the source 

concrete and mortar content. Therefore, it is crucial to consider these factors when 

evaluating and determining the mechanical characteristics of RAC. The subsequent 

sections will discuss these properties in detail. 

2.4.2.1 Workability (Slump values)  

Slump value of concrete refers to how quickly freshly mixed concrete may be mixed, 

placed, solidified, and finished with little loss of homogeneity [59]. Quality, aesthetics, 

and even manpower cost for refining and placing techniques are all strongly impacted 

by workability. The slump value and other factors of each concrete mix design are 

impacted by the quantity, caliber, and characteristics of the water reducing admixtures. 

Particle size and morphology, water/cement ratio and admixtures properties are some 

of the elements influencing the serviceableness and workability of concrete [30, 59].  

High amount of mortar is required to completely cover the surface of the aggregates as 

their surface area grows. As a result, mixes containing smaller particles are less 
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workable than those containing bigger aggregates under similar conditions of water-

cement ratio. Aggregates that are long, angular, and flaky are also more challenging to 

mix and placement because they exhibit comparatively larger surface area which, thus, 

reduces workability [60]. In the case of the percentage of water to cement, greater 

volume of paste covers the outermost layer of the aggregates with the correct quantity 

of water for speedier consolidation and a better finish. Strength is often indicated by 

the percentage of cement or cement-based substances in the mixture.  The malleability 

of newly mixed concrete is changed by many admixtures, either on purpose or as an 

unintended consequence. Surfactants, similar to superplasticizers, reduce the binding 

force between aggregate and cement particles, enabling flowable mixtures without the 

negative effects of too much water on strength and segregation [60]. In RAC, the 

workability is more influenced by the quality of the parent concrete, the size of recycled 

aggregates, the mortar content of the particles, and the number of pores in the RCAs.  

By the increase in source concrete's compressive load carrying capacity from where the 

various RCAs were obtained, increased, it was noted that the slump of the concrete 

mixtures reduced [30]. This is because RCAs with lower water absorption values come 

from PC with higher strengths. Contrary to the above argument, however, Akbarnezhad 

et al [18] commented on the findings of Grubl and Ruhl [39] where, the latter, argued 

that the load carrying capacity of the source concrete had almost little bearing on the 

strength of either the fresh and hardened concrete. Based on the authors’ perspective, 

the method used for crushing the parent concrete a significant effect on these 

characteristics [18]. It was determined that the initial free water content of the concrete 

mixes had a huge impact on the workability of the mix, as determined by Kou and Poon 

[30]. Two series of mixes were created by Kou and Poon [30], one for high strength 

RAC (Series II) with a 0.35 percentage of water to cement and compressive strength of 

65 MPa and the other for normal strength (Series I), which had a 0.5 percentage of 

water to cement and compressive load carrying capacity of 45 MPa. Their objective 

was to investigate how the strength of the original concrete affects the slump value of 

the RCA concrete. The initial slump of superior performing RAC mixes was decreased 

because RCA, which was created from source concrete with an increased strength, has 

a minimum moisture intake capacity. Additionally, it was discovered that raising the 

source concrete's strength decreased the slump of normal grade RAC mixes [30]. 

Recycled aggregates' workability is generally determined by their ability to absorb 
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water and the crushing process used to create them, according to studies on the qualities 

of fresh RCA concrete that were conducted. Therefore, when using these properties, the 

utmost caution should be used. 

2.4.2.2 Compressive strength 

The compressive strength of concrete is a measure used to establish the ability of the 

concrete to withstand the applied compressive loads and stresses. As a result of the 

adhering mortar porous behavior, RACs compressive strength is affected by factors like 

water absorption, density, PC grade, and porosity [26]. Studies conducted on the 

compressive cube and cylinder load carrying capacity of RAC produced from variable 

parent concrete grades are reviewed subsequently.  

According to reports from Pedro et al. [26], the compressive load carrying capacity of 

RAC decreased more in RAC with lower parent concrete strengths. They examined the 

desired compressive load carrying capacity of weak strength (20 MPa), medium 

strength (45 MPa), and high load carrying capacity (65 MP) RCA concrete by Appling 

100% RCA obtained from two distinct origins; namely, samples examined in a 

laboratory and discarded precast components with same goal strengths. It was found 

that there was a noteworthy reduction in load carrying capacity in contrast to 

corresponding values from conventional concrete [26]. Because of the use of weak 

strength recycled aggregates, the big reduction observed in the low capacity RAC 

element may be proved to be reasonable. The microstructural interactions in the RAC 

significantly impair the concrete behavior [61]. When it comes to standard NAC, there 

is only one surface of contact between the natural material and the adhered hardened 

cement paste. But with RAC, there are two distinct connections: one is within the 

attaching cement paste and virgin aggregate, and the other is among the new concrete 

paste and the aggregate. Therefore, the compressive load carrying capacity of the RAC 

is adversely affected by the rise in weak microstructural interfaces.  

Padmini et al. [20] investigated the characteristics of RCAs made from source concrete 

that had three grades and was composed of three aggregate sizes at their maximums 

(10, 20, and 40 mm). A general correlation has been established for RAC between the 

cement content, aggregate relative to cement ratio, compressive load carrying capacity, 

and water to cement proportion, and it has been contrasted to the relationship for PC. It 

was determined that for a given compressive load carrying capacity, the RAC 
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demanded a smaller w/c ratio compared to the source concrete whereby the RAC was 

formed, and the difference between the two materials' strengths grew as strength levels 

increased. The authors also came to the conclusion that, for a certain target mean 

strength, the achieved strength rose with an increase in the RCA's maximum size. With 

increasing concrete strength, the strength gap between PC and RAC widened. Their 

conclusion, therefore, was that the reduced strength of RAC was not significantly 

affected by the presence of adhering mortar. 

 

Figure 2.4 Compressive strength increases with ageing (a) in Series I mixes and (b) in 

Series II mixes. Note: [Reprinted from [30] with permission from Elsevier]. 

Kou and Poon [30] developed two series of mixes: normal strength concrete, with a w/c 

mix ratio of 0.5 and 45 MPa compressive load carrying capacity, and high strength 

RCA made with a w/c mix ratio of 0.35 and a 28day compressive load carrying capacity 

of 65 MPa, using RCAs obtained from source concretes with capacity of 30, 45, 60, 80, 

and 100 MPa. It was discovered that the compressive load carrying capacity of RAC 

mixes from PC of 80 MPa and 100 MPa was similar or even a little more elevated at 

28 days in contrast to NAC (Figure. 2.4). But, at all curing times, the compressive load 

carrying capacity of the normal and high strength RAC made with PC aggregates of 30 

and 45 MPa load carrying capacity was significantly decreased from that of the 

correlated NAC.  
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In the normal strength concrete, it was seen that 0.4 and 1.1% of the compressive load 

carrying capacity of RAC made with source concretes of grade 100 MPa and 80 MPa, 

respectively, were reduced in contrast to NAC. However, in the high strength concrete, 

the compressive load carrying capacity of concrete made with aggregates with 100 MPa 

and 80 MPa strengths was comparable to or some 3.9% larger than the concrete made 

with conventional aggregates. This could be due to the fact that RCA obtained from 

high strength parent concrete is of higher quality and the internal water curing process 

had an enhanced hydration process, because of the inclusion of RCAs [30]. Similar 

increases in results were also observed by other authors with the application of high 

strength parent concrete aggregates [22-24, 26, 28, 30]. The findings by Kou and Poon 

[43] showed that source concrete with higher strength (not less than 80 MPa) may be 

applied to manufacture high strength concrete without using any additional natural 

aggregates. 

Luisa Pani et al. [35] and Akbarnezhad et al. [18] investigated that the mechanical 

properties of source concrete do not influence the quality of RAC. They reasoned that 

the method used for crushing concrete substantially influences how much mortar is 

contained in RCA, not the parent concrete strength. Andreu G. & Miren [27] performed 

mechanical and durability tests to see how the efficiency of recycled concrete was 

impacted by the source concrete. They determined that for the highest degree of 

substitution, all mixes using RCAs from the 60 MPa compressive load carrying capacity 

and 100 MPa compressive load carrying capacity source concrete achieved 

compressive load carrying capacity values that were identical to those of the recycled 

concrete (around 100 MPa). Only 20% and 50% of the RCA from the 40 MPa parent 

concrete experienced this, though. For the 100% ratio, there was a 20% difference in 

strength inside the interval of the mixes Appling RCA with the 40 MPa parent concrete 

and that of the 100 MPa parent concrete. According to a review of works from different 

authors [62–64] by D. Pedro et al. [26], compressive strengths of RAC losses in the 

interval of 6% to 25% were found for natural aggregate replacement with different 

parent strength recycled aggregates at 100%. Similarly, the strength level achieved for 

a particular goal decreases when the strength of the source concrete, from where the 

RCA is produced, increases [20]. This decrease in strength may be resulted from the 

existence of high quantity of adhered hardened cement paste in the high load carrying 

capacity PC aggregates. 
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It is claimed that RCA concrete strength increases with increasing source concrete 

strength; but it begins to decrease once the source concrete strength reaches 45 

MPa [21]. This binominal trend in the strength may be because of the different quality 

and quantity of the RCAs used in their study. There is a third argument in the literature 

that says source concrete strength has no visible effect on the characteristics of RAC. 

According to microstructural investigations by Nagataki et al. [29], contrary to usual 

expectations, adherent mortar is not necessarily the primary factor influencing the 

quality of the RCA. Similarly, Akbarenezihad [18] also found that the compressive load 

carrying capacity of recycled aggregate concretes was not highly impacted by an 

increase in mortar content; it was argued that this was because the positive effects of 

increased load carrying capacity and mass to volume ratio of the hardened cement paste, 

and harder concretes with improved adherence to natural aggregates, partially 

outweighed the negative effects of the increase in adhered mortar.  

Incorporation of RCAs from different sources, aiming to assess the capability of 

producing concrete with a predetermined level of performance (mechanical strength) 

using laboratory produced concrete as well as precast industry rejected elements, 

demonstrated that, for the greatest levels of the required strength, there were no 

appreciable mechanical or durability variations comparing precast waste aggregates 

and those from monitored sources [26]. The invisible difference in results reported in 

the study findings [26] may indicate that the application of waste products from 

deconstruction in the manufacture of new concrete could not hinder the achievement of 

the new concrete if the samples taken were controlled and free of impurities. 

Furthermore, using medium or high strength source concrete significantly reduces the 

performance losses brought on by the integration of the RCAs [26]. These reductions 

induced by increases in parent concrete may be because the fact that a rise in the mass 

to volume ratio and the fall in porosity of RCA in high strength PC leads to the 

production of good quality RAC.  

The impact of the PC quality, from where the coarse RCA particles were found, on the 

mechanical characteristics of three strengths of RAC were examined by Ahmad Bhat 

[28]. He used two phases of weight replacements of NA with RCAs of 50% and 100%. 

The RCAs PCs were intended to withstand the cube compressive load at 28 days at 

nominal strengths of 20 MPa (normal load carrying capacity), 40 MPa (medium load 

carrying capacity), and 60 MPa (high load carrying capacity). The RACs were prepared 
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at target strengths of 20 MPa (normal strength RAC), 40 MPa (medium load carrying 

capacity RAC), and 60 MPa (high load carrying capacity RAC). The findings showed 

that none of the mentioned strengths of RAC's compressive load carrying capacity was 

significantly impacted by the grade of the original concrete. The aforementioned 

characteristics were not as good as the control concrete that included solely NA.  

However, the mechanical qualities of the resulting RAC generated with high load 

carrying capacity of source concrete were higher than those created with normal and 

medium strength PC.  

Figure 2.5(a) demonstrated that for normal strength RCAs with replacement threshold 

of 50%, the RAC's compressive strength produced from the 60 MPa (N-50, 60) parent 

concrete had 4.5% greater strength compared to ordinary concrete (OC-20). This 

showed that, in some cases, RAC can have a better quality than NAC at specified 

optimum replacement levels.  

Figure 2.5(a) also shows that RAC constructed with RCAs from high load carrying 

capacity source concrete has greater compressive capacity than RAC produced with 

RCAs from normal and medium strength parent concrete. It could also be observed 

from Figure 2.5(a) that the replacement of RCA in high strength RAC has greater 

variation in compressive strength (H-100, 20, 40 had 23% less strength than OC-60) 

than the normal (N-100, 20, had 21% less strength than OC-20) and medium strength 

(M-100, 20, had 18.5% less strength than the OC-40) RACs. Additionally, Figure 2.5 

showed that, at a 100% RCA substitution limit, the corresponding compressive load 

carrying capacity of RAC produced from RCAs obtained from high load carrying 

capacity source concrete (N, M, H-50-60) has a reduction of 12%, 11.6%, and 20% of 

the ordinary concrete-20, ordinary concrete -40, and ordinary concrete -60 strengths, 

respectively. These findings suggest that RACs of lower grades should be made with 

high strength parent concrete aggregate so that RACs with better quality than NAC are 

produced.   
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(c) 

Figure 2.5. Parent concrete strength effects on strength properties of RAC. (a) Variation 

of the recycled aggregate concrete’s compressive load carrying capacity of the (low, 

medium and high-strength concrete) with source concrete compressive strength. (b) 

Disparity of tensile load carrying capacity of RAC concrete (normal, medium, and high-

strength) with compressive strength of the source concrete. (c) Variation of RAC 

concrete’s flexural strength (normal, medium, and high-strength) with source concrete 

compressive strength. 

Notes: OC-20, 40, 60: Original concrete strengths of 20, 40, 60 MPa. RACs (N, M, H-50,100-20, 40, 

60): Concrete grades (Normal, Medium, High) with 50% or 100% RCA substitution, from source 

concrete strengths of 20, 40, 60 MPa. [Reprinted with some arrangements from [28] with permission 

from Elsevier].  

Generally, even though there are contradicting results, most of the test results from the 

published papers stated that RAC’s compressive strength  manufactured from RCA 

produced with relatively higher load carrying capacity source concrete was slightly 

higher compared to regular concrete. However, RAC constructed using RCA produced 

from similar strength of source concrete consistently had a lower compressive strength 

compared to the source concrete throughout the entire curing time. This means that 

RAC created from PC aggregate that has a substantially higher strength may yield a 

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

fl
ex

ur
al

 s
tr

en
gt

h 
(M

pa
)

Parent concrete strength and replacment ratio 

Parent concrete-20 Parent concrete-40 Parent concrete-60



Literature Review 
 

41 
 

strength that is comparable to NAC of equal strength. Similarly, higher strength source 

concrete yields RAC of greater strength. The rise in compressive load carrying capacity 

may be attributable to the cement mortar relative strength (bond) with the aggregates. 

The majority of the study findings suggest that, at high performance levels, PC 

aggregates produce comparable or better compressive strength with RAC than NAC. 

This finding is very interesting for making sustainable structural concrete with 100% 

RCAs. Despite the fact that many Research has been done to improve the RCA and 

RAC characteristics, they have been more general in nature, focusing on the 

enhancement of all RCA types without taking into account the parent concrete strength 

effects. Therefore, enhancement methods targeting the parent concrete quality to 

increase the compressive load carrying capacity of low strength source concrete 

aggregates could be the target of future research. 

2.4.2.3. Tensile load carrying capacity of RAC 

One of the methods to measure the tensile load carrying capacity of concrete is the 

splitting tensile strength (STS). In this test, a normal cylindrical sample is laid out 

horizontally, and force is applied radially along its surface until a vertical crack 

develops along the specimen's diameter. The STS of RAC is influenced by numerous 

parameters, encompassing the kind of cement used, the amount of RA used, the process 

of blending, the source concrete grade, and the age of the RAC [33]. Research has been 

done to investigate the impact of source concrete strength on the STS of RAC. A tensile 

load carrying capacity of two distinct RCA mixed concretes, Concrete mix design 1 

with an expected load carrying capacity of 30 MPa and design mix of concrete 2 with 

50 Mpa expected strength, was studied by Tabsh and Abdelfatah [65]. The STS test 

outputs for concrete from Mix 1 demonstrates that concrete manufactured with coarse 

recycled aggregates from the 50 MPa parent concrete has similar STS as equivalent 

concrete produced from conventional coarse aggregates. Nevertheless, the tensile 

strength of concrete produced with RCA which came from concrete with a goal strength 

defined by Mix 1 (30 MPa) or coarse aggregate made from crushed concrete from 

unidentified sources decreased by 25 to 30%. 

The experimental outputs from the second Mix exhibited a pattern that is comparable 

to that of Mix 1 except for a lesser decline in strength. The concrete produced with 

RCAs from the 50 MPa source concrete exhibited about similar STS as concrete 
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produced with conventional aggregate. The tensile strength of RAC was shown to be 

dependent on the load carrying capacity of the concrete accustomed to create the 

recycled aggregate and to have a greater significance when it comes to concrete with a 

lower strength. It is clear from the findings of the article [66] that the usage of high 

strength PC aggregates in the production of concrete by replacing natural aggregates is 

useful in the manufacture of better quality RAC.  

Ahmed Bhat [28] illustrated the connection among the STS and the PC compressive 

load carrying capacity. Tensile strength was found to be reduced by 2% - 25% 

throughout the RACs where RCA substitution is 100% in contrast to the source 

concrete. Looking at Figure 2.5 (b), it is evident that the three grades of STS for RCA 

concrete with 50% RCA replacement level were very slightly impacted by the quality 

of original concrete. Additionally, it ought to be pointed out that (Figure 2.5(b)) RACs 

produced from recycled aggregates of high strength parent concrete have stronger 

tensile strength properties than RACs manufactured with RCAs from normal and 

medium load carrying capacity source concrete. Figure 2.5(b) demonstrated that for 

normal strength concrete with 50% substitution level, the STS of the RAC produced 

from the 60 MPa (N-50, 60) parent concrete had 1.85% greater strength compared to 

the ordinary concrete (OC-20). The reason for the increased tensile strength achieved 

by the application of high load carrying capacity parent concrete may be the drop in 

porosity of the high strength source concrete. 

Kou and Poon [30] developed two series of RAC: high strength RAC (Series II), made 

with a w/c proportion of 0.35 and a 65 MPa 28-day compressive load carrying capacity, 

and normal strength (Series I), with a w/c proportion of 0.5 and a 45 MPa 28-day 

compressive load carrying capacity, using RCA derived from PCs with strengths of 30, 

45, 60, 80, and 100 MPa. In high performance RAC, the STS of RCA concrete produced 

from source concretes with load carrying capacity ranging from 30 to 100 MPa was 

found to be 11.1 to 26.0% higher compared to equivalent conventional aggregate 

concrete, respectively. Whereas in normal capacity RAC, it was discovered that RAC 

produced with RCA obtained from source concrete strengths varying from 30 to 100 

MPa had split tensile strengths that were, correspondingly, 2.1 to 12.2% greater than 

the comparable concrete made with conventional aggregates. The rougher and 

permeable surface of RCAs may have strengthened the interfacial transition zone (ITZ) 

among the RCAs and hardened cement paste, increasing the STS of RAC. This gives a 
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clue to use recycled aggregates rather than natural aggregates in areas highly stressed 

by tensile forces. However, further research into practical applications is required. 

Another significant element that influences how concrete behaves structurally is its 

flexural load carrying capacity. Regardless of any of the factors, the compressive and 

STS load carrying capacity of the RACs were often inferior to those of the original 

concrete [28]. Bhat [28] on his study has implemented to determine the interaction 

among the RAC modulus of rupture and the compressive load carrying capacity of the 

original concrete. (Figure 2.5 (c)) demonstrated that the source concrete grade had less 

discernible impact on the flexural strength of the three grades of the RCA concrete at 

either the 50% or 100% RCA substitution levels. Conversely, the modulus of rupture 

was found to be reduced by 7%–23% in the aggregates with a 100% RCA substitution 

level in contrast to the conventional NAC. The reduction in modulus of rupture may be 

due to the inability of RACs to withstand moment loads. Slip and bonding behavior of 

reinforced recycled aggregate concrete under tensile and flexural loading is an 

important characteristics of recycled aggregate concrete that is not investigated so far.  

2.4.2.4 Static elastic modulus 

An additional crucial mechanical characteristics that defines concrete's resilience is its 

static modulus of elasticity. Numerous factors, including the density of the aggregate, 

grade of PC, and characteristics of the ITZ, impacts the concrete modulus of elasticity. 

This is so because the porosity and density of the aggregate dictate the bulk matrix 

stiffness. The substitution of RCA for NA has an influence on the static elastic modulus. 

However, the modulus of elasticity is more significantly impacted by RCA porosity 

[67]. The elasticity of the concrete formed using RCA was inferior to the conventional 

concrete because of the weaker modulus of the previous hardened mortar that was glued 

to the RCAs.  

The largest change in loss of modulus of elasticity resulted from variable source 

concrete strength and was shown to be between 11% and 80% [25, 48, 68, 69]. Kou 

and Poon [30] determined the impact of source concrete strength on RACs static elastic 

modulus (Figure 2.6). It was discovered that the RAC with RCAs had a lower elastic 

modulus compared to ordinary concrete; this is regardless of the parent concrete's load 

carrying capacity. However, the drop in static modulus was lessened by the source 

concrete's increased strength, from which the RCA was produced. For instance, 



Literature Review 
 

44 
 

considering Series II concrete of Kou and Poon [30] , the static elastic modulus of the 

RACs cured for 90 days at 100 MPa and 30 MPa PC strengths have a drop of 6% and 

23%, correspondingly, in contrast with the corresponding natural aggregate concrete 

(Figure 2.6). Considering similar parent concrete strength, RAC produced with RCA 

having higher amounts of attached mortar had a lower 28 and 90 days elastic modulus 

compared to those produced with RCA with lower amounts of adhered mortar and 

conventional aggregates [30]. According to Kou et al. [61], RAC produced using low 

grade RCA has a considerably lower elastic modulus than regular concrete. 

 

Figure 2.6 Static elastic modulus of concrete combinations in normal strength RAC 

(Series I) and high performance RAC (series II). [Reprinted from [30] with permission 

from Elsevier].  

This output was anticipated since low grade RCAs have a reduced elastic modulus than 

conventional and industrially manufactured RCAs, because it is widely recognized that 

aggregate elastic modulus has a greater influence on the elastic modulus of concrete 

[48]. Generally, it can be seen from earlier works that the static elastic modulus is 

negatively impacted by the load carrying capacity of the source concrete if the 

aggregates are manufactured from low-strength source concrete. However, at an 

increased capacity of parent material, its effect on the elastic modulus is low. Future 

research should focus on the use of recycled aggregate concrete with varied source 
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concrete strength considering dynamic elastic modulus, as it was not taken into account 

in the all previous literature studies. 

2.4.3 Effects of parent concrete strength on long term and durability properties of 

recycled aggregate concrete 

The durability of concrete can be expressed in terms of its capacity to withstand 

abrasion, harsh environmental attack, chloride penetration, carbonation, frost resistance 

and weathering while retaining the desired engineering qualities [70]. All concrete 

projects must fulfill their intended purposes and maintain appropriate strength and 

serviceability requirements throughout their service period. Concrete should, therefore, 

possess the ability to withstand the deteriorating degree to which it will likely be 

subjected [70]. RACs are more vulnerable to abrasion, chemical attack, chloride 

penetration, carbonation, frost action and weathering attacks because of the existence 

of attached porous mortar. It is obvious that the capacity of the parent concrete has a 

visible impact on the durability characteristics of RAC. The effects of the source 

concrete's strength on the durability and long-term behavior of RAC are addressed in 

the following sub-sections. 

2.4.3.1 Drying shrinkage 

One of the notable characteristics of a RAC is shrinkage of the material upon drying. 

This is the reduction in cubic volume of the concrete caused by the concrete's reduction 

in capillary water which, in turn, promotes the growth of cracks in osmotic stress inside 

the cement mortar's structure of the mesopores [69]. The residual mortar quality, which 

is mostly defined by the life time and load carrying capacity of the source concrete, 

may affect the drying induced shrinkage of RAC. Pedro et al. [26] and Geng et al. [36] 

stated that the source concrete strength showed no noticeable effect on the drying 

induced shrinkage of the final concrete. They reasoned out that the crushing procedure 

is the key parameter that removes the porous mortar attached to the natural aggregates; 

their finding is that the amount of attached mortar has negative influence on the 

shrinkage resistance of the RAC more than the grade of the source concrete.  

Kou and Poon [30], Gonzalez-Corominas and Etxeberria [38], and Gholampour and 

Ozbakkaloglu [22] discovered that concrete products made with RCA derived from 

higher strength source concrete experienced less drying induced shrinkage than 

concrete mixtures produced with RCA derived from reduced strength source 
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concrete. It is because the less porous nature of good strength source concrete in 

contrast to low grade source concrete, that sucks less capillary water and losses less 

water during drying causing less shrinkage in the RAC was their reason for their 

conclusion [22, 30, 38]. In cases of normal to medium-load carrying capacity source 

concrete aggregates, to increase the shrinkage resistance of RAC to a level that is 

similar to that of regular concrete, it may be necessary to incorporate additional 

crushing steps into the RCA process, which reduces the amount of deformable older 

mortar and effectively controls concrete shrinkage. 

The amount of adhered mortar gives a clue on the detrimental effect on the ability of 

RAC to withstand shrinkage. The best crushing technique for removing the adhered 

mortar and minimizing drying shrinkage can be determined by comparing several 

crushing techniques. Admixtures can also be used to modify concrete's drying 

shrinkage and other properties. The development of new admixtures specifically 

designed to reduce drying shrinkage can lead to the production of more durable RCA. 

Therefore, future studies should focus on minimizing the drying induced shrinkage of 

RAC through the application of different crushing techniques and admixtures. 

2.4.3.2 Freezing and thawing 

Frequent exposure to moisture, high relative humidity, and low ambient temperature 

can lead to concrete elements degrading due to cyclic frost and thaw. The corrosion of 

the rebar begins as a result of this damage, which makes it possible for hostile external 

agents (such as sulphates and chlorides) to penetrate [35, 61, 71, 72]. In the case of 

RCAs, the connected mortar's porous character worsens the freezing thawing effect. PC 

strength variations may also introduce variability in the capacity of the recycled 

concrete to resist the freeze and thaw effects. 

Liu et al. [17] clarified how the source concrete and the technique of mixing affected 

the resilience of concrete with air-entrained RCA to thawing and freezing conditions. 

The qualities of the RAC were heavily dependent on the source concrete. The frost 

resistance of the air entrained concrete and regular RAC were comparable because the 

RCAs used in the sample was derived from frost resistant PC. The air entrained RAC 

sample showed high freeze and thaw resistivity in addition to almost similar freeze and 

thaw durability as natural air contained concrete. However, the second air entrained 

RAC sample, on the other hand, was manufactured with RCA derived from non-air 
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contained concrete and low strength concrete, and it had a low resistance to frost. The 

development of strategies to improve the freeze and thaw resistance of RAC needs 

further study. This will enable RAC to be used more widely in a variety of climates and 

applications. 

2.4.3.3 Creep 

Numerous studies [33, 73, 74] have demonstrated that, because of the existence of weak 

adhered mortar, employing RCA in concrete causes greater shrinkage and creep than 

NAC. Additionally, it has been found that the volume, composition, and qualities of the 

previous adhering mortar have a substantial impact on the RAC creep [32]. Lower 

strength RAC mixes have poorer mechanical characteristics and exhibit greater 

shrinkage strain and creep deformation than higher strength RAC mixes. This is 

resulted from the low strength source concrete aggregates, less dense and more 

permeable behavior compared to stronger parent concrete aggregates, allowing them to 

drain and lose water during temperature variations.  

Because the characteristics of the low strength source concrete RAC are more 

vulnerable to variation due to environmental factors, the RAC produced from them 

wears and degrades over time. Additionally, it has been demonstrated that high strength 

RACs, which are made by completely substituting conventional aggregates with RCAs 

of higher source concrete strength, have either a long term and time varying mechanical 

qualities that are comparable to or superior to those of associated NAC [34]. The 

increased durability due to increased parent concrete strength could be due to the 

presence of less capillary pores with less moisture intake, making the RAC resistant to 

weathering degradations.  

Future research could concentrate on the Establishment of models that estimate the 

creep behavior of RAC based on the load carrying capacity of the source concrete. This 

can help in understanding the relationship between the long term deformation 

characteristics of RAC and the load carrying capacity of the PC without experimental 

studies. 

2.4.3.4 Resistance to chloride ion infiltration and carbonation 

Carbonation resistance and resistance to chloride ion penetrations of RAC were 

influenced by the quality of the source concrete in a similar manner with other 

properties of RAC. As described by Rao et al. [75], the outcomes of two RAC 
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mixes' defense against penetration of chloride ions  (w/c proportions of 0.5 and 0.35) 

made with RCAs and gained various strengths ranging from 30 to 100 MPa of PC were 

reported by Kou and Poon [30] and are shown in Figure 2.7. The results showed that 

adding RCA, which is made from a mix of various strengths of PC, increases chloride 

penetrability in comparison to the NAC mixture. However, compared to concrete 

manufactured with RCA that was collected from PC with inferior strength, the chloride 

penetrability of mixtures produced with RCA from source concrete with greater 

strength was lower due to the denser attached mortar in the high strength parent 

concrete. Carbonation resistance levels ranged widely, from a 3% increase [56] to a 

67% decrease [52], and resistance to chloride penetration decreased by 10% to 32% 

[25, 33, 34] due to PC strength variations. This variation could be caused by the 

uncontrolled parallel effects of other variables such as the crushing procedure and size 

of aggregates. The draw backs of using different parent concrete strength recycled 

aggregates in RAC’s opposition to carbonation and chloride ion infiltration could be 

the subject of future studies.  

 

Figure 2.7 Penetrability potential of concrete by chloride ions (w/c proportions of 0.5) 

and (w/c proportions of 0.35) [Reprinted from [30], with permission from Elsevier].  

2.4.4. Impact of strength of source concrete on the microstructure of RAC  

There are a total of three phases in the microstructure of concrete: the aggregate phase, 

the bulk hardened mortar phase, and the ITZ [76]. Because of RACs have increased 

number of interface zones than conventional concrete, studying the interface of attached 
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mortar and aggregate is especially important in this type of concrete. Contrary to 

conventional concrete, which has single ITZ; located between the aggregate and cement 

paste, there is additional interface zone in RCAs: ITZ between the adherent 

hardened cement paste and the new cement paste matrix (the new ITZ) and between the 

natural aggregate and the old connected mortar (the old ITZ) [75].  

Poon et al. [77] produced concrete specimens using a recycled high strength concrete 

aggregates, a recycled normal strength concrete aggregates (compressive strength 

between 20 and 40MPa), and a conventional aggregate as a control and, subsequently 

investigated the effect of those particles on the micro scale organization of the resulting 

concrete. Generally, the scanning electron microscope (SEM) findings revealed that the 

normal strength RCA and cement matrix had a weak and permeable interfacial layer, 

whereas the high strength RCAs and cement matrix had a stronger interfaces (Figure 

2.8(3)). The increased porosity and absorption capacity of RCAs are the causes for the 

inferior ITZ in RAC with regular strength concrete aggregate, and under higher 

magnification, the ITZ extreme porosity could be detected [77] (Figure 2.8(2(b))). 

Additionally, from Figure 2.8((1(a)) and Figure 2.8 (1(b)), the dimension of the ITZ 

ranged over the aggregate surface, as can be seen obviously, and the interface between 

the granite aggregate and mortar was rather loose. It was found that the ITZ between 

the mortar matrix and the aggregates made from regular load carrying capacity concrete 

was approximately 45 µm wide and mostly comprised loose particles [77]. Under 

higher magnification, the ITZ extreme porosity could also be detected (Figure 2.8(2(a)) 

and Figure2.8 (2(b)) [77]. 

Leite and Monteiro [78] examined the RAC morphology utilizing sophisticated light 

source synchrotron microtomography (μCT) and SEM analysis. In their research, the 

authors used compressive strengths of the parent concrete of 40 MPa and 80 MPa with 

the initial water content conditions of saturated surface dry (SSD) and oven dry states 

of the RCAs. Based on the microstructural findings, they suggested that it would be 

possible to produce recycled concrete by using RCA from high load carrying capacity 

source concrete (greater than 80 MPa) that was employed in the SSD condition and 

whose mechanical, physical, and microstructural qualities could be comparable to those 

of the standard concrete used as a reference. Because there is less porosity in the RAC 

at higher levels of source concrete strength, the standard of the RAC improves. There 
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are few microstructural studies in the literature considering parent concrete effects; 

accordingly further studies on the microstructural attribute of RAC incorporating 

various strengths of parent concrete is needed to strengthen the current findings.  

Another crucial area of study was the analysis of the bond attribute of reinforced RCAs 

and geopolymer RCAs that contained aggregates from various PC strengths. The effects 

of source concrete calibre on RCA characteristics such as durability and steel concrete 

bondage were examined by Joseph et al. [79]. The test findings demonstrated that the 

PC grade has a visible impact on the ultimate bonding strength and stress transmission 

to inserted rebars. Similarly the workability of geopolymer concrete can be significantly 

enhanced by the application of good quality RCAs, according to a study by Blessen et 

al. [80]. A further review and investigation on the impact of source concrete grade on 

bond to steel reinforcement, on geopolymer and engineered cementitious composts 

should be the areas of future studies. 
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Figure 2.8 Microstructure of RAC. (1) RCA concrete made of crushed raw granite, (2) 

RCA concrete made with recycled ordinary-strength parent concrete aggregates. (3) 

RCA concrete made with recycled high-strength parent concrete). [Reprinted from [77] 

with permission from Elsevier]. 

2.5. Conclusions and Future Remarks 

A number of researches on the impact of source concrete strength on RCAs and 

concrete have been carried out so far, producing informative findings that can add value 

to the recycling world. However, there are inconsistencies in the findings from these 

studies in terms of the influence of source concrete quality on RCA characteristics. The 

objective of the study reported in this paper has been to review the investigations carried 
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out to date on the potential effects of source concrete properties on RAC qualities in 

order to identify the possible causes of variability and inconsistency in those findings.  

Based on the reviewed findings, it is not fully and conclusively clear yet in what manner 

PC load carrying capacity affects the behavior of RCAs and RAC. But, the porosity of 

the source concrete, and the crushing methodology of the source concrete aggregate 

were the two primary causes of variabilities in the results of the literary works on RAC. 

In view of these developments, it is found that more in depth experimental work and 

research are required, including developing norms and standards for parent concrete 

strength effects while taking into account the constraints and competing claims in the 

studies, in order to arrive at a dependable conclusion regarding the core issue of the 

subject matter. 

The key specific findings and recommendations from this review are as follows: 

 Several factors contribute to the heterogeneity in RAC properties of literature 

outcomes. Firstly, the qualities of RAC are significantly impacted by the PC's 

porosity. Porosity is affected by shape and texture, with angular and rough surfaces 

encouraging a stronger connection with cement pastes. Second, different 

researchers used different NA types in PC, which results in diverse qualities of 

RCAs. The method of crushing also has an impact on how much mortar is adhered 

to RCAs. Different crushing methods result in variable quantity of mortar. On top 

of that, the porosity of attached mortar might vary based on the compaction of the 

RAC and the type of cement, among other factors. For comprehensive studies in 

this subject, researchers must take these elements into account. 

 After reviewing the research carried out on the effects of source concrete strength 

on RAC characteristics, it has been found that, contrary to the popular belief that 

"RACs in general have lower quality than natural aggregate concrete", RACs 

produced using high strength source concrete (not less than 80 MPa) can have 

equivalent or better strength properties than NAC. Therefore, aggregates produced 

from PC with higher strength could be applied to produce good physical and 

mechanical property concrete without using any additional NAs. But, with the 

addition of the high strength source concrete aggregates, it was seen that the long 

term behavior of the RAC began to deteriorate after 50% replacement level. 
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Therefore, consideration of approaches for durability enhancement should be the 

subject of further research. 

 The findings of the tensile load carrying capacity of RAC studies in the literature 

showed that, at higher strengths of the PC, RAC has better tensile capacity than 

NAC. This could be because of the rough and porous nature of the RCA, which 

creates an interlocking bond in the weak ITZ that makes the tensile strength of the 

RAC better. Similarly, a rise in the strength of the source concrete produces RAC 

with better tensile strength than low quality PC because the attached mortar in the 

high strength RAC is dense and resistant to tension. 

 Employing high strength PC as the source material for RAC can demonstrably 

enhance its structural integrity, with potential strength gains exceeding 20% relative 

to RACs produced from weaker parent concrete. 

 It has been seen from the literature that the rise in the aggregates' source concrete 

strength clearly enhanced the durability properties of RAC. Upcoming studies 

should concentrate on the efficacy of various RCA property improvement 

techniques and their impact on the durability performance of RCA and RAC made 

from low strength PC. Similarly, enhancement methods for the microstructure of 

RCAs and RACs at new and old ITZs of the low strength PCs should be considered 

because the characteristics of RCA and the micro scale organization of concrete are 

what generally determine the durability capacity of RAC. 

 Many models have been established to forecast the performance of RAC in order to 

guarantee both economy as well as safety of the developments with usability in 

mind. The models mainly targeted on modulus of elasticity, compressive load 

carrying capacity, split tensile strength, or stress strain behavior of concrete without 

considering the impact of the source concrete's strength on those properties. 

Therefore, new performance based models for recycled aggregate concrete 

considering the variability in properties induced by the PC strength should be 

developed for a better prediction of the performance of RAC. 

 According to recent literature, the porous nature of RCA and the dimensions of ITZ 

have the most significant effects on the microstructure of RAC. The quality of the 

source concrete also has an influence on the porosity and ITZ dimensions. 
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Considering the strength of the source concrete, however, the microstructure of 

RAC is not sufficiently researched.  

 A further study on the influences of source concrete strength on the flexural, shear, 

and torsional behavior of reinforced RAC structures should be carried out. Because 

the previous studies were conducted on a plain concrete cube cast in the laboratory, 

the bond and interaction between the various strength parent concrete aggregates 

and the reinforcement bars were not investigated. The studies could involve both 

experimental testing, analysis techniques and simulations to evaluate these 

properties of reinforced RAC structures. 
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 3.1. Introduction 

As highlighted in the literature review in chapter two, the conflicting findings regarding 

the characteristics of RCAs create ambiguity in the current understanding. To address this, 

it is essential to conduct controlled experimental studies aimed at examining how the 

strength of the original concrete influences the quality of RCAs. Accordingly, the 

following sections of this chapter will identify the existing research gaps, present the 

experimental methodology, analyze and compare the findings with those reported in the 

literature, and ultimately provide conclusions along with a clear roadmap for future work 

on this topic. 

3.2. Research aim, scope and novelty 

As we tried to mention in the previous sections, the contradictions in the outputs of the 

literary works on the effect of PC strength on the properties of the RCAs were downsides 

to the application of RAC in new construction projects. According to some research, "high 

strength parent concrete RCA application helps to produce better quality RAC because 

RCA produced from high strength PC is less porous and has a greater density than low 

strength PC, leading to lower water absorption and high fragmentation resistance of the 

resulted RAC [1]. The results of other studies, however, revealed that, quote, "RCAs 

produced from low strength parent concrete give better quality RCA and RAC because the 

mortar attached to the aggregates in low strength parent concrete easily detaches during the 

aggregate crushing process, producing clean aggregates." [1]. Because of the absence of a 

clear consensus on the parent concrete strength effects on the properties of the material, 

researchers, construction stockholders, and consumers may find it difficult to decide which 

literature work to refer to in the application of RCA in construction. The contradictions in 

results in the literature may result from the uncontrolled and non-uniform behavior of 

construction and demolition remnant’s used in the manufacturing of the RAC, the 

differences in production processes, and not considering the effects of other variables other 

than the PC strength. Therefore, it is mandatory to investigate the matter, taking into 

account the above mentioned factors. Additionally, most nations in the world have not 

developed legal regulations and standards for recycled aggregates, except for a few 

developed nations. The few developed legal regulations, standards, specifications, and 
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guidelines on RCAs and RAC also did not clearly describe the effect of PC strength on the 

RCA properties. This is because of the inconsistency in the results of the research findings, 

which hindered the development of regulations and guidelines for the use of RCA in 

construction. First, if there is no clear consensus on the relationship between PC strength 

and RCA quality, then it is difficult to know what properties RCA should have in order to 

meet a given standard. Second, the inconsistency in research findings can make it difficult 

to determine which factors are most important in determining the quality of RCA. If 

different studies find that different factors are important, then it is difficult to know which 

factors should be considered when establishing standards. For example, some studies find 

that the method used to produce RCA is more important than the PC strength [2], while 

other studies find that the PC strength is an important factor in determining the properties 

of RCAs [3, 4, 5, 6, 7, 8]. In order to establish standards in countries with no standards, 

like Ethiopia, for RCA quality, it is crucial to have a clear understanding of the relationship 

between PC strength and RCA quality, as well as the factors that most influence the quality 

of RCAs. Therefore, it is necessary to continue research in this area in order to improve the 

understanding of RCA quality and develop more reliable standards, especially in areas 

where there is no study. In addition to conducting research, it is also important to 

communicate the results of research to consumers and develop educational materials that 

will help them understand the quality of recycled aggregate. This will help build confidence 

in RCA and promote its use. 

In order to avoid ambiguity in the results of the conflicting theories on the matter, it is vital 

to perform controlled experimental tests to investigate the impact of PC strength on the 

quality of RCAs in the Ethiopian context. Therefore, this research conducted new physical 

and mechanical property tests on RCAs derived from various strengths of PC laboratory 

cubes and concrete remnants found from demolished buildings in Ethiopia. The crushing 

procedure, aggregate size and type, and cement type were considered the same for all PCs. 

The novelty of the research lies in the identification of the inconsistencies in results in 

studies and the methodology followed in performing the assessment and examination of 

the study tests. The scope of the study is limited to the PC strength effects only. This paper 

is therefore an important contribution to the literature on aggregate recycling and will be 

of interest to researchers, engineers, and policymakers who are working in this field. 
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3.3. Material and methods 

All of the raw and recycled materials used in this experimental study are described in this 

section. It also identified and explained the constituent material properties of the PC and 

all the concrete mix compositions for the PC. The tests that were run to evaluate how the 

PC affects the properties of the recycled aggregates are also reported. 

3.3.1. Production of parent concrete and recycled concrete aggregates 

One of the causes of variability in the behavior of RCA is the source concrete that the 

aggregates are extracted. In order to study the effects of the strength of the PC on RCA 

properties, it was mandatory to prepare PCs with controlled properties in the laboratory. 

Therefore, PC with cube characteristic compressive strengths of 25 MPa, 37 MPa, 45 MPa, 

and 67 MPa was prepared considering the constituent material properties studied as 

follows. 

3.3.1.1 Parent concrete material properties 

The material properties of each material of the PC were studied before the mix design was 

prepared. Because it directly affects concrete's workability, porosity, permeability, 

strength, level of compaction, and durability, investigating the properties of each 

constituent materials is crucial. A continuous particle size distribution shows that the 

aggregate is evenly graded in all sizes, allowing for more opportunities for particle contact 

and enhancing both mechanical strength and compactness [9, 10]. 

The mix design was prepared according to American Concrete Institute, Committee 211. 

1977 (ACI 211.1-91) [17]. In connection with Sieve analysis, unit weight, specific gravity 

(bulk, apparent, and SSD), water absorption, moisture content, silt content, and fineness 

modulus, which are very important parameters in aggregate property testing, were all 

performed in the laboratory for fine and coarse aggregates (Table 3.1 and Figure 3.1). 

For the PCs made in the laboratory, a source concrete mix was made utilizing a maximum 

coarse aggregate (basalt) size of 37 mm, fine aggregates (river sand) with a fineness 

modulus of 2.85, Dangote OPC 42.5 R with a specific gravity of 3.1 cement, and natural 

tap water. 
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Table 3.1 Physical characteristics of natural aggregates for PC production 
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Physical 

properties 

 

value 

 

limit 

Rodded Dry 

density 

1543 

kg/m3 
ASTM C 29 

[11] 
 

Dry Specific 

gravity 
2.6 

 

ASTM C 128 

[12] 

Dry Specific 

gravity 
2.56  

 

 

ASTM C 127 

[13] 

 

 
 

Specific 

gravity @ SSD 
2.65 

Specific 

gravity @ 

SSD 

2.62 
Apparent 

specific gravity 
2.73 

Apparent 

specific 

gravity 

2.72 
Water 

absorption 
1.83% 

Water 

absorption 
2.25%  

Fineness 

modulus 
2.85 

ASTM C136 

[14] 

Moisture 

content 
2% 

ASTM C 566 

[15] 
 

Moisture 

content 
1.46% 

ASTM C70 

[16] 

 

In particular, four sets of PC with cylinder or cube compressive strengths of 20/25 MPa, 

30/37 MPa, 35/45 MPa, and 55/67 MPa were prepared. The designed mix proportion for 

these concretes is shown in Table 3.2, and the source concrete compressive strength is 

shown in Table 3.3. 

In this investigation, PCs made in the laboratory and from actual demolition projects were 

employed to show the variability in the properties of RCAs induced by variations in loading 

and lifetime in practical applications. Samples were taken from 25 MPa parent concrete 

strength of a G+3 residential building demolished for replacement purposes after 5 years 

of service time and from the 30 MPa parent concrete strength obtained from a 23 year old 

pedestrian bridge demolished for the purpose of new roundabout construction (Table 3.4). 

The G+3 building was initially constructed for residential purposes, but after 5 years of 

service, the owners of the building changed their minds and decided that a G+15 

commercial building must be constructed in place of the residential building; therefore, 

they demolished the residential building, and samples were taken from the demolished 
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building's concrete waste for testing. These two demolished structures served as examples 

of typical structures made of normal strength concrete that were destroyed after serving 

their purpose. 

Table 3.2 Material proportion for parent concrete production 

Strength 

concrete grade 

Volume of 

concrete 

(m3) 

Water  

(kg) 

Cement  

(kg) 

Admixture 

(kg) 

Coarse 

aggregate (kg) 

Fine aggregate 

(kg) 

C20/25 1 174.76 291.23 0.00 1117.59 869.50 

C30/37 1 174.44 377.27 0.00 1117.59 782.20 

C35/45 1 174.34 404.88 0.00 1117.59 754.19 

C55/67 1 154.79 596.43 5.57 1163.42 510.93 

3.3.1.2 Production of recycled aggregates and their properties  

To produce a correct quality and size fraction complying with ASTM C136 [14] and ASTM 

C33 [18], with a particle size range of 4.75 mm to 25 mm, the six groups of PCs underwent 

a crushing procedure using a Sam Young aggregate crushing plant found at Addis Ababa 

City Roads Authority. Experiments were conducted on the RCA produced by crushing the 

lab cast concrete and samples from demolished structures. Concrete cube specimens 

(standard 15 cm cubes) that were 28 days old were broken in a jaw crusher to create RCA 

in a lab setting. Various RCA samples were created by varying the strength of the PC in 

order to examine the impact of the PC strength on the properties of RCA (Tables 3.4 and 

3.5). Samples were given the designations based on Table 3.4. Each category's RCA 

samples were broken down into three size fractions: 4.75-12.5 mm, 12.5-19 mm, and 19-

25 mm. Samples were gathered from each size fraction in accordance with the ASTM C702 

[19] sampling methodology. 
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Table 3.3 Slump and compression strength test results of parent concrete 

Strength of 

concrete    ( MPa) 

Dimension of 

cube  (mm) 

 

Slump 

(mm) 

Ultimate 

applied 

load(KN) 

Ultimate 

strength (MPa) 

Average strength 

(MPa) 

C20/25 150 ˣ 150 ˣ 150 

45 616.5 27.40 

25.54 45 533.8 23.73 

45 573.4 25.48 

C30/37 150 ˣ 150 ˣ 150 

50 921.0 38.10 

38.41 50 814.7 40.93 

50 857.5 36.21 

C35/45 150 ˣ 150 ˣ 150 

40 1081.4 48.06 

45.59 40 987.6 43.90 

40 1008 44.80 

C55/67 150 ˣ 150 ˣ 150 

65 1635.2 72.66 

67.50 65 1439.6 63.98 

65 1481.6 65.85 

After the preparation of the needed aggregate samples was completed, the physical and 

mechanical properties of the RCAs were studied following the laboratory procedures stated 

in the ASTM standard. 

a. Recycled aggregate water absorption and specific gravity 

In computations of aggregate productivity, the percentage of voids and the solid volume of 

the aggregates are determined using the specific gravity of the material. The net water to 

cement ratio in the concrete mix is determined in large part by absorption. In this study, 

the specific gravity and water absorption of RCAs are determined based on the 

recommendations of ASTM C 127 [13]. The test sample was thoroughly washed to remove 
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dust or other coatings from the surface. Then samples were dried in a suitable pan, and 

after 24 hrs of soaking in water, the bulk specific gravity and absorption were determined. 

b. Determination of Aggregates resistance to abrasion 

This test provides a measurement of the aggregate's resistance to abrasive surface wear. 

The Los Angeles abrasion test is the most commonly utilized abrasion test. When an 

aggregate sample is put in a steel drum with several 4.8 mm steel balls, the drum is set to 

rotate a predetermined number of times at a predetermined speed. The percentage of fines 

that pass through an ASTM 1.7 mm sieve to determine an aggregate's abrasion resistance 

is known as the Los Angeles abrasion value. While hard aggregates lose little mass, soft 

aggregates are easily pulverized into dust. The test sample used in this study is made up of 

aggregate that has been kept on a 9.5 mm flake sorting sieve after passing a 25 mm test 

sieve. Samples are cleaned, dried in an oven at 107 °C for 24 hrs and their mass is measured 

before being placed in the abrasion machine with 12 standard balls. 500 spins of the drum 

are made at a speed of 28 to 30 rpm. The samples are sieved on a 1.7 mm ASTM sieve 

after being removed from the drum, and the samples that were retained are then cleaned 

and dried [20, 21]. Each samples’ total abrasion value is determined as follows: 

(
஺ି஻

஺
) × 100          (3.1) 

Where A is mass of sample before abrasion = 5,000g 

B is mass of sample after abrasion. 

c. Determination of aggregate crushing value 

The aggregate crushing value provides a comparative assessment of an aggregate's 

resistance to crushing under a compressive load that is gradually applied. The typical 

aggregate crushing test must be performed on aggregate that has been kept on a 9.5 mm 

ASTM test sieve after passing a 12.5 mm ASTM test sieve. Before testing, aggregates are 

cooled to ambient temperature after being heated for four hours at a temperature that does 

not exceed 110°C. The amount of aggregate needed for a single test is such that the material 

in the cylinder must be at a depth of 10 mm after tamping. The convenient way to determine 

the correct amount is to fill the cylindrical measure with material, tamp it 25 times with the 
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rounded end of the tamping rod from a height of about 50 mm above the surface of the 

aggregate, and then level it off with the tamping rod acting as a straight edge. It is found 

that the test sample's material mass is 2,000g (mass A). Using compression testing 

equipment, the device is positioned with the test sample, plunged into position, loaded with 

a constant load of 667 kN/min for 10 minutes, and halted when the force reaches 400 kN. 

By holding the cylinder over a flat tray and hammering on the sides, the burden is then 

released, and the crushed materials are removed. The sample is finally sieved through a 

2.36 mm sieve, and the portion that passes through is weighed [20]. 

The ratio of the mass of fines formed to the total mass of the sample in each test expressed 

as a percentage,           

 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑓𝑖𝑛𝑒𝑠 = (
஻

஺
) × 100                              (3.2) 

Where: 

A= the mass of surface dry sample (g) 

B = the mass of the fraction passing the 2.36 mm test sieve (g) 

d. Determination of Aggregate Impact Value 

The aggregate impact value provides a comparative assessment of an aggregate's resistance 

to abrupt shock or impact, which can vary depending on the aggregate and on its resistance 

to a slowly applied compressive stress. The typical aggregate impact test must be 

performed on aggregate that has been kept on a 9.5 mm ASTM test sieve after clearing a 

12.5 mm ASTM test sieve. The aggregate is examined in a surface dry state. A scoop is 

used to scoop the aggregate into the measuring cup until it is one third full. Then, by letting 

the tamping rod descend freely from a height of about 50mm above the surface of the 

aggregate, the aggregate is stamped 25 times. Additionally, the strikes were dispersed 

equally across the surface. The measured net mass of aggregate is 300g, and the same mass 

was applied to the second and third tests. The impact machine is loaded with the entire test 

sample, and the hammer is set up with a 380 mm lower face. It is permitted to freely tumble 

15 times onto the aggregate on the cup's upper surface. The crushed aggregate is then 

transferred into a clean tray by holding the cup and hammering on the outside, and the 
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entire sample is then sieved through a 2.36mm ASTM test sieve until no more appreciable 

amount is present. Finally, the fraction passed and retained is weighed [20]. The ratio of 

the mass of fines formed to the total sample mass in each test is expressed as a percentage, 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑓𝑖𝑛𝑒𝑠 =  ቀ
஻

஺
ቁ ×  100                  (3.3) 

Where: 

A = the mass of surface dry sample (g) 

B = the mass of the fraction passing the2.36 mm (g) 

e. Estimation of attached mortar on recycled coarse aggregate by hybrid acid and 

mechanical method 

Recycled aggregates are composed of aggregates that have been attached or separated and 

coated with primary mortar. The difference in behavior between RACs and NACs is caused 

by the presence of this main mortar. The extent of these modifications depends on how 

much original mortar is present on the recycled pieces. The literature discusses various 

methods for separating basic aggregate and mortars [5]. These techniques take advantage 

of the different characteristics between the aggregates and the cement paste, which are 

based on mechanical (wear, fragmentation, etc.), chemical (acid attack), or physical (heat 

treatment) principles. 

The measurement of connected mortar content in this study was done using a modified 

hybrid hydrochloric acid dissolving and mechanical method, as there is no accepted method 

for determining the old cement mortar contents of RCAs [22]. For the acid test, RCAs with 

a size range of 25 to 19 mm, 19 to 12.5 mm, and 12.5 to 4.75 mm were utilized to determine 

how much mortar had adhered to each size range. The 35% pure hydrochloric acid that was 

made accessible in the Addis Ababa market was utilized for the acid treatment. A total of 

54 samples, three weighing approximately 100 g each, were tested for each type and size 

of RCA in order to get the average value. In this process, the prepared RCA is washed in 

distilled water and dried in an oven for 24 hours at 105°C (m1). The oven dried RCA was 

then submerged in a 2 molar solution of 35% hydrochloric acid distilled in 500 ml of water 

for 24 hrs, then washed to remove the loose and smaller particles, and then dried in the 
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oven for a further 24 hours. The samples were gently rammed to remove the acid left 

adhered to the mortar after oven drying. The samples were then run through a 4.75 mm 

sieve to determine the aggregate's mass (m2). The following equation was used to 

determine the mortar content (Mc) in percent. 

𝑀𝑐 = (
௠ଵି௠ଶ

௠ଵ
) × 100                      (3.4) 

3.4. Result and discussion 

3.4.1. Properties of RCAs from concrete of various parent strengths 

3.4.1.1. Particle size distribution 

Table 3.4 General information about the source concrete to be recycled 

Designatio

n 
Sample taken from. 

Date of 

constructio

n 

Date of 

demolitio

n 

 

Life time 

Reason for 

demolition 

C20/25 
Samples taken from concrete 

cubes casted in laboratory 
9/3/2022 7/4/2022 28 days 

28 day cube 

compression  

test 

C20/25, 5 

years old 

Sample taken from a G + 3 

Residential building around 

Jemo, Addis Ababa 

2017 May-21 
5 years 

Replacement 

C30/37 
Samples taken from concrete 

cubes casted in laboratory 
9/3/2022 7/4/2022 

 

28 days 

28 day cube 

compression  

test 

C30/37,23 

years old 

Sample taken from 

pedestrian bridge around 

Bob Marley Square, Addis 

Ababa 

1999 Feb-22 23 years 

New round 

about 

construction 

C35/45 
Samples taken from concrete 

cubes casted in laboratory 
9/3/2022 7/4/2022 28 days 

28 day cube 

compression  

test 

C55/67 
Samples taken from concrete 

cubes casted in laboratory 
9/3/2022 7/4/2022 28 days 

28 day cube 

compression  

test 
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Table 3.5 Gradation of recycled concrete aggregates. 

Concrete type and strength 
Designatio

n 

Mass in % 

retained on 

19.5 to 25 

mm sieve 

Mass in % 

retained on 

12.5 to 19.5 

mm sieve 

Mass in % 

retained on 

4.75 to 12.5 

mm sieve 

% finer 

than 

4.75 

mm 

Concrete with characteristic 

cylinder and cube strength 

of 20 and 25 MPa 

respectively.  

C20/25 41.91 32.64 13.66 11.79 

Concrete with characteristic 

cylinder and cube strength 

of 20 and 25 MPa 

respectively with 5 years 

old life time. 

C20/25, 5 

years old 
41.13 33.53 18.52 6.82 

Concrete with characteristic 

cylinder and cube strength 

of 30 and 37 MPa 

respectively. 

C30/37 45.22 31.47 14.87 8.44 

Concrete with characteristic 

cylinder and cube strength 

of 30 and 37 MPa 

respectively with 23 years 

old life time. 

C 30/37, 23 

years old 
45.89 28.67 13.94 11.50 

Concrete with characteristic 

cylinder and cube strength 

of 35 and 45 MPa 

respectively. 

C35/45 46.46 25.78 12.31 15.45 

Concrete with characteristic 

cylinder and cube strength 

of 55 and 67 MPa 

respectively. 

C50/67 35.55 35.23 18.11 11.10 
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Figure 3.1 Particle size distribution of aggregates (a) fine aggregates, (b) virgin coarse 

aggregates and recycled concrete coarse aggregates 

Note; all concrete grades are 28 days strength except specified 

Particle size distribution indicates the percentage of particles of a given size at certain 

intervals. Particle size distribution affects the strength and load bearing behavior of RCAs. 

A continuous particle size distribution shows that the aggregates are evenly graded in all 

sizes, allowing for more opportunities for particle contact and enhancing both mechanical 

strength and compactness [21]. The grading and particle distribution of the virgin 

aggregates and the crushed products of this study were compared with ASTM grading 

regulations for aggregates. As can be seen in Table 3.5 and Figure 3.1, it is clear that all 

the aggregates (fine aggregates, coarse aggregates, and recycled coarse aggregates) have 

met ASTM C 33 grading requirements [18]. 

3.4.1.2. Water absorption and specific gravity 
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Recycled aggregates have a significantly lower specific gravity and density than new 

aggregates because the porosity of the mortar phase is higher than that of the aggregate 

phase. As a result, RCAs are more water absorbent than NAs [22]. The EHE-08 [23] limits 

the values for RCA water absorption to less than 7% for structural concrete applications. 

Table 3.6's analysis of water absorption and specific gravity as a function of PC strength 

revealed that as PC strength increased, specific gravity rose while water absorption fell. 

According to the findings of this study, the water absorption rate of the RCA dropped as 

the PC's strength increased, which is in agreement with the results of [24-27]. These results 

contradicted the findings of [5, 6, 7, 8], where the water absorption capacity of RCAs 

increased with an increase in PC strength. The increase in specific gravity with an increase 

in PC strength found by this study supports the findings of Liu et al. [24] but disagrees with 

the outcomes of the studies by Pedamini et al. [22] and Dejuan et al. [28]. In cases of greater 

than 45 MPa source concrete strength, the increase in strength of the PC yields no 

appreciable increase in specific gravity (Table 3.6). The effect of Age and service time on 

water absorption and specific gravity showed that the 5 year old concrete with 25 Mpa 

strength aggregates had 0.8% less specific gravity and an 11.4% increase in water 

absorption than the 28 day old 25 Mpa strength PC aggregates. The decrease in water 

absorption with an increase in PC showed us that high strength PC aggregates are less 

porous. The RCAs employed in this study's water absorption and specific gravity both fell 

within the allowable ranges specified in EHE-08 [23]. 

Generally, the strength of the original concrete has a significant impact on the water 

absorption and specific gravity of the recycled particles. The specific gravity of the RCAs 

increases and water absorption reduces when the strength of the PC improves, as shown by 

the results of the specific gravity and water absorption tests conducted in this study [23]. 

This is because high strength PC has lower porosity than low strength concrete. The 

porosity of a material is a measure of the number of voids in the material. The higher the 

porosity, the more cavities there are and the lower the specific gravity. Water absorption is 

also a measure of how much water a material can absorb. The higher the water absorption, 

the more water the material can absorb. In RCAs, the mortar phase is more porous than the 

aggregate phase. This means that RCA has more voids that can hold water. In the case of 

PC's effect on the water absorption of the RCAs, it is clearly shown that the more porosity 
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in the aggregates, the more water it can absorb. The decrease in water absorption with 

increasing PC also tells us that high strength PC aggregates are less porous. This is because 

high strength concrete has a lower water to cement ratio, which means there is less water 

available for pore formation in the concrete and finer particles of cement to close the void 

formation inside the aggregate cement matrix. As a result, recycled high strength concrete 

aggregates have lower water absorption. In conclusion, the porosity of the RCAs can be 

used to explain the relationship between the strength of the PC, the specific gravity, and 

the water absorption of the RCAs. As the strength of the PC increases, the bond matrix of 

the mortar in the RCA increases, resulting in lower porosity and reduced water absorption. 

Table 3. 6 Water absorption and specific gravity of recycled aggregates 

parent concrete grade specific gravity(SSD) Water absorption (%) 

C20/25 2.49 5.91 

C20/25, 5 years 2.47 6.67 

C30/37 2.50 5.75 

C30/37, 23 years old 2.49 5.88 

C35/45 2.51 4.64 

C55/67 2.51 4.41 

Natural aggregates 2.63 2.25 

3.4.1.3. Shape of the aggregates 

Optimal compaction, deformation resistance, and workability depend on the shape of the 

aggregate particles and the texture of their surfaces. ASTM D3398 [29] introduced an index 

for assessing the suitability of aggregate shape and texture for different applications. 

Concrete quality is decreased by Smooth Surfaced and elongated aggregates [21]. This 

decreases the concrete's strength and uses an excessive amount of cement. As a result, the 

particles shatter more quickly, and additionally, the slab formations frequently concentrate 

on a horizontal plane where air and water collect. Therefore, Concrete's durability is 

negatively impacted by this [30]. The flakiness index is a measure of the shape of RAC. 

An essential characteristic of RCAs is their flakiness index, which has an impact on the 

characteristics of the concrete produced with these aggregates. The flakiness index of RCA 
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is affected by a number of factors, including the type of concrete from which the aggregate 

is made, the type of processing, and the size of the aggregates. Observationally, RCA made 

from high strength concrete has a lower flakiness index than aggregate made from low 

strength concrete. This is because aggregates produced from high strength PC have a lower 

water to cement ratio and a better bond between aggregate and mortar than lower strength 

PC aggregates. 

The flakiness index, which is used to determine the particle form of aggregates, should be, 

less than 35% for coarse aggregates [6]. The flakiness index of natural aggregate is 5-9% 

greater than that of RCA [22, 31]. This is because round particles often become more 

angular as a result of the mortar adhering to the corners of RCAs. The crushing equipment 

has a significant role in determining the particle shape of RCAs. In this study, Aggregates 

in the shape of cubes were produced by the crushing mills used in the recycling plant. 

Concrete usually breaks into smaller particles at the recycling plant rather than forming 

slabs. Because the samples under study were produced at a recycling plant using an impact 

mill, the flakiness index does not need to be calculated [30]. Therefore, it would not be 

difficult to confirm that the aggregate samples used in our investigation complied with the 

ASTM D3398 limitations for particle shape. But in the case of RCA production by 

manually hammering or other methods that can fragment the aggregates into round and 

flaky shapes, the flakiness and elongation index tests of the samples must be carried out. 

3.4.1.4. Los Angeles abrasion resistance 

A measurement used for the determination of the aggregate's resistance to abrasive surface 

wear is called abrasion resistance [32]. It's crucial that the aggregate used to make concrete 

be robust in general [30]. In most circumstances, aggregate toughness, a characteristic that 

is generally comparable to impact strength, is a prerequisite for intrinsic aggregate strength. 

The interconnected qualities of crushing strength, abrasion resistance, and elastic modulus 

of aggregate are all significantly controlled by porosity. NAs are often dense and strong, 

according to experience, so they rarely pose a threat to the strength of concrete. Under 

physical strain or abrasion, RCAs may deteriorate and experience particle fracture, losing 

their strength and durability. The laboratory experiment result of this study (Figure 3.2) 

lists the outcomes of the Los Angeles abrasion test for the samples examined. The results 
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were comparable to previous analyzed aggregates [30] in terms of values. As can be seen 

from Figure 3.2, as PC strength increases, the abrasion loss of the resultant aggregates 

decreases. Therefore, the abrasion resistance of RCAs is influenced by the strength of the 

PC; stronger concrete causes less loss. This is so because high strength PC has mortar that 

is stronger than low strength PC when it attaches to aggregates. Because of this, when 

RCAs are subjected to abrasion, they are less likely to break off. 

The mortar that holds RCAs in place is more durable in high strength concrete than it is in 

low strength concrete for a number of reasons. First, since there is a greater hydration 

induced link between the aggregate and mortar as well as inside the mortar itself because 

high strength concrete is made with a lower water to cement ratio, Second, because high 

strength concrete contains more cement, the mortar is denser and more resilient. 

 

Figure 3.2 Mechanical characterization of recycled concrete aggregates (abrasion loss of 

aggregates) 

Sajan et al. [32] found that the abrasion resistance of RCAs increases with an increase in 

the strength of the PC, which fits with the finding of this study. On the other hand, a study 

by Nagataki et al. [33] concluded that the strength of PC has no influence on the abrasion 

resistance of RCAs. Further, the effect of service time of the source concrete on abrasion 
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loss is not clear, as the loss in the C20/25 crushed after 28 days of source concrete aggregate 

(40%) is greater than the 5 years of source concrete aggregate (37%), but in the case of the 

C30/37 crushed concrete, the 23 year old concrete aggregates have more loss (36% vs. 35% 

for the 28 day source concrete). However, all of the outcomes of RCA fall within ASTM 

C33's [18] permissible range of less than 50% for buildings. 

3.4.1.5. Aggregate crushing value test 

Aggregate strength can be estimated by looking at the aggregate crushing value (ACV). To 

make sure that the aggregate will be able to withstand imposed loads, using lower ACV 

aggregate is advised. The ACV is determined as the difference between the initial weight 

and the weight passing through a sieve size of 2.36 mm. As can be seen in Figure 3.3, the 

aggregate crushing value decreased with the increase in PC strength of the RCAs. This 

increase in resistance of the aggregates produced from high strength PCs was due to the 

high density and low porosity of the attached mortar in the aggregates produced from the 

high strength PCs compared to low strength PC RCAs. Pedamini et al. [22] and Extreberia 

et al. [9] found that the increase in PC strength led to a decreased crushing value of the 

RCAs, which is a similar finding to this study. But De Juan et al. [28], on the contrary, 

found out that low strength PC aggregates had better crushing resistance. They reasoned 

out that the low quantity of mortar attached to the aggregates made the aggregate more 

resistant to crushing. The aggregate crushing value of C20/25, which is 5 year old concrete 

aggregate, which is the highest value in this test, was 34%, 25% for C55/67 material, and 

18% for natural aggregates. This demonstrates that the deviation in aggregate crushing 

values of NAs and RCAs are getting narrowed at an enhanced PC strength. The high 

aggregate crushing value of low PC strength aggregates suggests that they have the 

maximum number of pores, and the bond in the aggregates is very weak, which leads to 

low resistance to crushing loads.  

In general, the ACV of RCAs is influenced by the PC's strength and age. The ACV of the 

recycled particles diminishes as the PC's strength rises. This is because the mortar bond 

that is attached to the RCAs is stronger in high strength concrete than in low strength 

concrete. Because of this, when RCAs are crushed, they are less prone to break off. The 

ACV of RCAs is also influenced by the age of the concrete. Ageing tends to cause the 
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ACV of these aggregates to rise. This is because the mortar used to bind the aggregates has 

a propensity to degrade over time. The highest number of pores and weak link in the 

aggregates, which results in low resistance to crushing stresses, are suggested by the high 

ACV of low PC strength aggregates. For concrete mixes where high strength is required, 

it is crucial to incorporate RCAs from high strength concrete or enhancing the quality of 

the aggregates produced from low strength parent concrete is mandatory. The crushing 

values of all the RCAs tested in this study were within the limit of the ASTM standard for 

non-wearing surfaces, which is less than 45%. 

 

Figure 3.3 Mechanical characterization of recycled concrete aggregates (aggregate 

crushing value test) 

3.4.1.6. Aggregate impact value 

The impact test is a reliable predictor of durability and strength. It was discovered that the 

impact value of RCAs is higher than the impact value of RAs. Consequently, RCA is less 

durable than NA [22]. According to the results of the experimental impact value test on six 

RCA types and a NA, the impact value of the RCA decreased with an increase in parent 

concrete strength (Figure 3.4). This result matched the test results of some researchers [9, 
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22, 24]. In contrast, stronger PC reduces the impact resistance of the resultant aggregates, 

according to other researchers' findings [28, 31, 34]. According to this study, the impact 

value of the NAs is around 22%, that of the C55/67 compressive strength PC is 24%, and 

that of the C20/25 compressive strength PC aggregates is 36%. This showed us that at 

increased PC strength, the impact values of NAs and RCAs are comparable. Low parent 

concrete strength aggregates' impact values are high, indicating that the aggregates are 

more porous and easily degradable. The strength and longevity of the RCAs are influenced 

by the water to cement ratio of the PC. Aggregates are stronger and more longlasting when 

concrete has a lower w/c ratio.  

 

Figure 3.4 Mechanical characterization of recycled concrete aggregates (aggregate impact 

value test results)  

The usage of RCA in concrete can be affected in a number of ways by the decrease in 

impact value with increased PC strength. As a result, concrete created with PC aggregates 

of low strength may be less impact resistant than concrete made with PC aggregates of high 

strength. It is crucial to remember that the impact value is only one indicator of the 
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and water absorption, may also be crucial. The impact value of RCA is simply one of 
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several variables that must be taken into account when discussing the use of RCA as a 

whole. All of the evaluated RCAs impact values fell within the ASTM standards' 

tolerances. 

3.4.1.7. Quantification of mortar content of the recycled aggregates from Concrete of 
various parent Strengths 

After the old concrete is crushed, some mortar from the original concrete is still connected 

to the stone particles in the RCA. The inferiority of recycled aggregate RCAs over natural 

NAs is caused by this hardened cement paste [26]. Some researchers claim that the volume 

of RCA mortar was boosted by the PC's increased strength [6, 22, 25, 31]. Table 3.7 and 

Figure 3.5 of this study display the test findings of old mortar contents for RCAs from 

various PCs. As can be seen, the adhered mortar content in each type of RCA made from 

a certain PC increases with the PC's strength. In the case of high strength PC, the water to 

cement ratio used in the production of the concrete is low. The more cement particles in 

the concrete, the faster the hydration process and the higher the bondage between the 

aggregate and cement paste. This strong bond reduces the breakdown of the attached 

mortar from the aggregates during the aggregate crushing process, leaving more adhered 

mortar in the aggregates produced from high strength PC. Therefore, the conclusion from 

the experimental test in the quantification of mortar, which said that as PC strength 

increases, so does the mortar content of the resultant RCAs, is logical. Other researchers 

have shown the opposite pattern, whereby the stronger parent concrete causes less mortar 

to be used [26, 35, 36]. 

The particle size of RCAs is one of the influential parameters in the quantification of the 

mortar content of RCAs. As the size of the RCAs particles shrank, the adhering mortar 

content of the RCAs rose. This is mostly due to the fact that the RCA's weaker components, 

mostly the mortars, were easily removed during the initial interactions with the crusher's 

jaws and ended up in the smaller size fractions. Observations during the experimental study 

showed that some aggregates in all sizes of particles were entirely made up of mortar, 

especially in the smaller aggregates. Therefore, it is reasonable to conclude that smaller 

RCAs contained more adhered mortar compared to larger aggregate particles. 
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Table 3.7 Results of mortar content quantification 

Grades 
of PC 

Size of 
aggregates 
(mm) 

Total weight of sample 
(Grams) 

Weight of mortar (Grams) 
Mortar 
content of 
recycled 
aggregates 
in (%) 

T 1 T 2 T 3 
Avera

ge 
T 1 T 2 T 3 

Avera
ge 

C20/25 

4.75 -12.5  100 100 100 100 59.00 60.20 57.85 59.02 59.02 

12.5- 19.0  100 100 100 100 41.02 42.19 42.56 41.92 41.92 

19.0 -25.0  100 100 100 100 35.00 36.45 34.48 35.31 35.31 

C20/25
, 5 

years 
old 

4.75 -12.5  100 100 100 100 59.00 58.50 58.94 58.81 58.81 

12.5- 19.0  100 100 100 100 46.50 46.98 45.94 46.47 46.47 

19.0 -25.0  100 100 100 100 37.98 39.06 38.76 38.60 38.60 

C30/37 

4.75 -12.5  100 100 100 100 59.22 59.87 58.63 59.24 59.24 

12.5- 19.0  100 100 100 100 45.96 46.95 46.83 46.58 46.58 

19.0 -25.0  100 100 100 100 45.23 45.67 46.24 45.71 45.71 

C30/37
, 23 

years 
old 

4.75 -12.5  100 100 100 100 61.69 60.83 61.59 61.37 61.37 

12.5- 19.0  100 100 100 100 48.06 47.65 48.95 48.22 48.22 

19.0 -25.0  100 100 100 100 43.00 42.00 43.68 42.89 42.89 

C35/45 

4.75 -12.5  100 100 100 100 63.25 63.98 64.16 63.80 63.80 

12.5- 19.0  100 100 100 100 47.56 48.64 48.72 48.31 48.31 

19.0 -25.0  100 100 100 100 50.00 52.02 50.68 50.90 50.90 

C55/67 

4.75 -12.5  100 100 100 100 65.03 66.78 66.91 66.24 66.24 

12.5- 19.0  100 100 100 100 56.51 57.88 58.62 57.67 57.67 

19.0 -25.0  100 100 100 100 54.63 55.35 56.48 55.49 55.49 

Note; T1, T2, T3 represent for trials numbers 1, 2, and 3., all concrete grades are 28 days strength except 

specified. 

As can be seen from Table 3.7 and Figure 3.5, the mortar content increased by about 8% 

(4.75 to 12.5 mm), 27%( 12.5 to 19 mm), and 36% (19 to 25 mm) as the 28 day strength 

of PC increased from C20/25 to C55/67. This shows us that an increase in aggregate size 

can increase the difference in mortar content resulting from variable PC strength. Similarly, 

the variation in size of aggregates with a constant grade of PC can lead to a variable 

quantity of mortar. The PC with strength C20/25 RCA had a 15% increase in mortar content 

as a result of the reduction in aggregate size from (19.0–25 mm) to (12.5–19.0 mm) and a 

29% increase in mortar content as a result of the reduction in particle size from (12.5-19.0 

mm) to (4.75-12.5 mm). The PC's strength of C55/67  aggregate resulted in a 4% increase 

in mortar content due to the aggregate's size reduction from (19.0–25 mm) to (12.5–19.0 
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mm) and increased by 13% as particle size reduced from (12.5–19.0 mm) to (4.75–12.5 

mm). The outcome from the mortar content test of the C35/45 parent concrete strength 

aggregates shows a decrease in mortar content as the particle size decreases.  

This may be due to the sampling uncertainty. In general, this study's findings showed that 

low strength parent concrete's mortar is easily removable during the concrete's crushing 

process, resulting in RCA with less mortar. 

During the experimental test performed to quantify the mortar adhered to the RCA, it was 

observed that there were pure NA fragments that passed the 4.75 mm sieve. These mortar 

free and mortar adhered aggregates that passed the 4.75 mm sieve were produced during 

the hammering process of the RCA samples. Therefore, it is important to consider that the 

quantified attached mortar includes these smaller fragmented aggregate particles. 

 

Figure 3.5 Mechanical characterization of recycled concrete (quantification of mortar 

attached to aggregates) 

Generally, as can be seen from this research, PC grade had a great influence on the 

properties of RCAs. The increase in PC strength led to increased mortar content, but even 

though the mortar content increased, its density, bond, and specific gravity increased, 

leading to decreased water absorption. Similarly, the mechanical properties, such as 

resistance to abrasion loss, impact, and crushing strength, of the recycled aggregates 
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increased with the increase in PC grades. Therefore, one might draw the conclusion that 

RCAs from PC with high strength have superior properties to those of PC with lesser 

quality. 

 3.5. Conclusion  

In addition to preventing landfill disposal and promoting a closed cycle economy, concrete 

recycling may be a very popular choice in developing countries and war torn areas like the 

Tigray region of Ethiopia, where the challenge of rebuilding and reconstruction follows the 

end of the war.  

The study of RCA utilization in the construction industry is not particularly new today. For 

more than 40 years, researchers have been looking into the topic, and they've discovered 

some fascinating results that might help the building sector stay sustainable. Many 

researchers have also examined the effects of RCA and RAC properties on the strength of 

PC. However, the findings drawn from these literary works about the influence of PC 

strength on the characteristics of RCA lacked uniformity. 

In regions where there have been few or no studies on the topic, like Ethiopia, these 

associated conflicts in the literature may make it challenging for researchers and 

construction stakeholders to choose which of these principles to apply in their everyday 

work. Therefore, it is vital to carry out thorough experimental research in the area, taking 

into account the precise influencing elements that may cause the results of the literary work 

to vary in connection with the geographical factors. 

In this study, the expected influencing factors, such as the NA types (coarse and fine), the 

cement type and properties used in the PC, the method of crushing the PC wastes, and the 

PC mixing techniques, were taken into consideration as constants. New physical and 

mechanical property tests on RCAs derived from various strengths of PC laboratory cubes 

and concrete remnants found from demolished buildings in Ethiopia were carried out in 

order to investigate the impact PC strength on the properties of RCAs. Based on the 

experimental results, the following conclusions were drawn: 
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 Despite the contradictory results of the literary works, this investigation discovered that 

the presence of additional mortar linked to the RCAs was made possible by the PC's 

increased strength. The density, bond strength, and specific gravity of the RCAs were 

improved, despite the fact that the amount of bonded mortar to the aggregates grows as 

the original concrete's strength increases. With the PC's strength increasing, the 

recycled particles' water absorption likewise decreased. This improvement in RCA 

quality brought about by the PC's higher strength was the outcome of the attached 

mortar's firm and less porous behavior in PCs of high strength.  

 The PC's strength has an impact on the RCAs resistance to abrasion; stronger concrete 

results in less loss. The abrasion loss of the weaker PC aggregates was considerably 

high due to the poor adhesion and connection between the mortar and aggregate. NAs 

and RCAs had comparable aggregate crushing and impact values at increased PC 

strength classes. High aggregate crushing and impact values in low PC strength 

aggregates suggest that they are easily broken down by external loads while in use. 

 The amount of mortar that is attached to the RCAs may vary depending on the size of 

the aggregates and the PC's grade. As the size of the RCAs gets smaller, the mortar 

content goes up. As a result, employing RCA in bigger sizes can improve the quality 

of concrete made with RCAs. 

 This study found that the overall quality of RCAs can be improved by using high 

strength PC aggregates rather than low strength PC aggregates. Therefore, to 

manufacture RAC of higher quality, researchers and building stakeholders should think 

about using high strength PC aggregates. Special processing methods that can enhance 

the quality of these aggregates may be taken into account when employing aggregates 

from low strength PC. 
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4.1. Introduction 

Technological advancements such as carbonation treatment, nano silica impregnation, and 

bio deposition have been shown to enhance the mechanical and durability properties of 

RCAs [1]. Among these, carbonation stands out for its dual benefits: it improves RCA 

quality and serves as an environmentally friendly method for long term CO₂ storage, 

making it a promising solution for industrial scale applications [2]. 

The carbonation process in cement based materials involves a complex sequence of 

physical and chemical interactions, primarily driven by the presence of CO₂ in the 

environment. Initially, CO₂ gas diffuses into the pore network of the cementitious matrix. 

Once inside, it dissolves into a thin film of water that naturally exists within these pores as 

can be seen in Equation 4.1 [2]. Simultaneously, Ca(OH)₂, a common hydration product 

within the cement matrix, begins to dissolve into the pore water. Within the pore solution, 

the dissolved CO₂ chemically reacts with the dissolved Ca(OH)₂, leading to the formation 

of calcium carbonate as can be seen in Equation 4.2. In addition to reacting with Ca(OH)₂, 

the CO₂ also interacts with other calcium containing phases, both hydrated and unhydrated, 

particularly calcium silicates ( Equation 4.3). As a result of these reactions, solid 

carbonation products precipitate and gradually fill the pores, reducing the overall pore 

volume and altering the microstructure of the material. Eventually, as these reactions 

progress, condensation of water occurs along the pore walls, further influencing the 

moisture conditions and potentially impacting subsequent stages of carbonation [2, 3].  

𝐶𝑂ଶ + 𝐻ଶ𝑂 = 𝐻ଶ𝐶𝑂ଷ         (4.1) 

𝐶𝑎(𝑂𝐻)ଶ + 𝐻ଶ𝐶𝑂ଷ = 𝐶𝑎𝐶𝑂ଷ + 2𝐻ଶ𝑂       (4.2) 

𝐶ଷ𝑆ଶ𝐻ଷ + 3𝐻ଶ𝐶𝑂ଷ = 3𝐶𝑎𝐶𝑂ଷ + 2𝑆𝑖𝑂ଶ +  6𝐻ଶ𝑂     (4.3) 

This process fills micro cracks and pores, increases aggregate density, improves interfacial 

bonding, reduces water absorption and ultimately strengthening the mechanical and 

durability properties of RCA [4]. This enhancement in physical and mechanical properties 
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of RCAs helps to use more construction and demolition concrete wastes for environmental 

sustainability and natural aggregate preservations. 

Additionally, Carbonation technology is a promising method, offering significant potential 

for carbon sequestration and energy conservation, and gaining substantial industry interest 

[5]. The statistics regarding global anthropogenic CO2 emissions paint a stark picture of 

the urgent need for action to mitigate climate change. With emissions reaching around 37.4 

billion tons in 2024 and growing rapidly since the mid-20th century, it's evident that 

decisive measures are essential to curb this trajectory [6]. The International Energy 

Agency's [7] estimation that cement production contributes roughly 7% of these emissions 

underscores the importance of addressing emissions from this sector. Achieving significant 

emission reductions by 2050, as outlined in net-zero scenarios, is imperative to limit global 

warming and its associated impacts. Fortunately, research [8-10] offers a promise in the 

form of concrete structures, which have the potential to absorb between 11 to 30% of CO2 

emissions during their service life. This inherent carbon sequestration capacity presents a 

promising opportunity to reduce the lifecycle carbon footprint of concrete. Moreover, the 

theoretical potential of RCA to capture 70% to 80% of the original CO2 emitted during 

clinker production highlights the untapped potential of this sustainable material [8]. 

However, to fully harness the CO2 sequestration benefits of RCA, it is crucial to quantify 

their real degree of carbon capture through rigorous experimental studies. By doing so, we 

can understand and find the full potential of RCAs in mitigating CO2 emissions and 

contribute significantly to global efforts to combat climate change. 

Currently, there are two types of carbonation: accelerated or rapid carbonation and ambient 

carbonation. When concrete hardens and demolished after service time, as well as when 

aggregates are crushed into the appropriate shapes, carbonation occurs at a comparatively 

slow pace in the presence of air, this process is referred to as ambient carbonation [11]. 

The second carbonation type that occurs under specific pressure, CO2 level, and humidity 

circumstances, which is accelerated carbonation often yields increased surface hardness as 

well as initial strength for concrete samples [12]. Accelerated carbonation is a more 

efficient approach for enhancing the functionality of leftover old mortar in RCA cases. 

Accelerated carbonation enhances the properties of old mortar in the RCA, influenced by 
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both internal and external circumstances. These conditions can affect the rate of the 

carbonation process. 'Internal circumstances' refer to the inherent properties of RCA, such 

as the source material's grade, activated calcium ions, degree of preprocessing ambient 

carbonation, and particle size. 'External circumstances' primarily include relative humidity, 

gas pressure, carbonation time, and CO2 concentration [4]. Therefore, carbonation of RCA, 

when optimized with these conditions, is a promising method for improving RCA strength, 

sequestering atmospheric CO2, and promoting energy conservation. 

4.2. Research gap 

The existing body of research on the accelerated carbonation of RCAs has encountered 

limitations by overlooking crucial factors in the carbonation process. Many studies have 

failed to account for the preprocessing ambient carbonation status that occurs in RCAs 

before the initiation of accelerated carbonation. RCAs are typically sourced from 

demolished buildings, which have been subjected to initial ambient carbonation throughout 

their entire service life. Even after demolition, these aggregates continue to undergo 

ambient carbonation, and when crushed into aggregate forms, they remain in a natural air-

dry condition for weeks, if not months or years. Consequently, the degree of carbonation 

in accelerated carbonation studies reflects the cumulative impact of both initial 

preprocessing ambient carbonation and accelerated processes. Surprisingly, the existing 

literature lacks comprehensive mapping of the genuine carbonation journey of RCAs 

during accelerated carbonation. 

Certain studies have opted for the use of RCAs derived from laboratory produced cubes, 

strategically sidestepping the impact of initial preprocessing ambient carbonation before 

the onset of accelerated carbonation. However, this approach falls short of capturing the 

authentic scenario encountered in the actual production of RCAs, where a significant 

degree of preprocessing ambient carbonation is inherent. The reliance on laboratory 

produced cubes undermines the realism of these studies, neglecting the vital interplay of 

initial preprocessing natural and accelerated carbonation that takes place in RCAs during 

their real world production. This oversight introduces a critical gap in understanding and 

fails to mirror the complexities and nuances present in the genuine production and 

utilization of RCAs. To truly advance our understanding and application of RCAs, it is 
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imperative to address these limitations and embrace a more realistic representation of the 

carbonation processes involved in their lifecycle. Furthermore, the strength of the PC 

emerges as a significant determinant influencing the carbonation degree of RCAs. RCAs 

originating from high strength PC exhibit more alkaline behavior, coupled with lower 

porosity compared to their counterparts from low strength PC. This inherent property 

variation induced by the strength of the PC can significantly impact the carbonation degree 

of RCA. Unfortunately, this crucial aspect has been consistently overlooked in prior 

literature studies. 

To address these gaps in knowledge, this study is proposed, aiming to comprehensively 

understand the carbonation process of RCAs during accelerated carbonation. This study 

will take into account the intricate interplay between initial preprocessing ambient and 

accelerated carbonation, acknowledging the real world conditions in which RCAs are 

exposed. Additionally, the study will systematically evaluate the impact of the PC strength 

on the carbonation degree of RCAs, offering a more accurate representation of the 

carbonation process. Furthermore, this study will quantify the real CO2 sequestration 

potential of RCA and study the effect of the stored crystal CO2 by products on the physical 

and mechanical properties of RCA concrete. 

This study conducted an in depth investigation into the microstructural and mineralogical 

characteristics of RCAs exposed to both preprocessing ambient carbonation and 

accelerated carbonation using XRD, TGA, and FTIR techniques. The research also 

explored how the carbonation process interacts with the aggregates by analyzing 

parameters such as pH levels. In addition, the effects of carbonation on the physical and 

mechanical performance of the aggregates were evaluated through water absorption, 

crushing resistance, compressive and tensile strength testing. The ultimate goal of this 

study is charting a roadmap for advanced CO2 capture by integrating essential factors and 

addressing knowledge gaps, offering significant insights for sustainable construction and 

environmental preservation.  
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4.3. Materials and methods 

4.3.1. Materials 

As this research builds upon the foundation established in our earlier work, comprehensive 

information regarding the characteristics of the PC including the mix proportions, material 

properties, testing protocols for the constituent components, and the procedures followed 

for producing the RCAs has already been thoroughly documented in the study by 

Gebremariam et al. [13]. Readers are encouraged to refer to that publication for a full 

understanding of the experimental background and material preparation, which forms the 

basis for the current investigation. The carbonation testes were carried out in RCA samples 

from the PCs with cube compressive strength of 25 Mpa and 67 Mpa to consider the effect 

of source concrete strength on the carbonation degree of the RCAs. 

4.3.2 Carbonation chamber production 

In the field of civil engineering, carbonation chambers play a critical role in simulating and 

accelerating the carbonation process of cementitious materials. These chambers are widely 

employed in laboratory settings for two main purposes: evaluating the durability and 

service life of concrete, and conducting CO₂ curing experiments, especially for 

unreinforced materials [2]. Commercially available carbonation chambers are highly 

specialized and technologically advanced; however, they are often prohibitively expensive 

for many research institutions. In our case, the absence of a preinstalled carbonation 

chamber and the high cost of purchasing one from a specialized supplier presented a 

significant challenge. To overcome this limitation, we designed and constructed a custom 

carbonation chamber using readily available local materials and practical engineering 

solutions. 

The initial attempt to develop the carbonation chamber involved embedding a reinforced 

concrete box in the ground, which served as the primary containment unit. A reinforced 

concrete lid was fabricated to act as a sealable cover, and the interior surfaces, including 

the lid, were lined with polyethylene sheets to enhance airtightness and prevent CO₂ 

leakage. Inside the chamber, two layers of wire mesh were strategically placed to support 
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baskets filled with RCA, while also allowing for even distribution and circulation of CO₂ 

gas throughout the chamber. 

Once assembled, the entire setup was sealed using high strength cement mortar at all 

junctions and allowed to cure for three days. After curing, an air tightness test was 

conducted using a compressor to check for any potential leaks under pressurized 

conditions. Unfortunately, the test revealed that air was escaping from the chamber, 

indicating a failure in achieving the necessary seal. To address this, we replaced the 

concrete cover with a wooden lid and used industrial grade contact adhesives to reinforce 

the joints. Despite these efforts, air leakage persisted, rendering the setup ineffective for 

controlled carbonation. 

Realizing the need for a more robust and pressure resistant structure, we moved forward 

with the design and fabrication of a second chamber, this time constructed from 3 mm thick 

steel sheets, resulting in a cylindrical chamber with a volume of approximately 0.8 m³ as 

can be seen on Figure 4.1. The new steel chamber featured a top loading inlet for easy 

placement of RCA samples. A steel inlet pipe was integrated into the chamber’s upper 

section to facilitate CO₂ gas injection, and a pressure gauge was installed on the side to 

monitor the internal pressure during carbonation. 

To regulate the humidity levels within the chamber, a salt solution was introduced at the 

bottom, maintaining a controlled environment conducive to carbonation. Two layers of 

wire mesh were installed horizontally at 30 cm intervals to hold the RCA baskets securely 

above the humidity control solution. Prior to the actual testing, the new setup underwent a 

leakage test under 2 bar pressure using an air compressor. This time, the chamber 

successfully retained the pressure, confirming its airtight integrity. A thermo-hygrometer 

was placed inside the chamber to record the humidity and temperature fluctuations in the 

chamber and it was found that the humidity and temperature variations were within the 

proposed limits. 

Subsequently, a CO₂ cylinder was procured from a local supplier and connected to the 

chamber through a plastic hose. The cylinder was equipped with a regulator gauge to 

control the flow of CO₂ into the chamber. For each carbonation cycle, approximately 80 

kg of RCA was loaded into the chamber. Once the inlet was sealed using gasket materials, 
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CO₂ gas was released into the chamber until the internal pressure reached 1.5 bar (0.15 

MPa). 

The RCA samples were left inside the chamber for a duration of three days to ensure 

thorough carbonation. After the exposure period, the extent of carbonation was verified 

using phenolphthalein indicator tests. This process was repeated in cycles until a sufficient 

quantity of fully carbonated aggregates was obtained for use in subsequent experimental 

phases. This practical and cost effective approach to chamber construction not only enabled 

us to carry out accelerated carbonation under controlled conditions but also demonstrated 

the potential of low cost, locally fabricated setups for advanced material research in 

resource constrained settings.                  

 

Figure 4.1 Carbonation chamber setup 

4.3.3 Internal circumstances affecting carbonation degree  

4.3.3.1 Effect of moisture content of RCA 

After the production of the RCAs, to account for the ambient carbonation that occurs in 

RCA before the initiation of accelerated carbonation, the aggregates were stored in an open 
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environment placed inside of sacks and covered with plastic sheeting to protect freezing 

and thawing for one and half years to be naturally carbonated. Then the materials were 

tested for water absorption and specific gravity according to ASTM C 127 [14] to estimate 

the percentage of moisture the RCAs must have, to have an optimum moisture for better 

accelerated carbonation. According to the studies [8, 15] optimum moisture in the RCAs 

must not be greater than 60% of the water absorption capacity of the aggregates. RCAs 

with maximum aggregate size of 25 mm were used in this study. Initially, aggregate 

samples were immersed in water for 24 hrs to be fully saturated and were oven dried at 

110 °C for 24 hrs to determine the saturated surface dry water absorption of the aggregates. 

Concurrently, Sample aggregates in their natural moisture contents were oven dried at 

110 °C to determine the available moisture in the aggregates. The optimal moisture content 

for RCA to maximize carbonation during accelerated carbonation is typically around 30 to 

65 % saturation of their water absorption capacity [15, 16]. Then the percent addition or 

subtraction of water from the aggregates according to 50% of the aggregates water 

absorption capacity were performed. Then the aggregates were stored in sealed plastic 

bags. The bags were then air tightly sealed, and the samples were left undisturbed for 3 

days to allow uniform distribution and stabilization of moisture content across all RCA 

particles. 

4.3.4 External circumstances affecting carbonation degree 

4.3.4.1 Effect of relative humidity 

The efficiency of RCA carbonation is strongly influenced by the chamber’s relative 

humidity. Both very low and very high humidity levels hinder CO₂ absorption, either by 

reducing its solubility or blocking its diffusion [17]. Carbonation improves with increasing 

humidity up to a certain point, after which it declines. An optimal humidity range of 50-

80% is generally effective for accelerated carbonation, [18-20]. A study by Young [21] 

proved that salt solutions can control humidity in a sealed environments. In the present 

study the relative humidity of 70 to 78 % was achieved using sodium chloride solution at 

water to salt mix ratio of 1.5:2 by weight.  

4.3.4.2 Effect of CO2 gas pressure  
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The degree of carbonation in RCAs is notably affected by gas pressure. A modest rise in 

pressure up to around 0.01 Mpa, leads to a sharp increase in carbonation. Beyond this point, 

however, further pressure increments yield only marginal improvements [22]. Identifying 

an optimal pressure range, ideally below 0.5 MPa, is essential for maximizing the 

efficiency of accelerated carbonation processes [21]. Therefore in this research, we have 

used a CO2 gas pressure of 0.15 Mpa.  

4.3.4.3 Effect of carbonation duration 

It is evident that extending the carbonation duration generally enhances the degree of 

carbonation in RCAs. However, the reaction does not progress at a constant rate. A 

significant portion of carbonation occurs rapidly within the early phase, particularly in the 

first 24 hours, after which the reaction rate gradually diminishes [23]. This decline is 

primarily attributed to the densification of the adhered mortar as carbonation progresses, 

reducing its porosity and forming a more compact microstructure that restricts the diffusion 

of CO₂ into the inner layers [24]. As highlighted in [20, 24-26], this rapid initial reaction 

slows noticeably after the first day and continues at a much reduced pace, eventually 

plateauing around 72 hrs. In the present study, the carbonation duration was 72 hrs. 

4.3.4.4 Effect of CO2 concentrations 

The concentration of carbon dioxide is a crucial factor influencing the carbonation behavior 

of RCAs. As noted in [27], the rate at which CO₂ penetrates the material depends not only 

on its concentration but also on the internal pathways available for gas movement. Initially, 

before pore spaces begin to close due to the formation of carbonation products, a higher 

CO₂ concentration promotes more effective gas diffusion and reaction throughout the 

porous matrix [28]. Although previous research [20] indicates that a concentration as low 

as 25% can sufficiently support the carbonation process, this study employed high purity 

CO₂ gas of 99.9% readily available from Ethiopian local commercial sources, to ensure 

consistency and to avoid variability in the experimental setup. 

4.3.4.5 Effect of temperature variations 

Although elevated temperatures can promote the formation of metastable polymorphs of 

calcium carbonate, maintaining a relatively low temperature is essential to favor the 

generation of stable calcite, as carbonation is an exothermic reaction that releases heat 
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during the process [12]. Controlling temperature is therefore crucial, not only to regulate 

the type of carbonate phases formed, but also to ensure a consistent reaction environment. 

Moreover, temperature fluctuations within the carbonation chamber can influence the 

relative humidity, which in turn indirectly affects CO₂ diffusion and the overall carbonation 

performance of RCAs [29]. For these reasons, numerous studies have adopted a 

temperature range of 20-30 °C as optimal for accelerated carbonation treatments [29, 30], 

as this range provides a balanced environment for CO₂ reactivity, moisture stability, and 

formation of durable carbonation products. On the present study the carbonation 

temperature was 23 ±5 °C. 

4.3.5 Physical property testes of RCA after carbonation 

Upon completion of the accelerated carbonation process for the required RCA samples, a 

comprehensive evaluation of their physical and mechanical properties was conducted. 

These assessments were carried out in accordance with the standardized laboratory testing 

procedures outlined by ASTM, as detailed in the methodology of Gebremariam et al. [13]. 

Specifically, key parameters such as water absorption and specific gravity were measured 

to understand changes in porosity and density of the aggregates post carbonation. In 

addition, mechanical strength indicators including aggregate crushing value were 

determined. 

4.3.6 Microstructural testes of carbonated RCA samples 

This section focuses on analyzing the microstructural changes in RCAs after exposure to 

accelerated carbonation, before their use in concrete. The goal was to examine how 

carbonation alters the material at the microscopic level in terms of crystallinity, weight 

changes, and chemical bonding. To achieve this, fine powdered samples extracted from the 

adhered mortar of RCA particles were tested for TGA-DTA, XRD, and FTIR. 

4.3.7 Sample preparation 

After the accelerated carbonation process was completed, samples from naturally 

carbonated recycled concrete aggregate (NRCA) and accelerated carbonated recycled 

concrete aggregate (ARCA) particles were dried and the attached mortar was carefully 
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extracted. This mortar was then ground into a fine powder passing through a 75 µm sieve 

to ensure uniformity. These powders were stored in sealed containers until testing to avoid 

unwanted CO₂ or moisture interference. 

TGA and DTA were used to track weight changes as the samples were gradually heated. 

Around 10 mg of each powder was tested using DTA-60H detector from Shimadzu Japan 

by placing it in a crucible and heated from room temperature to 900°C at a flow rate of 50 

milliliter per minute in a nitrogen atmosphere. Mass loss at specific temperature points 

revealed the breakdown of compounds like calcium hydroxide and calcium carbonate. The 

DTA curve helped pinpoint the temperatures where the most significant changes occurred, 

offering a clearer view of carbonation effects. 

The mass loss observed within the temperature range of 550°C to 950°C, which 

corresponds to the decarbonation process of calcite polymorphs, is generally taken as the 

estimated amount of CO₂ absorbed [31]. In our case, however, as can be seen from the 

DTA curve, the relevant temperature range was 500°C to 750°C. The CO2 uptake capacity 

of the NRCA and ARCAs with respect to the attached mortar mass was determined from 

the TGA graph using the following equations: 

𝐶𝑂ଶ 𝑢𝑝𝑡𝑎𝑘𝑒 𝑏𝑦 𝑁𝑅𝐶𝐴 (%) = (
௠ళఱబି௠ఱబబ

ெ೘೚ೝ೟ೌೝ
) × 100       (4.4) 

𝐶𝑂ଶ 𝑢𝑝𝑡𝑎𝑘𝑒 𝑏𝑦 𝐴𝑅𝐶𝐴 (%) = (ቀ
ெళఱబିெఱబబ

ெ೘೚ೝ೟ೌೝ
ቁ × 100) − 𝐶𝑂ଶ𝑢𝑝𝑡𝑎𝑘𝑒 𝑏𝑦 𝑁𝑅𝐶𝐴(%)   (4.5) 

Where CO2 uptake by ARCA (%) is the mass of CO2 uptake by the accelerated carbonation, 

CO2 uptake by NRCA (%) is the mass of CO2 uptake by the preprocessing ambient 

carbonation, m750 and m500 are the masses of naturally preprocessing carbonated samples 

at 750 and 500°C, and M750 and M500 are the masses of pressurized accelerated carbonated 

samples at 750 and 500°C, and Mmortar is the mass of the attached mortar sample. 

To identify changes in crystalline composition, XRD scans were conducted using 

XRD7000 from Shimadhu, Japan. Patterns were recorded between 10° and 70° (2θ), and 

the data was compared between NRCA and CRCA samples. A drop in portlandite peaks 

and an increase in calcite indicated the shift from hydration to carbonation products. 
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FTIR from PerkinElmer 65, PerkinElmer, Inc. Waltham, USA, helped detect shifts in 

chemical bonding caused by carbonation. Powdered samples scanned in the 4000-400 cm⁻¹ 

range. Key attention was given to changes in hydroxyl and carbonate peaks. A shift in O-

H signals and carbonate bands confirmed the chemical transformation during carbonation. 

 4.3.7 Mix design and testing methodology of carbonated RCA concrete 

To systematically examine the effects of carbonation degree, PC strength, and aggregate 

replacement ratio on the mechanical properties of both NRAC and ARAC, a 

comprehensive experimental program was developed. 

Firstly, RCA were sourced from two different PCs which were prepared according to the 

methodology in [13], with cube compressive strengths of 25 MPa and 67 MPa, 

respectively, in order to capture the influence of original concrete quality. Secondly, three 

replacement ratios of NAs with NRCA and ARCA were selected namely, 0%, 30%, and 

100%. This allowed evaluation of the mechanical behavior across a range of RCA 

incorporation levels. Thirdly, two target concrete strength levels were designed: a normal 

strength mix (25 MPa) and a high strength mix (67 MPa), enabling the assessment of water 

to cement ratio effects on the performance of NRAC and ARAC. A target NRAC and 

ARAC concrete mix was prepared using a maximum aggregate size of 25 mm. Fine 

aggregates used were river sand with a fineness modulus of 2.85. The binder material was 

Dangote Ordinary Portland Cement 42.5R with a specific gravity of 3.1. Natural tap water 

was employed as the mixing water. All constituent materials were obtained from the same 

sources as those characterized in our previous study [13]. 

To avoid unintentional water addition caused by the water absorption of RCA all 

aggregates were conditioned to a SSD state prior to mixing. Workability of the fresh 

concrete was assessed for each of the 18 mix designs using the slump test method, with 

good slump values ranging from 40 to 80 mm. Following satisfactory trial mixes and 

workability tests, concrete specimens were cast for mechanical performance evaluation. A 

total of 108 cube specimens (150 mm × 150 mm × 150 mm) were prepared for compressive 

strength testing. In addition, 54 cylindrical specimens (100 mm diameter × 200 mm height) 

were prepared for split tensile strength testing, and 54 prismatic beam specimens (100 mm 
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× 100 mm × 500 mm) were cast for flexural strength testing. Each specimen was labeled 

with a unique mix code, as shown in table 4.1, to ensure clear identification and traceability. 

After casting, all specimens were kept at room temperature for 24 hours to set. They were 

then demolded and submerged in tap water for a standard curing period of 28 days. This 

carefully structured methodology ensured that all variables were well controlled, enabling 

a reliable assessment of the individual and combined effects of carbonation treatment, PC 

strength, and RCA replacement ratio on the mechanical properties of NRAC and ARAC. 

This comprehensive experimental plan was designed according to American Concrete 

Institute, Committee 211. 1977 (ACI 211.1-91) [32]. 

After the 28 day curing period, the concrete specimens were subjected to mechanical 

testing to evaluate their compressive strength, split tensile strength, and flexural strength. 

All tests were conducted using a universal testing machine in accordance with the 

procedures outlined by Dinku A. [33].  

Table 4.1 Sample designation names for ease of use. 

Designation Full sample name 

NA Natural aggregate 

NRCA Naturally carbonated recycled concrete aggregate 

ARCA Accelerated carbonated recycled concrete aggregate 

NA(25)-control 25 MPa concrete strength produced from natural aggregates 

NRAC(25)-(30)-(25) 

25 MPa concrete strength produced by 30% replacement of NA by NRCA 

from 25 MPa parent concrete 

NRAC(25)-(100)-(25) 

25 MPa concrete strength produced by 100% replacement of NA by NRCA 

from 25 MPa parent concrete 

NRAC(25)-(30)-(67) 

67 MPa concrete strength produced by 30% replacement of NA by NRCA 

from 25 MPa parent concrete 

NRAC(25)-(100)-(67) 

67 MPa concrete strength produced by 100% replacement of NA by NRCA 

from 25 MPa parent concede 

ARAC(25)-(30)-(25) 

25 MPa concrete strength produced by 30% replacement of NA by ARCA 

from 25 MPa parent concrete 

ARAC(25)-(100)-(25) 

25MPa concrete strength produced by 100% replacement of NA by ARCA 

from 25 MPa parent concrete 
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Designation Full sample name 

ARAC(25)-(30)-(67) 

67 MPa concrete strength produced by 30% replacement of NA by ARCA 

from 25 MPa parent concrete 

ARAC(25)-(100)-(67) 

67 MPa concrete strength produced by 100% replacement of NA by ARCA 

from 25 MPa parent concrete 

N(67)-control 67 MPa concrete strength produced from natural aggregates 

NRAC(67)-(30)-(25) 

25MPa concrete strength produced by 30% replacement of NA by NRCA 

from 67 MPa parent concrete 

NRAC(67)-(100)-(25) 

25MPa concrete strength produced by 100% replacement of NA by NRCA 

from 67 MPa parent concrete 

NRAC(67)-(30)-(67) 

67 MPa concrete strength produced by 30% replacement of NA by NRCA 

from 67 MPa parent concrete 

NRAC(67)-(100)-(67) 

67 MPa concrete strength produced by 100% replacement of NA by NRCA 

from 67 MPa parent concrete 

ARAC(67)-(30)-(25) 

25 MPa concrete strength produced by 30% replacement of NA by ARCA 

from 67 MPa parent concrete 

ARAC(67)-(100)-(25) 

25MPa concrete strength produced by 100% replacement of NA by ARCA 

from 67 MPa parent concrete 

ARAC(67)-(30)-(67) 

67 MPa concrete strength produced by 30% replacement of NA by ARCA 

from 67 MPa parent concrete 

ARAC(67)-(100)-(67) 

67 MPa concrete strength produced by 100% replacement of NA by ARCA 

from 67 MPa parent concrete 

 4.4. Result and discussion 

4.4.1 PH changes related to carbonation 

Phenolphthalein is a widely used PH indicator that changes its appearance depending on 

the alkalinity of the material. When the pH is above approximately 8.2, conditions where 

Ca(OH)₂ is present in significant amounts, it develops a deep pink coloration. In contrast, 

when the pH drops below 8.2, typically due to the conversion of Ca(OH)₂ into calcium 

carbonate through carbonation, the indicator remains clear and colorless [34]. The PH tests 

done before the accelerated carbonation, showed clear differences between the RCAs from 

low strength (25 MPa) and high strength (67 MPa) parent concretes. For the 25 MPa RCAs, 

spraying phenolphthalein on the outer mortar surfaces caused no color change, meaning 

those surfaces were already carbonated before the test. Looking at the cross section of the 
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aggregates, the color change was seen far from the surface. This likely happened because 

the lower strength concrete is more porous, allowing natural CO₂ from the air to enter and 

react with the alkaline materials over time. For the 67 MPa RCAs, the outer mortar surfaces 

was color less but the cross section showed  turned a weak, dull pink up starting from the 

near surface and changed to bright pink after that which indicates uncarbonated mortar. 

This shows that some carbonation had taken place on the surface, but not fully, there were 

still some hydroxide products near the surface. The denser structure of high strength 

concrete makes it harder for CO₂ to enter naturally, which explains this partial carbonation. 

The inner mortar parts of both RCA types turned bright pink before accelerated 

carbonation, meaning carbonation had not reached the core in either case. This shows that 

the inside is protected from ambient carbonation by the mortar’s density. After three days 

of pressurized accelerated carbonation, the 25 MPa RCAs showed almost complete 

carbonation, although some very small areas within the thick mortar still displayed pink 

coloration, indicating uncarbonated regions. This confirms that their higher porosity allows 

CO₂ to pass through easily under pressure. However, the 67 MPa RCAs still had pink cores 

after the same treatment, meaning the carbonation did not reach all the way inside. This is 

because the dense, low porosity structure blocks CO₂ from moving deep into the material, 

even under pressure. The pictures showing this process can be found from the appendix of 

this dissertation. The aggregates from the high strength were then allowed to stay in the 

carbonation chamber for seven days to check if they can be carbonated on elongated time. 

But the aggregates were not full carbonated. These results show that the carbonation level 

of RCAs strongly depends on the strength and porosity of the original concrete. Low 

strength RCAs can carbonate more easily, both naturally and under accelerated conditions, 

while high strength RCAs resist carbonation in their inner parts. This shows us that, high 

strength RCAs would need extra treatment such as mechanical breaking or alternative 

better treatment methods other than stable pressurized carbonation to achieve full 

carbonation. 

4.4.2 Water absorption and crushing resistance of the NRCA and ARCA 

The effects of accelerated carbonation on the water absorption and crushing value of RCAs 

derived from PCs of different strengths are shown in Figure 4.2. The NRCA from the 25 
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MPa PC exhibited an 18% reduction in water absorption after undergoing accelerated 

carbonation, producing ARCA. In comparison, the NRCA from the 67 MPa parent concrete 

showed only a 2.3% reduction after the same treatment. This clear difference highlights the 

role of initial porosity and degree of carbonation, the more porous 25 MPa aggregates 

allowed CO₂ to penetrate more effectively, promoting pore filling through carbonation 

products such as CaCO₃, which in turn reduces water uptake. 

When comparing the two NRCAs prior to carbonation, the 25 MPa aggregates had 33% 

higher water absorption than the 67 MPa aggregates. This large difference is consistent 

with the expectation that lower strength concrete has a more open pore structure and higher 

permeability. After accelerated carbonation, the gap in water absorption between the two 

aggregate types decreased from 33% to 18%. This narrowing suggests that carbonation 

treatment benefits the lower strength aggregates more significantly, improving their quality 

and narrowing performance differences relative to the high strength aggregates. This 

supports the idea that high strength aggregates do not get fully carbonated due to the denser 

porosity they exhibit by the obvious pressurized accelerated carbonation.  

A similar trend was observed in the crushing value results. For the 25 MPa NRCA, 

accelerated carbonation reduced the crushing value by 6.9%, indicating an improvement in 

aggregate strength. For the 67 MPa NRCA, the reduction was 11.78%, suggesting that, 

while high strength aggregates already have lower porosity, carbonation can still densify 

the microstructure and enhance mechanical integrity. Initially, the crushing value of 

NRCA-25 was 18.75% higher than that of NRCA-67, reflecting the inherent lower strength 

of aggregates from weaker PC. After carbonation, this difference was reduced to 12.75%, 

again showing that the process helps close the performance gap between low and high 

strength aggregates. 

Overall, these results demonstrate that accelerated carbonation can improve both water 

absorption and mechanical performance of RCAs, with more pronounced effects in low 

strength, high porosity aggregates. These findings align with the understanding that 

carbonation products primarily calcium carbonate precipitate within the pore structure, 

reducing porosity and micro cracking while enhancing particle cohesion [20, 24, 29]. 



Carbonation Treatment of RCAs 
 

107 
 

However, the denser microstructure of high strength aggregates limits CO₂ penetration, 

explaining the smaller water absorption changes compared to low strength aggregates. This 

highlights the importance of tailoring carbonation treatment methods and conditions to the 

original concrete’s properties to maximize performance gains. 

 

Figure 4.2 Physical and mechanical properties of aggregates before and after accelerated 

carbonation 

4.4.3 TGA-DTA analysis 

Figure 4.3 shows the TGA-DTA results of the NRCAs and ARCAs from the 25 Mpa and 

67 Mpa PC strength concretes. The peaks observed in the DTG curves correspond to three 

distinct phase specific thermal events. The first peak, occurring at approximately between 

23°C and 340°C, and is associated with the loss of moisture, the dehydration of calcium 

silicate hydrate phases along with gypsum and other hydration products. The second 

thermal band, between 340 °C and 500 °C, corresponds to the decomposition of Ca(OH)2. 

The third thermal band, from 500 °C to 750 °C, is linked to the decomposition of CaCO₃. 

In TGA analysis, the weight loss over a particular temperature range is taken as the mass 

loss of the specific mineral phase that decomposes in that range. This approach, which has 
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been widely used in previous studies [35], allows for the comparison of the relative content 

of specific phases among different samples and methods. 

As can be seen in Figure 4.3, the percentage mass loss within each decomposition range 

varies for the different aggregate types. This variation is primarily due to differences in 

alkalinity behavior and the quantity and composition of calcium carbonate crystals present 

in each sample. For the NRCA-25, the mass loss in the CaCO₃ decomposition range (third 

band) was measured at 7.42% of the attached mortar mass. After accelerated carbonation 

(ARCA-25), this value increased to 11.93%, representing an increase of approximately 

4.5% by mass. This indicates that accelerated carbonation enhanced the formation of 

carbonate products in the mortar attached to the low strength aggregates. For the NRCA-

67, the mass loss in the same decomposition range was 4.00% prior to accelerated 

carbonation and increased to 5.12% after accelerated carbonation (ARCA-67), 

corresponding to a smaller increase of 1.12%. This relatively low increase in carbonate 

content confirms that aggregates derived from high strength PC have a much denser pore 

structure, which hinders the diffusion of CO₂ gas into the internal pores, even under 

controlled, pressurized carbonation conditions. These results are consistent with the 

findings from the pH tests and the physical and mechanical property measurements, where 

the high strength aggregates exhibited incomplete carbonation under similar treatment 

conditions. 

Previous studies found similar trend in CO2 consumption capacities of RCAs and 

concretes. For example, Farahani et al. [36] investigated the carbonation reaction of RCAs 

to quantify CO₂ uptake under different treatment conditions, and reported that RCAs can 

store up to 3% CO₂ by their mass. Similarly, Zhan et al. [37] examined the influence of 

carbonation treatment on the transport properties and steel corrosion behavior of RAC, 

finding that carbonation treatment enabled a CO₂ uptake of up to 18.55% by the mass of 

mortar. In addition, Leemann et al. [8] observed that carbonation treatment of RCAs can 

sequester approximately 21 kg of CO₂ per ton of dry RCA mass. Along the same line, Hu 

et al. [31] developed sustainable low carbon engineered cementitious composites (ECC) 

incorporating waste polyethylene fiber, sisal fiber, and carbonation curing. Their results 
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demonstrated that carbonation curing of ECC, when sisal fiber was used as a diffusion 

medium, achieved a CO₂ uptake of up to 21% by the mass of cement. 

 

Figure 4.3 TGA-DTA outputs of aggregates before and after accelerated carbonation 

4.4.4 XRD analysis 

The XRD patterns of the NRCA and ARCA samples are presented in Figure 4.4. As shown 

in the figure, the diffraction profiles display numerous identifiable peaks corresponding to 

quartz and other crystalline phases. However, the analysis in this study focused primarily 

on peaks associated with portlandite and its related phases, as well as the various 

polymorphs of calcite. This focus was chosen because the primary objective was to 
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evaluate the effect of carbonation treatment on calcite precipitation and the consequent 

reduction in aggregate alkalinity. The diffraction profiles showed that the carbonation 

treatment effectively reduced the alkalinity of the aggregates and promoted substantial 

calcite precipitation, thereby densifying the pore structure. In the accelerated carbonation 

specimens, the characteristic portlandite (Ca(OH)₂) peaks located at approximately 2θ = 

18°, 23°, and 34°, [38] exhibited markedly lower intensities compared with those of 

aggregates subjected to only natural pre carbonation. Conversely, the diffraction peaks 

corresponding to calcium carbonate polymorphs observed at approximately 2θ = 29°, 39°, 

43°, and 49° [35] were more prominent in the accelerated carbonation treated aggregates 

than in their naturally carbonated counterparts. 

Consistent with the TGA-DTA findings, the XRD results further indicate that aggregates 

derived from high strength PC (67 MPa cube compressive strength) exhibited relatively 

higher portlandite peak intensities compared with those obtained from normal strength PC 

(25 MPa). This difference is attributed to incomplete carbonation within aggregates from 

high strength concrete, likely due to their denser microstructure, which restricts CO₂ 

diffusion into the interior mortar phases. Overall, the XRD observations of this study align 

closely with trends reported in previous investigations [35, 38-39], reinforcing the 

conclusion that accelerated carbonation significantly alters the mineralogical composition 

of RCAs by promoting portlandite consumption and calcite formation. 
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Figure 4.4 XRD outputs of aggregates before and after accelerated carbonation, where: 

CH: Portlandite CC: Calcium carbonate polymorphs and the number followed them 

represents the corresponding 2 value.  

4.4.5 FTiR analysis 

The FTIR spectra of the NRCA and ARCA samples subjected to preprocessing carbonation 

and controlled pressurized accelerated carbonation are shown in Figure 4.5. Peak 

assignments for the identified functional groups are also indicated in the figure. In the 

NRCA specimens, a prominent absorption band at approximately 963 cm⁻¹ was attributed 

to portlandite and the silicate component of C-S-H [40]. Following pressurized accelerated 

carbonation, this band exhibited a noticeable shift towards a higher wavenumber, with post 

treatment peaks positioned at around 1028 cm⁻¹. This shift was particularly pronounced in 

aggregates derived from normal strength PC. 

Previous studies have reported that a reduction in portlandite content and a decrease in the 

Ca/Si ratio cause the Si-O bond vibrations in C-S-H and O-H groups to shift towards higher 
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wavenumbers. This observation supports the interpretation that during carbonation, Ca-

rich C-S-H reacts with CO₂ to form CaCO₃ and Si-rich C-S-H. The increase in the Si-rich 

C-S-H fraction results in the observed spectral shift [41]. 

Furthermore, pressurized accelerated carbonation produced a distinct increase in the 

intensity of peaks corresponding to calcite and its polymorphs. This is particularly evident 

at the band near 874 cm⁻¹, which became more pronounced after treatment. This change is 

attributed to the further reaction of C-S-H and portlandite with CO₂, yielding CaCO₃ 

(various calcite polymorphs) and calcium modified silica gel [42]. The carbonate bands 

characteristic of calcite polymorphs, observed at around 874 cm⁻¹ [43], also showed 

substantial intensification in the range of 1410-1440 cm⁻¹, with stronger signals detected 

in aggregates sourced from normal strength PC. Finally, the absence of a distinct 

portlandite signal in aggregates from normal strength PC was evident from the lack of 

absorption bands at approximately 3642 cm⁻¹, confirming the near complete consumption 

of portlandite during carbonation. 

 

Figure 4.5 FTIR spectra of the NRCA and ARCA samples 

4.4.6 Mechanical characteristics of carbonated recycled aggregate concrete 

Figure 4.6 summarizes the strength differences in cube compressive strength at 28 days, 

between various concrete mixtures incorporating NAs, NRCAs, and ARCAs. When 

compared to the NA controls, NRCA mixtures consistently showed a reduction in 
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compressive strength, reflecting the inherently lower quality of RCAs due to residual 

mortar and higher porosity. For example, NRCA (25)-(30)-(25) exhibited a 14.49% lower 

strength than N (25)-control, and NRCA (67)-(30)-(67) had 11.16% lower strength than N 

(67)-control. The reduction became slightly larger when the replacement level increased 

from 30% to 100%, confirming that higher replacement ratios lead to greater performance 

loss. This aligns with the known influence of aggregate quality on concrete strength. NRCA 

sourced from high strength PC (67 MPa) provided better performance than that from lower 

strength PC (25 MPa) for the same target strength. For instance, replacing NRCA (25)-

(100)-(25) with NRCA (67)-(100)-(25) reduced the strength loss from 14.39% to 12.63%, 

while in the 67 MPa target group, NRCA (67)-(100)-(67) outperformed NRCA (25)-(100)-

(67) by 18.09%. This improvement is attributed to the denser microstructure and lower 

porosity of aggregates from higher strength PC, which translates into better load transfer 

in the new mix. 

Accelerated carbonation treatment also improved RCA quality, resulting in higher 

compressive strengths compared to their NRCA counterparts. For 25 MPa target concrete, 

ARCA (25)-(100)-(25) achieved an 8.85% increase relative to NRCA (25)-(100)-(25). 

Likewise, ARCA (67)-(100)-(25) outperformed ARCA (25)-(100)-(25) by 9.51%, 

reflecting the combined benefits of accelerated carbonation and high PC strength. Even 

though, the ARCA from the high strength PC was not fully carbonated according to the 

results from microstructural testes, it showed an increase in compressive strength. The peak 

improvement was recorded for ARCA (67)-(100)-(67), which had a 21.35% higher strength 

than ARCA (25)-(100)-(67). 

In ARCA mixtures, the negative effect of increasing replacement ratio was still evident. 

ARCA (25)-(30)-(25) had 15.84% higher strength compared to ARCA (25)-(100)-(25), 

highlighting that partial replacement allows better retention of mechanical properties. 

These results are in agreement with existing literature, which attributes the performance 

improvements of ARCA to mineralogical changes such as portlandite consumption and 

calcite precipitation, leading to reduced porosity and enhanced aggregate mortar bonding. 

Several studies have investigated this effect, showing that carbonation can mitigate or even 

reverse the strength reduction typically associated with using recycled materials. 
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According to the study [41], “a research by Thomas et al [44] found that replacing 100% 

of NAs with untreated RCAs led to an 11-19% decrease in compressive strength. This 

finding aligns with Ozbakkaloglu et al [45] observation that higher replacement ratios of 

RCAs generally result in lower compressive strength”. However, treating the RCAs with 

carbonation introduces a key difference. A similar study, noted that while untreated RCAs 

caused a significant 26.3% strength reduction at a 100% replacement rate, carbonating the 

RCAs reversed this trend [46]. Their research [46] showed a substantial 22.6% increase in 

compressive strength for concrete made with 100% carbonated RCAs compared to 

concrete with noncarbonated RCAs.  

 

Figure 4.6 Mean compressive strengths of different samples 

Similarly, the mechanical performance of the concretes in terms of split tensile and flexural 

strength was evaluated to assess the effects of replacing NA with NRAC and ARAC as 

shown on Figure 4.7 and Figure 4.8. The reference mix, N (25)-control, composed entirely 

of NAs, achieved the highest performance, reaffirming the well established fact that NA 

concrete possesses superior strength characteristics compared to its NRCA and ARCA 

counterparts. Compared to this control, NRAC (25)-(30)-(25) exhibited a 10.68% 

reduction in split tensile strength and 8.70% reduction in flexural strength. Increasing the 

N
(2

5)
-c

on
tr

ol

N
R

A
C

(2
5)

-(
30

)-
(2

5)

N
R

A
C

(2
5)

-(
10

0)
-(

25
)

N
R

A
C

(2
5)

-(
30

)-
(6

7)

N
R

A
C

(2
5)

-(
10

0)
-(

67
)

A
R

A
C

(2
5)

-(
30

)-
(2

5)

A
R

A
C

(2
5)

-(
10

0)
-(

25
)

A
R

A
C

(2
5)

-(
30

)-
(6

7)

A
R

A
C

(2
5)

-(
10

0)
-(

67
)

N
(6

7)
-c

on
tr

ol

N
R

A
C

(6
7)

-(
30

)-
(2

5)

N
R

A
C

(6
7)

-(
10

0)
-(

25
)

N
R

A
C

(6
7)

-(
30

)-
(6

7)

N
R

A
C

(6
7)

-(
10

0)
-(

67
)

A
R

A
C

(6
7)

-(
30

)-
(2

5)

A
R

A
C

(6
7)

-(
10

0)
-(

25
)

A
R

A
C

(6
7)

-(
30

)-
(6

7)

A
R

A
C

(6
7)

-(
10

0)
-(

67
)

0

10

20

30

40

50

60

70

80

M
ea

n 
co

m
p
re

ss
iv

e 
st

re
n
gt

h
 (
M

P
a)

Sample name



Carbonation Treatment of RCAs 
 

115 
 

replacement level from 30% to full replacement (100%) in NRAC(25)-(100)-(25) caused 

a further 8.13% decrease in split tensile strength and a 3.30% decrease in flexural strength, 

illustrating the direct negative influence of higher RCA content on both tensile and bending 

performance. PC strength also emerged as a key factor. When comparing NRAC(25)-

(100)-(25) to NRAC(67)-(100)-(25), a 3.03% increase in split tensile strength was 

observed, alongside a modest 1.15% decrease in flexural strength, suggesting that high 

strength parent concrete (67 MPa) can partly offset the losses associated with RCA use in 

tensile performance. A similar trend appeared when comparing NRAC (25)-(100)-(67) 

with NRAC (67)-(100)-(67) where, split tensile and flexural strength rise drastically by 

25.98% and 30.04%, respectively. 

When accelerated carbonation was applied to NRAC, consistent improvements were 

observed. ARAC(25)-(100)-(25) achieved 8.57% higher split tensile strength and 3.30% 

higher flexural strength compared to the noncarbonated NRAC(25)-(100)-(25). Similarly, 

ARAC (25)-(30)-(25) surpassed ARAC (25)-(100)-(25) by 3.23% in split tensile strength 

and 7.77% in flexural strength, highlighting that both lower replacement percentages and 

carbonation treatment enhance mechanical performance. ARAC(25)-(100)-(67) exhibited 

a 24.21% lower split tensile strength and a 24.96% lower flexural strength compared to 

ARAC(67)-(100)-(67), clearly indicating the crucial role of PC quality in RCA 

performance enhancement, even after carbonation. A notable exception in the dataset is the  

1.15% decrease in flexural strength recorded in the concrete from high strength PC 

compared to normal strength PC, indicating that the low strength PC NRAC unexpectedly 

outperformed the NRAC from high strength PC. This could be attributed to experimental 

variability, batching inconsistencies, or human error, and does not align with the broader 

trends observed. Similarly, it has been seen that at higher strength PC the tensile load 

resistance of the RAC has reached equivalent to NAC. 



Carbonation Treatment of RCAs 
 

116 
 

 

Figure 4.7 Mean split tensile strengths of samples 

Previous studies conducted on mechanical properties enhancement by using accelerated 

carbonation showed that the split tensile and flexural strengths of carbonation treated RCA 

concrete had enhanced strength compared with the untreated aggregate concrete. For 

example, Tong et al [47] conducted a study on the effect of carbonated RCAs on the 

strength properties of 3D printed concrete, and found that, at the RCAs replacement level 

of 100 %, the flexural strength and splitting tensile strength increased by a maximum of 

24.71 % in the X direction, 12.95 % in the Y direction and 18.27 % in the Z direction after 

RCA carbonation. on the other hand, Hadjari et al [48] investigated on the mechanical and 

fracture properties of RAC and found that compressive and tensile behavior of the RCA 

concrete remain comparable to, or even slightly greater than, those of NA concrete, with 

optimal performance at a 60% replacement rate. 
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Figure 4.8 Mean flexural strengths of samples 

The limitations in the range of PC strength used (normal strength and high strength) are 

due to limitations related to budget. But using wide varieties including very low strength, 

medium strength and high strength PC of greater than 70 Mpa can increase the accuracy 

and generalizability of the results. 

4.5. Conclusion and recommendation 

The current body of knowledge offers limited understanding of how material source 

characteristics influence the carbonation process, as well as the effect of pre accelerated 

carbonation of RCAs on CO₂ storage capacity, often overlooking precise behavioral 

interactions and the accurate estimation of CO₂ sequestration and storage potential in 

RCAs. To address this gap, this study conducted an extensive experimental investigation 

on NRCA and ARCA derived from PCs of varying strengths, as well as on concretes 

produced from these aggregates. Based on the findings, the following conclusions and 

recommendations are presented. 

 Preprocessing carbonation, which is common in real world scenarios, significantly 

impacts the pressurized accelerated carbonation capacity of RCAs. 
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 Variations in PC strength also significantly impact the CO₂ storage capacity of 

RCAs. 

 Carbonation reduces the water absorption and crushing value of the RCAs. 

 RCAs from high strength PC are unable to fully carbonate even after pressurized 

accelerated carbonation extended from 3 to 7 days. This may be due to their dense 

pore structure hindering CO₂ diffusion within the aggregates. 

 The preprocessing carbonation stored up to 7.5 % by mass of mortar of CO2, while 

the pressurize carbonation stored up to 12% by mass of mortar of CO2 in the form 

of calcium carbonate polymorphs  

 Compressive, split tensile and flexural strengths increased by maximum of 12.5%, 

8.59% and 3.3% respectively by carbonation treatment. The change in aggregate 

source from normal strength to high strength induced an increase in compressive, 

split tensile and flexural strength of 18%, 25.96% and 30 % respectively. 

 Aggregate size effect, a limitation which was not considered in this study, could 

also impact the carbonation degree of RCAs from high strength PC.  

 Futures studies should focus on finding alternative carbonation methodologies that 

help in carbonation treatment of RCAs sourced from high strength PCs.  

 Since this study was conducted on a small, laboratory scale, future research should 

consider expanding it to industrial scale mass production of carbonated RCAs. 
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 5.1. Introduction 

As already discussed in the previous sections in detail, concrete and other materials 

recycling coordinated with carbonation is increasingly recognized as a vital strategy in 

sustainable construction [1-13]. While the benefits of carbonated RAC are well established, 

traditional laboratory testing of its mechanical properties is labor intensive, costly, and time 

consuming [14]. These constraints hinder rapid mix optimization and large scale adoption. 

Predictive modeling offers a practical alternative by enabling accurate property estimation 

based on mix proportions, material properties, and carbonation parameters, thereby 

reducing the need for exhaustive experimental testing [15-17]. Classical regression 

techniques, such as multiple linear regression (MLR), Ridge regression and polynomial 

MLR, have been widely applied in predicting concrete strengths due to their interpretability 

and ability to quantify linear and simple nonlinear relationships [18-20]. However, these 

methods performs less when dealing with complex, nonlinear interactions.  

Recent advances in deep ML and ensemble learning offer powerful tools for overcoming 

these limitations. Models such as Random Forest, Decision Tree, and LightGBM can 

capture nonlinearities, handle high dimensional data, and automatically identify important 

input features [21-24]. Optimization frameworks such as k-fold cross validation enable 

systematic hyper parameter tuning and Shapley Additive explanations (SHAP) for 

interpretability [25].  

Despite the growing body of research on predictive modeling for conventional concrete 

and RAC, there is a notable gap. To the best of the authors’ knowledge, no study to date 

has developed predictive models considering parameters like carbonation treatment and 

PC strength effects on the characteristics of RCAs and ARACs. Additionally, effects of 

multicollinearity and correlation between data sets on the predictive capacity of regression 

based and deep learning models are not explored. Furthermore, systematic comparisons 

between classical regression based ML models and new ensemble and deep learning based 

ML approaches for carbonated RCA remain unexplored. 

The present study aims to fill these gaps by developing and evaluating predictive models 

for the compressive strength of carbonated RCA concrete. Composite indices for correlated 

data will be developed and a comparison of the ML data outputs using the individual 
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dataset and aggregated datasets will be explored. Both classical regression based ML 

methods (MLR, Ridge and Polynomial MLR) and advanced ML techniques (Random 

Forest, Decision Tree, and LightGBM) are employed. These models have been selected 

due to their simplicity for justification, including their suitability for nonlinear material 

behavior prediction and their performance on relatively limited experimental datasets.  

Model performance is compared in terms of predictive accuracy, robustness, 

interpretability, and computational efficiency. The research further seeks to identify the 

most influential parameters governing carbonated RAC performance.  

5.2. Methodology 

5.2.1. Source of data 

The data used for strength predictions in this study were obtained from an experimental 

program reported in a previous work by the present authors [26]. In that study, 108 concrete 

samples were tested for compressive strength. The datasets were categorized into five 

groups: (i) mix design proportioning of the target concrete, (ii) physical and mechanical 

properties of the coarse aggregates, (iii) PC strength effects on RCA carbonation degree, 

(iv) quantified CO₂ stored by carbonation (expressed as percent by mass of mortar attached 

to RCAs), and (v) percentage replacement of RAs with RCAs. The eight individual data 

sets from the 5 categories were, water to cement ratio (W/C), cement to Coarse aggregate 

ratio (C/Ca), cement to fine aggregate ratio (C/Fa), water absorption (Wa) of NA and RCA 

in percent, crushing value (Cv) of NA and RCAs in percent, PC strength (Pcs) of RCA, 

degree of carbonation (Dc) of RCA, and Replacement ratio (Rr) of NAs by RCAs. The 

descriptive statistics of these data sets and the output variable which is compressive 

strength (CS) are shown in table 5.1.  
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Table 5.1 Descriptive statistics of the predictor variables and target variable 

Variable Mean St. Dev Minimum Maximum Skewness Kurtosis 

C/Ca 0.3855 0.1251 0.2610 0.5100 -0.00 -2.04 

C/Fa 0.7510 0.4179 0.3350 1.1670 -0.00 -2.04 

W/C 0.4150 0.1557 0.2600 0.5700 0.00 -2.04 

Wa (%) 3.629 1.096 2.250 5.910 0.82 -0.28 

Cv (%) 22.952 4.073 18.010 30.710 0.76 -0.71 

Rr (%) 57.89 38.83 1.00 100.00 0.05 -1.76 

Dc (%) 4.141 3.500 0.100 11.930 1.06 0.25 

Pcs (Mpa) 26.57 23.19 0.10 67.00 0.91 -0.58 

CS (Mpa) 39.38 17.98 18.07 70.42 0.26 -1.63 

 

5.2.2. Data validity and assumption checks prior to regression based machine learning 

modeling 

Prior to modeling, a series of statistical validity checks were conducted to ensure that the 

predictor variables were accurately represented in the models and that the fundamental 

assumptions of multiple regression and data processing were reasonably met [27, 28]. The 

initial step involved was examining the pairwise correlations among the predictor variables 

as shown in figure 5.1. It was observed that C/Ca, W/C, and C/Fa exhibited high 

intercorrelation to each other. In addition, a strong correlation was found between Wa, Cv, 

Rr, and Dc suggesting a high degree of correlation in the information provided by these 

predictors. 
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Figure 5.1 Pearson’s correlation matrix between predictor variables before aggregation 

The presence of such high correlations raised a substantial concern regarding 

multicollinearity, which was further confirmed through Variance Inflation Factor (VIF) 

analysis as shown in table 5.2 [29]. Extremely large VIF values (see table 5.2), were seen 

in the data sets, indicating multicollinearity and may lead to unstable coefficient estimates, 

inflate standard errors, and difficulties in determining the relative importance of individual 

predictors. 
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Table 5.2 Significance and multicollinearity between predictors before aggregation 
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To address this issue, a combined index approach was implemented as a countermeasure 

[29, 30]. This involved aggregating highly correlated variables into composite indices, 

thereby retaining the essential information they contribute while reducing the 

interdependence between predictors. In this study, two composite predictors were 

developed to address multicollinearity among highly correlated variables, while retaining 

the essential engineering significance of each constituent parameter. The composites were 

formulated based on essential physical and mechanical characteristics of aggregates 

(Performance Index) and the strength governing proportions of the mix (proportioning 

Index) in a compact and statistically sound form using multiplicative, divisive, and 

exponential relationships informed by domain knowledge and statistical optimization [30]. 

The composite indices were created for the proportioning variables (W/C, C/Ca and C/Fa), 

and aggregate performance indicators (Wa, Cv and Pcs). The new data set after aggregation 

were then became, replacement ratio (x1), degree of carbonation (x2), proportioning index 

(x3) and performance index (x4).  

To perform the aggregation, domain knowledge was used to derive the proportioning index 

and performance indices. A statistical optimization was then applied to ensure that the 

correlation between predictors was reduced to below 0.8 and the VIF to below 5. This step 

was necessary to minimize instability and overfitting caused by multicollinearity. Based 

on these criteria, the new indices were fed into a machine learning model, which was used 

to learn and determine the optimized exponents: 

𝑥ଵ = 𝑅௥
௔భ            (5.1) 

𝑥ଶ = 𝐷௖
௔మ           (5.2)  
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         (5.3) 

𝑥ସ = (
௉೎ೞ

ೌల

(ௐೌ ೌళ×஼ೡ
ೌఴ)

)௔వ         (5.4) 

After optimization using ML the values of the exponents were obtained as follows: 

a1 = 1.911, a2 = 0.103, a3 = 1.165, a4 = 0.801, a5= 1.481, a6= 1.053, a7= 1.752, a8= 0.986, 

a9= 0.659. All correlation values and VIFs fell below their respective limits, as shown in 

Table 3 and Figure 2. 

The proportioning index (x3) reflects the balance between binder content, coarse and fine 

aggregate mass, and water dosage in the RAC mix. The product of the cement to coarse 

aggregate and cement to fine aggregate ratios represents the overall binder richness of the 

mix relative to the aggregate mass. Dividing by the water to cement ratio adjusts the index 

to account for water content, a critical determinant of workability and strength 

development. Physically, a higher proportion index value corresponds to mixes with 

greater binder content, generally associated with higher strength and reduced porosity. The 

index therefore encapsulates the combined influence of mix composition parameters in a 

single value, reducing collinearity between the original ratios while retaining their 

collective predictive power. 

The performance index (x4) integrated three critical aggregate characteristics into a single 

measure of aggregate quality. PC strength, in the numerator, reflects the intrinsic load 

bearing capacity of the original aggregate source. The denominator combines water 

absorption, representing pore structure, and aggregate crushing value, representing 

resistance to mechanical breakdown. The physical interpretation of this composite is 

straightforward where higher parent strength increases the index, while higher porosity or 

lower mechanical durability reduces it. Thus, the index expresses a net measure of 

aggregate performance. Statistically, combining these collinear parameters into one 

variable mitigates redundancy in regression modelling, ensuring VIF remain within 

acceptable limits while preserving the behavioral influence of each individual property. 

The exponents in each predictor are determined based on the statistical optimization that 
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the data fulfils all the statistical checks (see (tables 5.3 and fig 5.2) before processing 

machine learning modeling.  

 

Figure 5.2 Pearson’s correlation matrix after aggregation 

Table 5.3 VIF after aggregation. 

Feature           X1                X2                X3                X4           

 VIF  2.4911  2.3209  1.0001  1.1732 

To prevent the composite indexes from becoming infinite, small insignificant values were 

assumed instead of using zero for the NAC. For replacement ratio, a value of 1% was used 

instead of 0%. For the degree of carbonation and PC effects, 0.1% was used. These small 

adjustments avoid division by zero while ensuring the composite indexes remain finite. 

Importantly, these assumed values do not affect the characteristics or behavior of the 

models being developed. 

Following the construction of composite indices for highly correlated predictors, two 

separate modeling pathways were pursued. The aim of this stage was to determine whether 

the presence of intercorrelation among predictors influences the predictive performance of 

regression based ML models. In the first pathway, models were trained using the original 

dataset containing the individual predictors. In the second pathway, models were trained 
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using the composite dataset, in which correlated predictors had been aggregated into 

indices. Both modeling pathways were implemented under identical conditions where the 

same data preprocessing steps, including training and testing partitioning, and algorithm 

settings were applied to ensure fair comparison. Model performance was assessed using 

standard regression evaluation metrics. Comparing the predictive outcomes of the two 

models, we can see if intercorrelation among predictors, has a significant effect on the 

models' accuracy and stability. 

 

 

  Figure 5.3 Frequency distribution of features after aggregation  
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5.2.3. Principles of the classical statistical models and deep learning algorisms 

In numerical modeling, selecting the right regression approach depends not only on the 

nature of the data but also on the underlying assumptions about how features influence the 

target [31]. This section explores a spectrum of regression methods from classical statistical 

models to advanced machine learning architectures. Each technique is briefly outlined, 

focusing on its internal logic, typical use cases, and how it adapts to different data 

structures. Three classical regression-based algorism and three ensemble and deep 

learning-based algorisms were used in this study and these were, MLR, Ridge, ploy MLR, 

Random Forest, Decision Tree, and LightGBM. 

5.2.3.1 Classical MLR models 

A regression model provides a mathematical framework for describing how one variable 

of interest changes in relation to one or more influencing factors. If the model incorporates 

only a single predictor, it is termed a simple regression. But, when it includes two or more 

predictors, it becomes a multiple regression model. Such models are widely used to 

quantify the degree and nature of association between explanatory variables and the 

response, with the aim of revealing patterns and dependencies that might otherwise remain 

hidden [31]. 

In a simple regression scenario, the model seeks a single straight line that best represents 

the relationship between the dependent and independent variable across all observations. 

Multiple regression extends this principle to higher dimensions that, instead of fitting a 

line, it estimates a hyperplane that best represents the combined effect of several predictors. 

While the inclusion of multiple variables increases analytical complexity, it also allows for 

richer interpretations, including the possibility that the influence of one predictor may vary 

depending on the level of another. These dependencies may manifest as linear trends, 

curvature, or conditional effects [32]. 

The general structure of MLR model can be expressed as: 

y= 𝑏଴ + ෍ 𝑏௝

௡

௝ୀଵ
𝑥௝                                   (5.5) 
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b0 is the intercept, and bj are the partial regression coefficients reflecting the marginal 

contribution of each predictor. The coefficients are typically estimated using the least 

squares method, which minimizes the sum of squared differences between observed and 

predicted values [32]. Ridge regression is a type of regularized linear regression that helps 

prevent overfitting by adding a penalty on the size of the model coefficients. 

Polynomial regression builds on the MLR framework by introducing higher order and 

interaction terms, enabling the model to capture curved relationships without discarding 

the linear estimation approach. This enhancement increases the model’s flexibility in fitting 

data that exhibit nonlinear patterns. However, the inclusion of many polynomial terms also 

increases the likelihood of overfitting, particularly when the number of predictors or 

polynomial degree is high. Nevertheless, for datasets with relatively smooth curvature, 

polynomial MLR can yield highly accurate and interpretable fits. The polynomial MLR 

equation of degree two is expressed as: 

𝑦 = 𝑏଴ + ∑ 𝑏௝𝑥௝
௡
௝ୀଵ + ∑ 𝑏௝௝𝑥௝

ଶ௡
௝ୀଵ + ∑ 𝑏௜௝𝑥௜𝑥௝ଵஸ௜ஸ௝ஸ௡         (5.6)  

Where bjj, denotes coefficients for the squared terms of each predictor, and bij, 

corresponds to coefficients for interaction terms between predictors. 

5.2.3.2 Tree based learning algorisms 

a.  Decision Tree 

The algorithm works by recursively splitting the dataset based on feature values that 

provides the best discriminatory power, resulting in a tree like structure [33]. Each internal 

node represents a decision based on the input feature, and the leaves represent the specific 

classification outcome or value of the tested attribute. The tree is constructed using a greedy 

approach, selecting the best feature to split the data at each step [34]. Decision Trees 

partition the feature space into regions using recursive binary splits. For input x, prediction 

is the average of target values in the corresponding region: 

𝑦(𝑥) = ∑ 𝑐௡
௡
௡ୀଵ 1(𝑥 ∈ 𝑅௡)            (5.7) 

Where, Rn are regions (leaf nodes), Cn is the mean response in Rn, and 1(𝑥 ∈ 𝑅௡) is the 

indicator function. Splits are chosen to minimize impurity measures. 
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b.  Random Forest 

Random Forest, an ensemble learning technique, builds multiple decision trees and 

aggregates their results to improve predictive performance and reduce overfitting [33, 35]. 

Each tree in the forest is trained on a random subset of the data, and predictions of each are 

combined through majority voting to produce the final classification. The Random Forest 

model was used to compare its performance to the Decision Tree, with expectations of 

improved accuracy and reduced variance. This method is often preferred in situations 

where robustness and generalization are important [33]. Random Forest’s average 

predictions are generated from many decision trees built on bootstrapped data samples and 

random feature subsets [36, 37]: 

𝑦(𝑥) =
ଵ

்
∑ 𝑦௧(𝑥)்

௧ୀଵ              (5.8) 

Where, yt (x) is the prediction of the tth tree and T is the total number of trees. This reduces 

variance and overfitting compared to a single decision tree [37, 39]. 

c.  LightGBM 

LightGBM is a gradient boosting framework that builds decision trees sequentially, each 

one correcting errors of the previous. It uses advanced optimizations such as leaf wise tree 

growth, gradient based one side sampling, and exclusive feature bundling, making it highly 

efficient for large scale tabular data [38]. LightGBM achieves better performance on many 

tabular tasks, handling complex nonlinear relationships with minimal manual feature 

engineering. Interpretability is moderate, with tools like SHAP often needed to explain 

predictions. Overfitting is possible, but well controlled with parameters like tree depth, 

learning rate, and regularization. It is highly scalable and computationally efficient, though 

essentially a black box model. The model results are found by adding the prediction of all 

the ensemble trees (Equation 5.9), where fn (x) indicates the prediction from the nth 

individual tree [38, 39]. 

𝑦(௫) = ∑ 𝑓௡(𝑥)௡
ଵ              (5.9) 

During the training and testing of the models; in the MLR model, Ordinary Least Squares 

estimation was applied directly to the original feature set. In the Polynomial MLR, 
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nonlinear feature interactions were introduced through a second degree polynomial 

expansion (excluding the bias term), followed by linear regression. The Random Forest 

model was implemented as an ensemble of 100 decision trees (n-estimators = 100) with 

fixed randomization to ensure reproducibility. For LightGBM, a gradient boosting based 

ensemble approach was employed with default parameters and a fixed random seed. All 

models were trained independently within each fold, using only the corresponding training 

subset, with hyperparameters fixed to ensure fair and consistent comparisons. 

5.2.3.3 Cross validation strategy 

Model evaluation employed fivefold cross validation to ensure robust performance 

assessment and minimize bias due to data partitioning. The dataset was randomly shuffled 

prior to splitting, with a fixed seed (random state = 42) to maintain reproducibility. Each 

fold consisted of mutually exclusive training (80%) and testing (20%).  

5.2.3.4 Quantitative performance metrics 

To provide a comprehensive evaluation of predictive accuracy and robustness, multiple 

statistical metrics were computed for both training and testing sets: 

Coefficient of determination (𝑅2) was applied to assess explanatory power, with adjustment 

for the number of predictors. Root Mean Square Error (RMSE) used to measure prediction 

error in absolute terms. While Mean Absolute Error (MAE) used to determine average 

magnitude of error. The expected values for the indice R2 should ideally be 1, indicating 

good prediction level, while RMSE, and MAE should ideally be 0, indicating less errors in 

the predictions. In general, a predictive model is ideal if its performance indices are close 

to or strictly at these values [40]. The equations for calculating these indices are presented 

in Eqs. (5.10-5.12) as follows [40, 41]: 

𝑅ଶ = 1 −
∑ (௬೔ିŷ)మ೙

೙సభ

∑ (௬೔ିȳ)మ೙
೙సభ

           (5.10) 

Where, yi are observed value, ŷ are predicted value and ȳ are mean of observed value. 

  𝑅𝑀𝑆𝐸 = ට
ଵ

௡
∑ (𝑦௜ − ŷ)ଶ௡

௡ୀଵ           (5.11) 

𝑀𝐴𝐸 =
ଵ

௡
∑ |𝑦௜

௡
௡ୀଵ − ŷ|          (5.12) 
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5.2.3.5 Visual performance metrics 

When evaluating models, visual checks are extremely useful because they make complex 

statistics easier to understand at a glance [40]. To complement the numerical evaluation of 

model performance, visual diagnostic techniques were applied. These techniques were, 

scatter plots, residual plots, histograms of residuals, and quantile-quantile (Q-Q) plots. 

Scatter plots, in which predicted values were plotted against the observed data, provided 

an overview of how closely the model output followed the actual trend. Ideally, points 

cluster around the line, and noticeable departures from this line highlight areas of reduced 

reliability. Residual plots offered further insight by presenting the distribution of prediction 

errors. Systematic patterns, such as consistent underestimation or overestimation in certain 

ranges or increasing error spread with larger values, were examined to identify potential 

weaknesses in the models. 

Histograms of the residuals were used to evaluate the overall error distribution. A 

distribution centered near zero with a roughly symmetric shape indicates unbiased 

predictions, while skewed or shifted distributions suggest bias. In addition, Q-Q plots were 

generated to compare the residuals with a theoretical normal distribution for the test 

dataset. Alignment of points along the diagonal indicated that the normality assumption 

was reasonable, whereas systematic deviations reflected no normal error structures. 

5.2.3.6. Feature importance analysis 

To investigate the sensitivity of machine learning models and to interpret their behavior at 

both broad and granular levels, the SHAP framework, grounded in cooperative game 

theory principles, was applied [42]. This method was used to evaluate the relative 

contribution of each input variable to the model’s predictions. As a sophisticated tool 

within explainable artificial intelligence, SHAP provides a transparent view of how input 

features interact and influence the output. By quantifying feature impacts, it highlights 

which variables play the most significant roles in shaping predictions and clarifies the 

direction and magnitude of their effects on the model’s results [40, 43]. 

5.2.3.7. Pipeline and scientific libraries 

The experimental pipeline was implemented in Python 3.10 with a notebook of Spider 

version 6, using Scikit-learn, LightGBM, and supporting scientific libraries. 
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5.3. Result and discussion 

5.3.1 Data correlation effects on model performance 

The outputs from different machine learning modeling approaches showed that the 

predictions using the individual datasets and composite indices on the MLR based models 

have shown some differences. But in the tree based models there have not shown tangible 

differences. Figures 5.4 shows the effects of data type on the residual compressive strength 

outputs of different ML. The residual are scattered following the same line on the tree based 

models for both datasets but some deviations are seen on MLR, Ridge regression and Poly 

MLR. It is shown that the individual data performed well on these models.  

The quantitative matrices comparisons between models trained on individual predictors 

and those using composite indices are shown on table 5.4 and table 5.5. With the composite 

predictors, MLR, Ridge regression and Poly MLR achieved fair accuracy with test R² of 

0.965, 0.967 and 0.983 respectively. Similarly with the individual predictors they achieved 

a test R2 values of 0.975, 0.975 and 0.991 respectively. Decision Tree, Random Forest and 

LightGBM models all achieved very high predictive performance (test R² >0.991) under 

both datasets, with minimal train-test differences. Overall, the results indicate that predictor 

intercorrelation is a minimal concern for classical linear models, where it can contribute to 

overfitting and unstable parameter estimates. For more advanced models, particularly 

ensemble tree methods, multicollinearity had little to no effect, as they inherently manage 

redundancy among predictors. This suggests that while composite indexing can improve 

the stability of simpler models such as MLR, modern ML algorithms can reliably predict 

concrete compressive strength even in the presence of highly correlated predictors. 

Nonetheless, the composite indices continue to demonstrate substantial value by greatly 

simplifying model variables. Equations. (5.15) and (5.16) reveal that prediction equations 

from classical models, especially polynomial MLR models are often long. Using composite 

indices, as shown in Equations. (5.13) and (5.14), has reduce this complexity. The indices 

condensed multiple variables into single, coherent metrics, making the models far more 

manageable and actionable. 
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Figure 5.4 Model output comparisons between individual and aggregated data for locked test 

datasets.  

Where, DT is decision tree, PMLR is polynomial MLR, LGBM is lightGBM, RF is random forest. 
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𝑀𝐿𝑅 𝐶𝑆஺௚௚, = 48.150 − 0.00048𝑥ଵ − 26.935𝑥ଶ + 9.525𝑥ଷ + 13.573𝑥ସ    (5.13) 

Where MLR CSAgg., is the compressive strength prediction equation derived from 

multilinear regression based machine learning and aggregated composite predictors. 

𝑝𝑜𝑙𝑦 𝑀𝐿𝑅 𝐶𝑆஺௚௚. = 6435.953 + 1.417𝑥ଵ − 12271.462𝑥ଶ + 1.2448𝑥ଷ −

5030.874𝑥ସ − 0.000144𝑥ଵ
ଶ − 0.294𝑥ଵ𝑥ଶ − 0.000018𝑥ଵ𝑥ଷ − 0.110𝑥ଵ𝑥ସ +

5275.472𝑥ଶ
ଶ − 11.267𝑥ଶ𝑥ଷ + 4889.829𝑥ଶ𝑥ସ + 4.975𝑥ଷ

ଶ + 4.125𝑥ଷ𝑥ସ − 174.564𝑥ସ
ଶ   

(5.14)  

Where, poly MLR CSAgg., is the compressive strength prediction equation derived from 

polynomial multilinear regression based machine learning and aggregated composite 

predictors. 

𝑀𝐿𝑅 𝐶𝑆௜௡ௗ௩. = 374.051 + 10.277
஼

஼ೌ
+ 34.339

஼

ிೌ
− 12.794

ௐ

஼
− 91.591𝑊௔ −

8.310𝐶௩ + 8.076𝑅௥ − 25.664𝐷௖ − 7.424𝑃௖௦       (5.15) 

Where MLR CSIndv., is the compressive strength prediction equation derived from 
multilinear regression based machine learning with individual predictor data sets. 

𝑃𝑜𝑙𝑦 𝑀𝐿𝑅 𝐶𝑆ூ௡ௗ௩. == 792224.051 − 170.639
஼

஼ೌ
− 570.167

஼

ிೌ
+ 212.442

ௐ

஼
−

1425.529𝑊௔ − 187.573𝐶௩ − 1523.173𝑅௥ − 529.283𝐷௖ − 1756.424𝑃௖௦ −

131.562(
஼

஼ೌ
)ଶ − 347.949

஼

஼ೌ

஼
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஼
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425.264𝑊௔𝐷௖ + 2064.348𝑊௔𝑃௖௦ + 581.360𝐶௩
ଶ + 1165.162𝐶௩𝑅௥ − 6957.866𝐶௩𝐷௖ −
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ଶ −
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ଶ                                                                                     (5.16) 
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Where, poly MLR CSIndv, is the compressive strength prediction equation derived from 

polynomial multilinear regression based machine learning with individual predictor data 

sets. 

 

Figure 5.5 Relationship between actual experimental compressive strength and predicted 
values in multiple models. 

5.3.2 Model performance comparisons 

The series of plots comparing actual versus predicted compressive strength values for 

different models are shown on Figure 5.5 revealing distinct performance patterns across 

the methods. MLR, Ridge and Polynomial MLR (Figure 5.5, a, b and f) has shown 

reasonably good agreement between predicted and actual values. The points are largely 

clustered around the ideal 45° line, indicating that these models capture the general trend 

of the data. The polynomial MLR improves alignment for some values, suggesting that 

introducing a nonlinear term helps capture some curvature in the relationship. However, 

deviations at some values indicate some residual bias that these classical regression models 

may not fully capture [44-47]. 
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Decision Tree, Random Forest (Figure 5.5, c, d and e) has demonstrated improved 

prediction accuracy over classical regression models. Decision Tree models already 

provide a better fit compared to MLR for nonlinear patterns, while Random Forest further 

enhance predictive performance by averaging multiple trees, reducing overfitting, and 

capturing complex interactions. The clustering of points near the ideal line in (Figure 5.5, 

c, d and e) confirms their robustness across test datasets. These models effectively manage 

the nonlinearity and heteroscedasticity in the data [46-48]. 

 

Figure 5.6 Models performance comparisons using adjusted R2 and MAE. 

The figural representations of the quantitative performance metrics (R2 and MAE) and 

visual performance metrics (Q-Q plots and residual histograms) of the regression based 

ML models are shown on Figures 5.6, 5.7 and 5.8, as well as all quantitative performance 

metrics scores of these models are shown on table 5.4 for aggregated datasets and Table 

5.5 for individual data sets. These results provides valuable insights into the predictive 

performance of the various ML models on the given dataset. The evaluation of the 

qualitative performance metrics R2, MAE and RMSE for training and testing datasets, as 

well as an analysis of the visual performance metrics like the distribution of the models' 

residuals, revealed a clear hierarchy of model effectiveness, with nonlinear, tree based 

models outperforming traditional linear and polynomial regression methods. As shown in 

the performance metrics, the Decision Tree, Random Forest and LightGBM models 

demonstrated superior predictive accuracy and stability. Both models achieved the best 

qualitative metrics values on the test set, indicating that they were most effective at 

capturing the underlying patterns in the data and minimizing prediction error. The small 

discrepancy between their training and testing scores suggests strong generalization 
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capabilities, indicating that these models are not overfitting the training data. This 

performance is consistent with the nature of these models, which are well suited to handle 

complex, nonlinear relationships and intricate feature interactions that linear models 

cannot. Many studies have compared different models for better performances based on 

their data types [49, 50]. 

Further evidence of the models' performance can be found by examining the distribution 

of their residuals using Q-Q plots and residual histograms. The histograms visually 

represent the frequency of different residual values, while the Q-Q plots compare the 

quantiles of the residuals to the quantiles of a theoretical normal distribution. For a well 

fitting model, both plots should demonstrate a bell shaped curve and a close alignment with 

the diagonal line, respectively [51]. 

The residual histograms for the Decision Tree, Random forest and LightGBM models show 

a fair distribution that is close to a bell shaped curve, with residuals centered around zero. 

This is a strong indication that these models are fairly capturing the systematic relationships 

in the data. The corresponding Q-Q plots for these models show that their residuals are 

close to a normal distribution, confirming that their predictions are both accurate and 

reliable.  

Conversely, the MLR, Ridge regression models yielded the weakest performance, with the 

lowest test R2 (0.965) and the highest MAE (2.65). This indicates that the relationship 

between the predictors and the target variable is likely not linear, and that a simple linear 

model is unable to model the data as accurate as tree based models. The residual histogram 

for the Linear MLR models is noticeably less centered and shows a wider spread, indicating 

less prediction capability compared to other models. An improvement in performance 

observed in the Polynomial MLR model which achieved a better qualitative performance 

than the standard MLR further supports the conclusion that nonlinear relationships are a 

key characteristic of this dataset. However, its residual histogram, while better than the 

standard MLR, is still not as well formed as the tree based models' histograms, suggesting 

that even with polynomial terms, a linear based model struggles to fully capture the data's 

structure. 
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Table 5.4 Quantitative performance indicators of models using aggregated data 

Final test results (Aggregated composite data) 
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Analysis of average residuals for each model also showed that the poly MLR, Decision 

Tree, Random Forest and LightGBM models all demonstrated strong performance on the 

testing data, outperforming the standard linear MLR models. 
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Table 5.5 Quantitative performance indicators of models using individual data 

Final test results (Individual data) 
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Figure 5.7 Q-Q plot of the test residuals of the models  

The simple multilinear models exhibited an average locked test residual values of not less 

than 2.56 Mpa on the individual data and 2.65 Mpa on composite data. The scatter plots 

further confirm this performance, as the predictions from the MLR models show a wide 

deviation of up to 6.3 MPa, falling within a ±30% maximum error range from the actual 

experimental data. In contrast, the poly MLR model, which added complexity, achieved a 

lower testing average residual of 1.21 Mpa on the individual data and 1.88 Mpa on the 

composite data, showing its superior ability to generalize to new, unseen data. This model's 

better ability to generalize is further supported by its scatter plot analysis, which shows a 

significantly more accurate prediction with only a ±15% maximum error range. 

Similarly, the Decision Tree, Random Forest and LightGBM models also performed well 

on the test set. The Decision Tree Random forest and LightGBM models testing average 

residuals were 1.17 Mpa, 1.25 MPa and 1.17 MPa, respectively, on both the individual and 

composited datasets. The scatter plots for Decision Tree, Random Forest and LightGBM 

models reinforce their accuracy, with both showing a tight error range of ±13% from the 

experimental data. 
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Figure 5.8 Histogram of residual of the prediction models 

5.3.3. Sensitivity analysis 

This section examines the SHAP summary plots of the individual predictors (C/Ca, C/Fa, 

W/C, Wa, Cv, Dc, Pcs and Rr) as can be seen on Figure 5.9 and the composite induced 

predictors (x1, x2, x3 and x4) as can be seen on Figure 5.10, to evaluate the influence of 

predictor variables on a machine learning model for concrete compressive strength [52]. 

SHAP values on the horizontal axis indicate each feature’s contribution to model 

predictions were positive values enhance the output, and negative values reduce it. Data 

point colors reflect feature magnitude, with red for high values and blue for low values 

[14]. The analysis shows that all predictors impact the model, though to varying degrees. 

The most influential variables are the cement and water related ratios (W/C, C/Ca and C/Fa), 

forming a composite index x3. High C/Ca and C/Fa ratios combined with low W/C strongly 

increase predicted compressive strength, consistent with standard mix design principles. 
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Figure 5.9 Random forest’s SHAP analysis report of the individual predictors 

The degree of carbonation ranks second in importance. Its effect looks complex and 

nonlinear, with both high and low values producing substantial positive and negative 

contributions. This was due to the incomplete carbonation of the high PC aggregates. The 

percentage of the carbonation byproducts in low strength PC aggregates were higher 

compared to aggregates sourced from high strength PC. But conversely, even though the 

amount of carbonation by products were less in the high strength PC aggregates, the 

resultant compressive strength of the concrete produced from these aggregates was higher 

compared to the aggregates produced from low strength PC. This behavior introduced the 

nonlinear behavior in the SHAP.  Composite index x4, encompassing (Wa and Cv along 

with Pcs), shows moderate influence. Individually these factors were impactful. However, 

collectively they exert less effect than the mix proportioning index variables and 

carbonation. The replacement ratio of NA with RCA (Rr, composite index x1) has the least 

impact, with SHAP values clustered near zero. This insight can guide optimized concrete 

mix design for enhanced performance. 
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Figure 5.10 Random forest’s SHAP analysis report of the aggregated predictors 

Additionally, SHAP dependence plots were used to examine the marginal effects of the 

key input variables on the Random Forest predictions of compressive strength. Figure 5. 

11 shows the dependence plots between variables x1, x2 and x3. The variable x1 showed 

SHAP values clustered near zero across its entire range, indicating that it contributed 

minimally to the model’s predictions. In contrast, x2 exhibited both positive and negative 

SHAP values (approximately -10 to +9 MPa), demonstrating a meaningful and nonlinear 

influence on compressive strength. Higher values of x2 generally corresponded to positive 

SHAP contributions, while lower values were associated with reduced predicted strength. 

Among the evaluated predictors, x3 displayed the strongest and most consistent effect, with 

SHAP values ranging from approximately -20 MPa at low x3 levels to +20 MPa at higher 

levels. This indicates that increasing x3 substantially increases the predicted compressive 

strength.  
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Figure 5.11 Sample SHAP dependence plots between aggregated variables 

 Table 5.6 shows an example of converting the individual predictors to composite indices 

then to predictions. It is clearly shown that the optimized indices predicted the outputs well. 

Table 5.6. Example that converts raw inputs to an index and then to a prediction. 
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The ML models developed in this study were trained and validated using datasets that fall 

within the parameter ranges summarized in Table 5.7. These ranges define the domain in 

which the models can make predictions. Inputs that fall outside these intervals may lead to 

extrapolation, which may reduce prediction accuracy. 

Table 5.7. The ML models prediction ranges  

Table 5.8 show the global SHAP values of each model. SHAP values quantify the 

contribution of each feature to the model’s prediction and are expressed in the same units 

as the model output. In this study, the model predicts compressive strength (MPa), so a 

SHAP value represents how many Mpa a feature increases or decreases the predicted 

strength. For example, a mean absolute SHAP value of approximately 17 for feature x₃ (see 

table 5.8) indicates that this variable changes the prediction by about 17 MPa on average, 

whereas a value around 3 for x₂ reflects a smaller influence of roughly 3 MPa. Importantly. 

Polynomial regression models can exhibit very large SHAP magnitudes due to the presence 

of squared and interaction terms, which increase the internal numerical scale of the model. 

These inflated SHAP values do not imply disproportionately higher importance; instead, 

they reflect the model’s expanded feature space and sensitivity to unscaled polynomial 

terms. Therefore, comparisons of absolute SHAP magnitudes should be made within the 

same model, while cross model comparisons should rely primarily on relative rankings 

rather than numerical size. 

C/Ca C/Fa W/C Wa (%) 
Cv 
(%) 

Rr (%) Dc (%) Pcs (Mpa) 

0.261-
0.51 

0.335-
1.167 

0.26-0.58 
2.25-
5.91 

18-31 1-100 0.1-12 25-67 
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Table 5.8. Mean global SHAP of models 

Models Feature SHAP global mean 

MLR x1 1.446 

MLR x2 2.920 

MLR x3 17.127 

MLR x4 2.002 

Polynomial MLR (deg=2) x1 4264.070 

Polynomial MLR (deg=2) x2 1330.491 

Polynomial MLR (deg=2) x3 2.238 

Polynomial MLR (deg=2) x4 742.073 

Polynomial MLR (deg=2) x1
2 3101.106 

Polynomial MLR (deg=2) x1 x2 1096.625 

Polynomial MLR (deg=2) x1 x3 0.147 

Polynomial MLR (deg=2) x1 x4 102.858 

Polynomial MLR (deg=2) x2
2 1232.142 

Polynomial MLR (deg=2) x2 x3 22.456 

Polynomial MLR (deg=2) x2 x4 771.937 

Polynomial MLR (deg=2) x3
2 35.755 

Polynomial MLR (deg=2) x3 x4 1.984 

Polynomial MLR (deg=2) x4
2 14.255 

Ridge x1 1.766 

Ridge x2 2.567 

Ridge x3 17.115 

Ridge x4 1.912 

Decision Tree x1 0.187 

Decision Tree x2 4.003 

Decision Tree x3 17.064 

Decision Tree x4 0.697 

Random Forest x1 0.303 
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5.4 Conclusion and Recommendation 

This study demonstrated that carbonation treatment of RCAs can be effectively integrated 

with ML to support sustainable construction practices. The investigation showed that, 

unlike conventional testing methods that are expensive and time consuming, regression 

based ML models provide an efficient and accurate alternative. For the first time, predictive 

modeling was applied specifically to concretes containing carbonated RCAs, filling a gap 

in existing research. Using 108 experimental tests of individual datasets that are later 

composited to indices representing mix proportioning, aggregate performance, carbonation 

degree, and replacement percentage, six ML algorithms were evaluated for their predictive 

ability. Based on the outputs of the study the authors concluded and recommended the 

following: 

 ML models predicted the compressive strength of carbonated RAC with good 

accuracy. 

 Intercorrelation and multicollinearity within the datasets have no noticeable effect 

on the performance of the ML models, especially tree based and ensemble based 

models. 

 Comparing classical regression based and tree based models on the same dataset, 

it was found that tree based models performed better. 

 Numerical prediction equations developed using polynomial MLR performed well 

after the ensemble based models and may be applied in practical compressive 

strength predictions. 

Random Forest x2 3.838 

Random Forest x3 17.079 

Random Forest x4 0.592 

LightGBM x1 0.775 

LightGBM x2 3.532 

LightGBM x3 17.417 

LightGBM x4 1.138 
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 Based on the quantitative metrics, qualitative assessments, and SHAP analyses, the 

Random Forest model outperformed all other models. 

 Variations in fine aggregate type and properties, variations in cement type, addition 

of super plasticizers and coarse aggregate size effect were not considered in this 

study. Therefore, future studies can work on compressive strength prediction of 

carbonated RCA concrete considering these properties together with deep learning 

models and sufficient datasets.  

 Since the datasets used in this study are limited and the available strength ranges 

are extreme, normal strength (17-29 MPa) and high strength (40-72 MPa), 

including additional values both in between these ranges and outside these ranges 

may improve accuracy and reduce overfitting, instability and noise in the model 

outputs. 

 Modeling of Tensile strength, modulus of elasticity and other durability properties 

of carbonated RCA concrete can be another area for future research. 

 The models in this study produced relatively high R² values, which should be 

interpreted with caution. Although the dataset includes 18 mix combinations, one 

possible reason for the high accuracy is the limited variation in water to cement 

ratios, as only two values were used across all mixtures. Even with additional 

parameters such as carbonation degree, replacement ratio, and parent concrete 

strength, the restricted range of water to cement ratios may reduce the overall 

variability in the dataset and simplify the prediction task, allowing the models to 

achieve high goodness of fit scores. This limitation suggests that the results may 

reflect the narrow experimental conditions. Future studies would benefit from 

incorporating a wider range of water to cement ratios to better capture the diversity 

of concrete mix behavior and to more rigorously evaluate the robustness of the 

models. 
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6.1. General discussion 

As discussed in the previous sections, concrete is the most widely consumed construction 

material, with annual production reaching nearly 30 million tons. However, its production 

process contributes significantly to environmental degradation and pollution [71]. During 

construction, up to 13% of materials are wasted in less developed countries such as 

Ethiopia. Additional sources of C&D waste include urbanization, infrastructure expansion, 

and structural replacement activities. Material testing laboratories also generate 

considerable amounts of concrete waste; once tested, specimens accumulate and become 

an environmental concern. Experimental and testing institutions, particularly universities 

and construction consulting firms, produce large volumes of waste from laboratory cast 

cubes and other concrete samples [72]. Furthermore, natural and human induced disasters, 

such as earthquakes and conflicts, contribute to the generation of substantial quantities of 

C&D waste. At the end of their service life, buildings also produce vast amounts of 

concrete debris, creating significant disposal and management challenges [71]. This 

concern was the motivation for initiating the present study. 

From the literature review, one promising solution identified is the use of RAC, which 

supports the sustainable development of the concrete sector [71]. Nevertheless, integrating 

waste concrete into new concrete mixtures still presents considerable technical and 

practical challenges [71]. These challenges include the generally inferior quality of RCAs 

compared to NAs and the variability in properties among RCAs sourced from different 

PCs. To address these challenges, this study conducted an extensive literature review and 

experimental program. The investigations presented in this dissertation deepen the 

understanding of how the characteristics of PC influence the performance of RCAs and 

RAC. 

Despite inconsistencies in prior studies, the findings of this study clarified that PC strength 

closely linked to porosity and residual mortar content governs RCA behavior. High 

strength concretes generally yield RCAs with lower porosity, higher density, and greater 

resistance to mechanical degradation. These improvements are reflected in RAC mixes 

through reduced water absorption as well as enhanced compressive and tensile capacities. 
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The effectiveness of accelerated carbonation as a material enhancement technique was also 

a central finding. This process densifies the porous adhered mortar on the RCA by 

converting unstable calcium hydroxide into a stable calcium carbonate matrix. This 

chemical transformation not only improves the physical properties of the aggregate but also 

sequesters a measurable amount of atmospheric CO₂, offering a tangible environmental 

benefit. However, the study identified a significant limitation where the dense 

microstructure of RCAs from high strength PC impedes CO₂ diffusion, preventing full 

carbonation. This suggests that the current pressurized carbonation method may not be 

universally effective and highlights the need for a more versatile approach. In general, 

results from this study indicated that, with very high strength PCs, the tensile strength of 

carbonated RAC can reach values comparable to those of NACs. 

In addition, the incorporation of ML predictive modeling demonstrated that reliable 

forecasting of RAC behavior is possible, even under complex multivariable conditions. 

Ensemble algorithms, particularly Random Forest, achieved high predictive accuracy 

compared to conventional regression methods. Furthermore, prediction equations found 

from regression based ML models of Poly MLR can also predict the compressive strength 

well. On the contrary, deep learning based models require large datasets to completely 

capture the trends. Given that aggregate types, cement chemistries, and mixing practices 

vary across regions and nations, countries like Ethiopia should establish guideline based 

datasets to ensure reliable predictions.  

The results from this thesis indicate that carbonated RCA has strong potential for practical 

use in sustainable concrete production. In engineering applications, carbonated RCA can 

be used in pavements, precast products, and even in medium to high strength concrete. Its 

use also supports sustainable and circular construction practices. 

6.2. General conclusion and recommendations 

The results of this study confirm that the strength of PC is a factor in determining the 

performance of RCAs and RAC. Stronger concretes yield aggregates with higher density, 

lower water absorption, and superior mechanical behavior. Reported inconsistencies in 
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performance are largely attributable to differences in porosity, residual mortar content, and 

processing methods. 

Carbonation treatment emerged as an effective approach for enhancing RCA quality while 

contributing to CO₂ storage. This dual benefit links recycling with climate objectives. 

However, the CO₂ uptake capacity is limited in aggregates derived from dense, high 

strength concretes, underscoring the need for alternative or optimized carbonation 

methods.  The generalizability of current laboratory findings including this study are 

constrained by the controlled nature of most of the parameters. In practice, demolition 

waste often contains impurities such as ceramics, tiles, plaster, finishing materials, metals, 

and organic residues, which significantly affect RCA quality and durability. This gap 

between laboratory conditions and field realities represents a key limitation to large scale 

application, particularly in Ethiopia, where diverse waste streams and weak segregation 

practices governs. 

Future research should therefore focus on systematic investigations that replicate the 

heterogeneity of real demolition waste and assess its impact on RCA performance. 

Additionally, the scope in this study should be broadened to systematically investigate the 

effects of RCA particle size and fine aggregate variability on the properties of RAC. 

Durability aspects like chloride resistance, freeze-thaw performance, shrinkage and creep 

behavior of RAC can also be an alternative focus on future studies.  Similarly, Research 

should move beyond material properties to evaluate the performance of RAC in structural 

elements, including its flexural, shear, and torsional behavior, as well as the bond strength 

with reinforcement bars. A detailed life cycle assessment is essential to quantify the 

environmental benefits of carbonated RAC. This analysis should compare the embodied 

carbon and embodied energy of the entire process, from C&D waste collection and 

crushing to final construction, against that of conventional concrete. This will provide the 

robust data needed to support its widespread adoption. It can also provide a full accounting 

of the environmental benefits of RAC. Additionally, wider durability assessments, such as 

long-term chloride exposure, sulfate resistance, freeze-thaw performance, shrinkage and 

permeability related investigations are recommended for future works. 
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6.2.1. A roadmap for implementation in the Ethiopian context 

To facilitate the widespread use of RAC in Ethiopia, a coordinated effort among key 

stakeholders is essential. 

One important parameter for Ethiopia to consider is a policy development which is central 

to unlock the potential of RAC. The Ethiopian government should lead the charge by 

developing and enforcing a national standard for RCA and RAC based on its source and 

quality. Policy levers, such as tax incentives for companies using recycled materials and 

carbonation technologies or mandates for their use in public infrastructure projects, are 

crucial. Policies that promote selective demolition and source segregation will be essential 

to improve input quality. 

Universities and research centers should prioritize creating a local knowledge base by 

characterizing C&D waste streams specific to the region. They should also provide 

technical guidance and training to industry professionals on best practices for handling and 

mix design with RAC. Major construction companies should initiate pilot projects to 

demonstrate the practical viability of RAC in both structural and nonstructural applications. 

This phased adoption will build confidence and provide valuable real world data. The waste 

management sector must modernize by investing in specialized sorting, crushing, and 

quality control equipment. 

Another significant opportunity lies in coupling RCA carbonation with industrial CO₂ 

emitters, including cement plants, steel factories, and power stations. Capturing emissions 

at the source and using them in aggregate carbonation or concrete curing would transform 

waste gases into a valuable resource. Such integration prevents CO₂ release, enhances RCA 

properties, and provides an alternative curing method for fresh natural aggregate concrete 

and RAC. With Ethiopia’s cement production and emissions increasing, these synergies 

could substantially advance both reconstruction and climate mitigation efforts. 
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Appendix A. RCA preparations and physical property tests 

a. Moisture preparation of RCA at 50% water absorption capacity for 
carbonation test 

Parent 
concrete 

grade 

Mass of sample 
@SSD  (g) 

Mass of sample @ 
oven dry (g) 

Water 
absorption 

(%) 

NRCA25 5510 5184.359 5.91 

NRCA67 5503 5260.3177 4.41 

 

Parent 
concrete 

grade 

Mass of air 
dry sample 

(g) 

Mass of 
oven dry 

sample (g) 

Moisture 
content 
(air dry 

(%)) 

Water 
absorption 
@SSD (%) 

50% moisture 
content (w.r to 
total volume of 

voids (%)) 

Required mass 
of water to be 

added (%) 

NRCA25 1730 1700 1.73 5.91 2.955 1.22 

NRCA67 2000 1935 3.25 4.41 2.205 -1.05 

 

Mass of samples (g) Volume of water to be added in % Volume of water to be added (ml) 

1150 0.14 140.34 

1199 -0.13 -125.3 

b. Water absorption of NRCA and ARCA. 

Sample 
Name No. of Trials 

Trial 1 Trial 2 Trial 3 Average 

N(25)-
control 

A 
Weight of Saturated Surface-Dry 
sample in air, gm     

2000.0
0 

2000.00 2000.00 2000.00 

B Weight of Oven Dry sample in air, gm     
1952.5

6 
1959.06 1956.18 1955.93 

Test temperature ,oC   23 ± 2 23 ± 2 23 ± 2 23 ± 2 

Formulation           

C Water Absorption = (A-B)/B*100     2.43 2.09 2.24 2.25 

NRAC(25) 

A 
Weight of Saturated Surface-Dry 
sample in air, gm     

2000.0
0 

2000.00 2000.00 2000.00 

B Weight of Oven Dry sample in air, gm     
1883.5

9 
1891.27 1890.34 1888.41 

Test temperature ,oC   
23 ± 2 23 ± 2 23 ± 2 23 ± 2 

Formul
ation       

        

C Water Absorption = (A-B)/B*100     6.18 5.75 5.80 5.91 

ARAC(25) 
A 

Weight of Saturated Surface-Dry 
sample in air, gm     

2000.0
0 

2000.00 2000.00 2000.00 
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B Weight of Oven Dry sample in air, gm     
1903.0

8 
1904.61 1914.32 1907.34 

Test temperature ,oC   23 ± 2 23 ± 2 23 ± 2 23 ± 2 

Formulation           

C Water Absorption = (A-B)/B*100     5.09 5.01 4.48 4.86 

N(67)-
control 

A 
Weight of Saturated Surface-Dry 
sample in air, gm     

2000.0
0 

2000.00 2000.00 2000.00 

B Weight of Oven Dry sample in air, gm     
1952.0

1 
1958.72 1957.77 1956.17 

Test temperature ,oC   23 ± 2 23 ± 2 23 ± 2 23 ± 2 

Formulation           

C Water Absorption = (A-B)/B*100     2.46 2.11 2.16 2.24 

NRAC(67) 

A 
Weight of Saturated Surface-Dry 
sample in air, gm     

2000.0
0 

2000.00 2000.00 2000.00 

B Weight of Oven Dry sample in air, gm     
1919.3

8 
1925.08 1927.88 1924.11 

Test temperature ,oC   23 ± 2 23 ± 2 23 ± 2 23 ± 2 

Formul
ation       

        

C Water Absorption = (A-B)/B*100     4.20 3.89 3.74 3.94 

ARAC(67) 

A 
Weight of Saturated Surface-Dry 
sample in air, gm     

2000.0
0 

2000.00 2000.00 2000.00 

B Weight of Oven Dry sample in air, gm     
1927.7

3 
1927.61 1921.69 1925.68 

Test temperature ,oC   23 ± 2 23 ± 2 23 ± 2 23 ± 2 

Formulation           

C Water Absorption = (A-B)/B*100     3.75 3.76 4.08 3.86 

c. Crushing values of NRCA and ARCA 

Sample 
Name 

Total weight of sample 
(g) 

Weight passing 2.36mm sieve(g) 

Average Aggregate crushing 
value (%) 

T
ri

al
 1

 

T
ri

al
 2

 

T
ri

al
 3

 

av
er

ag
e 

T
ri

al
 1

 

T
ri

al
 2

 

T
ri

al
 3

 

av
er

ag
e 

N(25)-
control 20

00
 

20
00

 

20
00

 

20
00

 

34
3.

80
 

34
7.

70
 

39
2.

00
 

36
1.

17
 

18
.0

6 

NRAC(25) 

20
00

 

20
00

 

20
00

 

20
00

 

59
1.

00
 

60
0.

80
 

65
1.

00
 

61
4.

27
 

30
.7

1 
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ARAC(25) 

20
00

 

20
00

 

20
00

 

20
00

 

53
5.

00
 

55
0.

60
 

63
1.

20
 

57
2.

27
 

28
.6

1 

N(67)-
control 20

00
 

20
00

 

20
00

 

20
00

 

31
9.

20
 

36
4.

20
 

39
7.

80
 

36
0.

40
 

18
.0

2 

NRAC(67) 

20
00

 

20
00

 

20
00

 

20
00

 

46
7.

00
 

47
0.

00
 

56
0.

80
 

49
9.

27
 

24
.9

6 

ARAC(67) 

20
00

 

20
00

 

20
00

 

20
00

 

40
5.

40
 

44
0.

00
 

47
6.

30
 

44
0.

57
 

22
.0

3 
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Appendix B. Microstructural data 

The microstructural data used in this study can be found from Zenodo data depository 
link: 

https://doi.org/10.5281/zenodo.17338716 
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Appendix C. Strength properties 

The compressive, split tensile and flexural strength test results used in this study can be 
found from Zenodo data depository link: 

https://doi.org/10.5281/zenodo.17338716 
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Appendix D. Python script for aggregation, comprehensive ML and SHAP analysis 

# Optimization of composite indices 

import pandas as pd 

import numpy as np 

import random 

import statsmodels.api as sm 

from statsmodels.stats.outliers_influence import variance_inflation_factor 

import seaborn as sns 

import matplotlib.pyplot as plt 

from sklearn.linear_model import LinearRegression 

from sklearn.metrics import r2_score, mean_absolute_error, mean_squared_error 

def evaluate_indices(data, exponents): 

    a1, a2, a3, a4, a5, a6, a7, a8, a9 = exponents 

    X1 = data['Rr'] ** a1 

    X2 = data['Dc'] ** a2 

    X3 = ((data['C/Ca'] ** a3) * (data['C/Fa'] ** a4)) / (data['W/C'] ** a5) 

    X4 = (((data['Pcs'] ** a6) / ((data['Wa'] ** a7) * (data['Cv'] ** a8))) ** a9) 

    X = pd.DataFrame({'X1': X1, 'X2': X2, 'X3': X3, 'X4': X4}) 

    corr = X.corr().abs() 

    max_corr = corr.where(np.triu(np.ones(corr.shape), k=1).astype(bool)).max().max() 

    X_vif = sm.add_constant(X) 

    vif_values = [variance_inflation_factor(X_vif.values, i+1) for i in range(len(X.columns))] 

    vif_df = pd.DataFrame({'Feature': ['X1', 'X2', 'X3', 'X4'], 'VIF': vif_values}) 

    max_vif = vif_df['VIF'].max() 

    score = max_corr + 0.1 * max_vif 

    return score, max_corr, max_vif, X, vif_df 

data = pd.read_csv("individual_data.csv") 

best_score = float('inf') 

best_exponents = None 

best_corr = None 
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best_vif = None 

best_X = None 

best_vif_table = None 

ranges = { 

    'a1': (0.5, 2.0), 

    'a2': (0.1, 1.5), 

    'a3': (0.5, 2.0), 

    'a4': (0.5, 2.0), 

    'a5': (0.5, 2.0), 

    'a6': (1.0, 3.0), 

    'a7': (0.5, 2.0), 

    'a8': (0.5, 2.0), 

    'a9': (0.1, 1.0) 

} 

print("Optimizing exponents... please wait (~1–2 minutes)\n") 

for i in range(2000): 

    exponents = [random.uniform(*ranges[f'a{j+1}']) for j in range(9)] 

    score, corr_val, vif_val, X_tmp, vif_df = evaluate_indices(data, exponents) 

    if score < best_score: 

        best_score, best_corr, best_vif = score, corr_val, vif_val 

        best_exponents = exponents 

        best_X = X_tmp 

        best_vif_table = vif_df.copy() 

print("=== OPTIMIZATION RESULTS ===") 

params = [f'a{i+1}' for i in range(9)] 

for p, v in zip(params, best_exponents): 

    print(f"{p} = {v:.3f}") 

print(f"\nBest combined score: {best_score:.4f}") 

print(f"Maximum correlation: {best_corr:.3f}") 

print(f"Maximum VIF: {best_vif:.3f}\n") 
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data[['X1', 'X2', 'X3', 'X4']] = best_X 

print("=== VARIANCE INFLATION FACTORS (VIF) ===") 

print(best_vif_table.to_string(index=False)) 

corr_with_target = data[['X1', 'X2', 'X3', 'X4', 'CS']].corr() 

plt.figure(figsize=(7, 5)) 

sns.heatmap(corr_with_target, annot=True, cmap='coolwarm', fmt=".2f") 

plt.title("Correlation Matrix (Composite Indices + CS)") 

plt.show() 

plt.figure(figsize=(6, 4)) 

sns.barplot(x='Feature', y='VIF', data=best_vif_table) 

plt.title("Variance Inflation Factors (Optimized Indices)") 

plt.ylabel("VIF Value") 

plt.show() 

data.to_csv("optimized_composite_indices_with_CS.csv", index=False) 

print("\nOptimized dataset saved as 'optimized_composite_indices_with_CS.csv'") 

X_final = data[['X1', 'X2', 'X3', 'X4']] 

y = data['CS'] 

model = LinearRegression() 

model.fit(X_final, y) 

y_pred = model.predict(X_final) 

r2 = r2_score(y, y_pred) 

mae = mean_absolute_error(y, y_pred) 

rmse = np.sqrt(mean_squared_error(y, y_pred)) 

print("\n=== LINEAR REGRESSION PERFORMANCE ===") 

print(f"R²:   {r2:.3f}") 

print(f"MAE:  {mae:.3f}") 

print(f"RMSE: {rmse:.3f}") 

# full pipeline 

# Importing necessary libraries 

import os 
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import json 

import numpy as np 

import pandas as pd 

import matplotlib.pyplot as plt 

import seaborn as sns 

import shap 

import joblib 

from scipy import stats 

from scipy.spatial import distance 

from sklearn.model_selection import train_test_split, KFold, RandomizedSearchCV 

from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_score 

from sklearn.linear_model import LinearRegression, Ridge 

from sklearn.preprocessing import PolynomialFeatures 

from sklearn.tree import DecisionTreeRegressor, export_text 

from sklearn.ensemble import RandomForestRegressor 

from lightgbm import LGBMRegressor 

# Dataset loading 

CSV_PATH = "individual_data.csv" 

PREDICTORS = ["C/Ca", "C/Fa", "W/C", "Wa", "Cv", "Rr", "Dc", "Pcs"] 

PRED_UNITS = {"C/Ca": "unitless", 

"C/Fa": "unitless", 

"W/C": "unitless", 

"Wa": "%", 

"Cv": "%", 

"Rr": "%", 

"Dc": "%", 

"Pcs": "MPa"} 

TARGET = "CS" 

TARGET_UNIT = "MPa" 

TEST_SIZE = 0.20 
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RANDOM_SEED_SPLIT = 42 

N_FOLDS = 5 

KFOLD_RANDOM_STATE = 42 

N_SEARCH_ITER = 30 

CV_FOR_SEARCH = 5 

N_REPEATS = 1 

SHAP_BG_SIZE = 200 

# Specifying output directories 

OUTDIR = "outputs" 

PLOTS_DIR = os.path.join(OUTDIR, "plots") 

SHAP_DIR = os.path.join(OUTDIR, "shap") 

MODELS_DIR = os.path.join(OUTDIR, "models") 

os.makedirs(PLOTS_DIR, exist_ok=True) 

os.makedirs(SHAP_DIR, exist_ok=True) 

os.makedirs(MODELS_DIR, exist_ok=True) 

# CSV loading 

expected_cols = PREDICTORS + [TARGET] 

try: 

    df_try = pd.read_csv(CSV_PATH) 

    if list(df_try.columns) == expected_cols or TARGET in df_try.columns: 

        df = df_try.copy() 

    else: 

        df = pd.read_csv(CSV_PATH, header=None) 

        if df.shape[1] == len(expected_cols): 

            df.columns = expected_cols 

        else: 

            raise ValueError(f"CSV columns do not match expected {expected_cols}") 

except Exception as e: 

    df = pd.read_csv(CSV_PATH, header=None) 

    if df.shape[1] == len(expected_cols): 
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        df.columns = expected_cols 

    else: 

        raise RuntimeError(f"Failed to read CSV: {e}") 

df = df.apply(pd.to_numeric, errors="coerce").dropna().reset_index(drop=True) 

print(f"Loaded data: {df.shape[0]} rows, {df.shape[1]} columns") 

print(f"Target range: min={df[TARGET].min():.3f}, max={df[TARGET].max():.3f} {TARGET_UNIT}") 

X_all = df[PREDICTORS].copy() 

y_all = df[TARGET].values.reshape(-1, 1) 

# Evaluation function definitions 

def compute_metrics(y_true, y_pred): 

    y_true = np.asarray(y_true).flatten() 

    y_pred = np.asarray(y_pred).flatten() 

    rmse = np.sqrt(mean_squared_error(y_true, y_pred)) 

    mae  = mean_absolute_error(y_true, y_pred) 

    r2   = r2_score(y_true, y_pred) 

    denom = (y_true.max() - y_true.min()) 

    nrmse = rmse / denom if denom != 0 else np.nan 

    return {"MAE": float(mae), "RMSE": float(rmse), "R2": float(r2), "NRMSE": float(nrmse)} 

def mean_and_95ci(arr): 

    arr = np.asarray(arr) 

    mean = float(np.mean(arr)) 

    lo = float(np.percentile(arr, 2.5)) 

    hi = float(np.percentile(arr, 97.5)) 

    return mean, lo, hi 

def compute_error_ranges(y_true, y_pred): 

    resid = np.asarray(y_true).flatten() - np.asarray(y_pred).flatten() 

    abs_resid = np.abs(resid) 

    perc_95 = float(np.percentile(abs_resid, 95)) 

    perc_99 = float(np.percentile(abs_resid, 99)) 

    max_err = float(np.max(abs_resid)) 
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    return {"95th_pct_error": perc_95, "99th_pct_error": perc_99, "max_error": max_err} 

# Model definitions & hyperparameter search spaces 

estimators = { 

    "MLR": LinearRegression(), 

    "Polynomial MLR (deg=2)": LinearRegression(), 

    "Ridge": Ridge(random_state=42), 

    "Decision Tree": DecisionTreeRegressor(random_state=42), 

    "Random Forest": RandomForestRegressor(random_state=42), 

    "LightGBM": LGBMRegressor(random_state=42) 

} 

search_spaces = { 

    "Decision Tree": { 

        "max_depth": [None, 3, 5, 10, 20], 

        "min_samples_split": [2, 5, 10, 20], 

        "min_samples_leaf": [1, 2, 4, 8] 

    }, 

    "Random Forest": { 

        "n_estimators": [100, 200, 400], 

        "max_depth": [None, 5, 10, 20], 

        "min_samples_split": [2, 5, 10], 

        "min_samples_leaf": [1, 2, 4] 

    }, 

    "LightGBM": { 

        "n_estimators": [100, 200, 400], 

        "num_leaves": [15, 31, 63], 

        "max_depth": [-1, 5, 10, 20], 

        "learning_rate": [0.001, 0.01, 0.05, 0.1], 

        "min_child_samples": [5, 10, 20, 50] 

    }, 

    "Ridge": { 
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        "alpha": list(np.logspace(-6, 3, 50)) 

    } 

} 

with open(os.path.join(OUTDIR, "search_spaces.json"), "w") as f: 

    json.dump(search_spaces, f, indent=2, default=lambda x: list(x) if hasattr(x, "__iter__") else 
str(x)) 

# Data Splitting and locking 

X_train_full, X_test_locked, y_train_full, y_test_locked = train_test_split( 

    X_all, y_all, test_size=TEST_SIZE, random_state=RANDOM_SEED_SPLIT 

) 

pd.DataFrame({"index": X_test_locked.index}).to_csv(os.path.join(OUTDIR, 
"locked_test_indices.csv"), index=False) 

cv_fold_metrics = [] 

locked_test_results = [] 

hyperparams_records = [] 

seeds_used = {"split_seed": RANDOM_SEED_SPLIT, "kfold_seed": KFOLD_RANDOM_STATE, 
"search_seed": 42} 

with open(os.path.join(OUTDIR, "seeds_used.json"), "w") as f: 

    json.dump(seeds_used, f, indent=2) 

# Cross-validation setup and looping 

kf = KFold(n_splits=N_FOLDS, shuffle=True, random_state=KFOLD_RANDOM_STATE) 

for fold_id, (train_idx, val_idx) in enumerate(kf.split(X_train_full), start=1): 

    print(f"\n=== CV Fold {fold_id}/{N_FOLDS} ===") 

    X_tr = X_train_full.iloc[train_idx].reset_index(drop=True) 

    X_val = X_train_full.iloc[val_idx].reset_index(drop=True) 

    y_tr = y_train_full[train_idx].reshape(-1, 1) 

    y_val = y_train_full[val_idx].reshape(-1, 1) 

    for name, estimator in estimators.items(): 

        print(f" Fold {fold_id}: training {name} ...") 

        fitted_poly = None 

        best_params = {} 
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        if name in search_spaces: 

            base = estimator 

            if name == "Decision Tree": 

                base = DecisionTreeRegressor(random_state=42) 

            elif name == "Random Forest": 

                base = RandomForestRegressor(random_state=42) 

            elif name == "LightGBM": 

                base = LGBMRegressor(random_state=42, verbosity=-1) 

            elif name == "Ridge": 

                base = Ridge(random_state=42) 

            rs = RandomizedSearchCV( 

                estimator=base, 

                param_distributions=search_spaces[name], 

                n_iter=N_SEARCH_ITER, 

                scoring="neg_mean_absolute_error", 

                cv=CV_FOR_SEARCH, 

                random_state=42, 

                n_jobs=-1, 

                verbose=0, 

                refit=True 

            ) 

            try: 

                rs.fit(X_tr.values, y_tr.flatten()) 

                best = rs.best_estimator_ 

                best_params = rs.best_params_ 

            except Exception as e: 

                print(f"RandomizedSearchCV failed for {name} on fold {fold_id}: {e}") 

                base.fit(X_tr.values, y_tr.flatten()) 

                best = base 

                best_params = {"fallback": True} 
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            y_val_pred = best.predict(X_val.values).reshape(-1,1) 

            y_tr_pred = best.predict(X_tr.values).reshape(-1,1) 

# Polynomial MLR 

        elif name == "Polynomial MLR (deg=2)": 

            poly = PolynomialFeatures(degree=2, include_bias=False) 

            Xtr_poly = poly.fit_transform(X_tr) 

            Xval_poly = poly.transform(X_val) 

            lr = LinearRegression() 

            lr.fit(Xtr_poly, y_tr.flatten()) 

            y_val_pred = lr.predict(Xval_poly).reshape(-1,1) 

            y_tr_pred = lr.predict(Xtr_poly).reshape(-1,1) 

            best = lr 

            fitted_poly = poly 

            best_params = {"poly_degree": 2} 

# Linear MLR 

        else: 

            est = estimator 

            est.fit(X_tr.values, y_tr.flatten()) 

            y_val_pred = est.predict(X_val.values).reshape(-1,1) 

            y_tr_pred = est.predict(X_tr.values).reshape(-1,1) 

            best = est 

            best_params = {"fitted_default": True} 

# Metrics 

        val_metrics = compute_metrics(y_val, y_val_pred) 

        tr_metrics = compute_metrics(y_tr, y_tr_pred) 

        val_percentiles = compute_error_ranges(y_val, y_val_pred) 

        tr_percentiles = compute_error_ranges(y_tr, y_tr_pred) 

 

        cv_fold_metrics.append({ 

            "Model": name, "Fold": fold_id, "Dataset": "Train", 
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            "MAE": tr_metrics["MAE"], "RMSE": tr_metrics["RMSE"], "R2": tr_metrics["R2"], 
"NRMSE": tr_metrics["NRMSE"], 

            "95th_pct_error": tr_percentiles["95th_pct_error"], 

            "99th_pct_error": tr_percentiles["99th_pct_error"], 

            "max_error": tr_percentiles["max_error"] 

        }) 

        cv_fold_metrics.append({ 

            "Model": name, "Fold": fold_id, "Dataset": "Test", 

            "MAE": val_metrics["MAE"], "RMSE": val_metrics["RMSE"], "R2": val_metrics["R2"], 
"NRMSE": val_metrics["NRMSE"], 

            "95th_pct_error": val_percentiles["95th_pct_error"], 

            "99th_pct_error": val_percentiles["99th_pct_error"], 

            "max_error": val_percentiles["max_error"] 

        }) 

        joblib.dump({"estimator": best, "poly": fitted_poly, "best_params": best_params}, 

                    os.path.join(MODELS_DIR, f"{name}_fold{fold_id}.pkl")) 

        hyperparams_records.append({"fold": fold_id, "model": name, "best_params": 
best_params}) 

cv_metrics_df = pd.DataFrame(cv_fold_metrics) 

cv_metrics_df.to_csv(os.path.join(OUTDIR, "cv_fold_metrics.csv"), index=False) 

print(f"Saved cross-validation metrics (including percentile errors) to {os.path.join(OUTDIR, 
'cv_fold_metrics.csv')}") 

final_results = [] 

fitted_final_models = {} 

final_hyperparams = [] 

for name, estimator in estimators.items(): 

    print(f"\n=== Final training for model: {name} ===") 

    fitted_poly = None 

    best_params = {} 

# Models with hyperparameter search 

    if name in search_spaces: 

        base = estimator 
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        if name == "Decision Tree": 

            base = DecisionTreeRegressor(random_state=42) 

        elif name == "Random Forest": 

            base = RandomForestRegressor(random_state=42) 

        elif name == "LightGBM": 

            base = LGBMRegressor(random_state=42, verbosity=-1) 

        elif name == "Ridge": 

            base = Ridge(random_state=42) 

        rs = RandomizedSearchCV( 

            estimator=base, 

            param_distributions=search_spaces[name], 

            n_iter=N_SEARCH_ITER, 

            scoring="neg_mean_absolute_error", 

            cv=CV_FOR_SEARCH, 

            random_state=42, 

            n_jobs=-1, 

            verbose=0, 

            refit=True 

        ) 

        rs.fit(X_train_full.values, y_train_full.flatten()) 

        best = rs.best_estimator_ 

        fitted_final_models[name] = (best, None) 

        final_hyperparams.append({"model": name, "best_params": rs.best_params_}) 

        preds_test = best.predict(X_test_locked.values).reshape(-1,1) 

        preds_train = best.predict(X_train_full.values).reshape(-1,1) 

        joblib.dump(best, os.path.join(MODELS_DIR, f"{name}_final_tuned.pkl")) 

        best_params = rs.best_params_ 

    elif name == "Polynomial MLR (deg=2)": 

        poly = PolynomialFeatures(degree=2, include_bias=False) 

        Xtr_poly = poly.fit_transform(X_train_full) 
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        lr = LinearRegression().fit(Xtr_poly, y_train_full.flatten()) 

        fitted_final_models[name] = (lr, poly) 

        preds_test = lr.predict(poly.transform(X_test_locked)).reshape(-1,1) 

        preds_train = lr.predict(Xtr_poly).reshape(-1,1) 

        final_hyperparams.append({"model": name, "best_params": {"poly_degree": 2}}) 

        fitted_poly = poly 

        best = lr 

    else: 

        estimator.fit(X_train_full.values, y_train_full.flatten()) 

        fitted_final_models[name] = (estimator, None) 

        preds_test = estimator.predict(X_test_locked.values).reshape(-1,1) 

        preds_train = estimator.predict(X_train_full.values).reshape(-1,1) 

        final_hyperparams.append({"model": name, "best_params": "default_fit"}) 

        best = estimator 

    train_metrics = compute_metrics(y_train_full, preds_train) 

    test_metrics = compute_metrics(y_test_locked, preds_test) 

    train_percentiles = compute_error_ranges(y_train_full, preds_train) 

    test_percentiles = compute_error_ranges(y_test_locked, preds_test) 

    final_results.append({ 

        "Model": name, 

        "Train_MAE": train_metrics["MAE"], 

        "Train_RMSE": train_metrics["RMSE"], 

        "Train_R2": train_metrics["R2"], 

        "Train_95th_pct_error": train_percentiles["95th_pct_error"], 

        "Train_99th_pct_error": train_percentiles["99th_pct_error"], 

        "Train_max_error": train_percentiles["max_error"], 

        "Test_MAE": test_metrics["MAE"], 

        "Test_RMSE": test_metrics["RMSE"], 

        "Test_R2": test_metrics["R2"], 

        "Test_95th_pct_error": test_percentiles["95th_pct_error"], 
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        "Test_99th_pct_error": test_percentiles["99th_pct_error"], 

        "Test_max_error": test_percentiles["max_error"] 

    }) 

    pred_df = pd.DataFrame({ 

        "Model": name, 

        "Actual": y_test_locked.flatten(), 

        "Predicted": preds_test.flatten() 

    }) 

    pred_df["Residual"] = pred_df["Actual"] - pred_df["Predicted"] 

    pred_df.to_csv(os.path.join(OUTDIR, f"predictions_lockedtest_{name.replace(' ','_')}.csv"), 
index=False) 

    pd.DataFrame([{"Model": name, **test_metrics,  

                   "95th_pct_error": test_percentiles["95th_pct_error"], 

                   "99th_pct_error": test_percentiles["99th_pct_error"], 

                   "max_error": test_percentiles["max_error"]}]).to_csv( 

        os.path.join(OUTDIR, f"metrics_lockedtest_{name.replace(' ','_')}.csv"), index=False 

    ) 

final_results_df = pd.DataFrame(final_results).sort_values("Test_RMSE") 

final_results_df.to_csv(os.path.join(OUTDIR, "final_test_results.csv"), index=False) 

pd.DataFrame(final_hyperparams).to_csv(os.path.join(OUTDIR, "final_hyperparameters.csv"), 
index=False) 

print(f"Saved final results and hyperparameters to {OUTDIR}") 

# Regression equations 

eq_lines = [] 

for name in ["MLR", "Polynomial MLR (deg=2)", "Ridge"]: 

    if name not in fitted_final_models: 

        continue 

    mdl, poly = fitted_final_models[name] 

    try: 

        if poly is not None: 

            feat_names = poly.get_feature_names_out(PREDICTORS) 
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            coefs = mdl.coef_.flatten() 

            eq = " + ".join([f"{coef:.6f}*{fn}" for coef, fn in zip(coefs, feat_names)]) 

            intercept = float(mdl.intercept_) 

            eq_lines.append(f"{name} equation: CS (MPa) = {intercept:.6f} + {eq}") 

        else: 

            coefs = mdl.coef_.flatten() if hasattr(mdl, "coef_") else None 

            if coefs is not None: 

                eq = " + ".join([f"{coef:.6f}*{f}" for coef, f in zip(coefs, PREDICTORS)]) 

                intercept = float(mdl.intercept_) 

                eq_lines.append(f"{name} equation: CS (MPa) = {intercept:.6f} + {eq}") 

    except Exception as e: 

        print(f"Could not derive equation for {name}: {e}") 

with open(os.path.join(OUTDIR, "Regression_Equations.txt"), "w") as f: 

    f.write("\n".join(eq_lines)) 

print(f"Saved regression equations to {os.path.join(OUTDIR, 'Regression_Equations.txt')}") 

# Parity plots, residual histograms, Q-Q plots 

for i, row in final_results_df.iterrows(): 

    name = row["Model"] 

    pred_file = os.path.join(OUTDIR, f"predictions_lockedtest_{name.replace(' ', '_')}.csv") 

    if not os.path.exists(pred_file): 

        continue 

    pdf = pd.read_csv(pred_file) 

    plt.figure(figsize=(6,6)) 

    plt.scatter(pdf["Actual"], pdf["Predicted"], alpha=0.8, s=40) 

    mn, mx = min(pdf["Actual"].min(), pdf["Predicted"].min()), max(pdf["Actual"].max(), 
pdf["Predicted"].max()) 

    plt.plot([mn, mx], [mn, mx], 'k--', label="y = x") 

    plt.xlabel(f"Actual {TARGET} ({TARGET_UNIT})") 

    plt.ylabel(f"Predicted {TARGET} ({TARGET_UNIT})") 

    plt.title(f"Parity Plot – {name}") 
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    m = compute_metrics(pdf["Actual"].values, pdf["Predicted"].values) 

    ann = f"R²={m['R2']:.3f}\nMAE={m['MAE']:.3f} {TARGET_UNIT}\nRMSE={m['RMSE']:.3f} 
{TARGET_UNIT}" 

    plt.annotate(ann, xy=(0.05, 0.95), xycoords='axes fraction', va='top', ha='left', 

                 bbox=dict(boxstyle="round", fc="w")) 

    plt.grid(True) 

    plt.legend() 

    plt.tight_layout() 

    plt.savefig(os.path.join(PLOTS_DIR, f"Parity_lockedtest_{name.replace(' ', '_')}.png"), dpi=300) 

    plt.close() 

    resid = pdf["Actual"] - pdf["Predicted"] 

    plt.figure(figsize=(6,4)) 

    sns.histplot(resid, bins=30, kde=True) 

    plt.title(f"Residual Histogram - {name}") 

    plt.xlabel(f"Residual ({TARGET_UNIT})") 

    plt.tight_layout() 

    plt.savefig(os.path.join(PLOTS_DIR, f"ResidualHist_lockedtest_{name.replace(' ', '_')}.png"), 
dpi=300) 

    plt.close() 

    plt.figure(figsize=(6,4)) 

    stats.probplot(resid, dist="norm", plot=plt) 

    plt.title(f"Q–Q Plot (Test Residuals) - {name}") 

    plt.tight_layout() 

    plt.savefig(os.path.join(PLOTS_DIR, f"QQ_lockedtest_{name.replace(' ', '_')}.png"), dpi=300) 

    plt.close() 

print(f"Saved parity, residual histograms, and Q-Q plots to {PLOTS_DIR}") 

# Feature importance for tree ensembles 

fi_records = [] 

for name in ["Random Forest", "LightGBM", "Decision Tree"]: 

    if name in fitted_final_models: 

        model, _ = fitted_final_models[name] 
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        if hasattr(model, "feature_importances_"): 

            for feat, imp in zip(PREDICTORS, model.feature_importances_): 

                fi_records.append({"Model": name, "Feature": feat, "Importance": float(imp)}) 

fi_df = pd.DataFrame(fi_records) 

if not fi_df.empty: 

    fi_df.to_csv(os.path.join(OUTDIR, "feature_importance_final.csv"), index=False) 

    print(f"Saved feature importance table to {os.path.join(OUTDIR, 
'feature_importance_final.csv')}") 

# Plot feature importance for best model 

best_model_name = final_results_df.loc[final_results_df["Test_RMSE"].idxmin(), "Model"] 

if best_model_name in ["Random Forest", "LightGBM", "Decision Tree"] and not fi_df.empty: 

    bm = fi_df[fi_df["Model"] == best_model_name] 

    plt.figure(figsize=(8,6)) 

    sns.barplot(x="Importance", y="Feature", data=bm.sort_values("Importance", 
ascending=False)) 

    plt.title(f"Feature Importance – Best Model ({best_model_name})") 

    plt.tight_layout() 

    plt.savefig(os.path.join(PLOTS_DIR, f"FeatureImportance_{best_model_name.replace(' 
','_')}.png"), dpi=300) 

    plt.close() 

    print(f"Saved feature importance plot for best model to {PLOTS_DIR}") 

# SHAP explainability 

shap_records = [] 

dependence_feats = PREDICTORS[:3] 

bg_size = min(SHAP_BG_SIZE, len(X_train_full)) 

X_bg = X_train_full.sample(n=bg_size, random_state=0) 

print(f"\nSHAP background sample size: {bg_size}") 

for name, (model_obj, poly) in fitted_final_models.items(): 

    try: 

        print(f"Computing SHAP for {name} ...") 

        if any(t in name for t in ["Random Forest", "Decision Tree", "LightGBM"]): 
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            expl = shap.TreeExplainer(model_obj, data=X_bg if poly is None else 
poly.transform(X_bg)) 

        elif hasattr(model_obj, "coef_"): 

            expl = shap.LinearExplainer(model_obj, X_bg if poly is None else poly.transform(X_bg)) 

        else: 

            expl = shap.KernelExplainer(model_obj.predict, X_bg if poly is None else 
poly.transform(X_bg)) 

        # Subsample for speed 

        n_eval = min(500, len(X_train_full)) 

        X_shap_eval = X_train_full.sample(n=n_eval, random_state=1) 

        X_shap_for_calc = X_shap_eval if poly is None else poly.transform(X_shap_eval) 

        shap_vals = expl(X_shap_for_calc) 

        # Summary plot 

        plt.figure(figsize=(6,4)) 

        fnames = list(X_shap_eval.columns) if poly is None else 
list(poly.get_feature_names_out(PREDICTORS)) 

        shap.summary_plot(shap_vals, X_shap_for_calc, feature_names=fnames, show=False) 

        plt.title(f"SHAP Summary (mean |SHAP|) - {name}") 

        plt.tight_layout() 

        plt.savefig(os.path.join(SHAP_DIR, f"{name.replace(' ','_')}_SHAP_summary.png"), dpi=300) 

        plt.close() 

# Global mean |SHAP| 

        vals = shap_vals.values if hasattr(shap_vals, "values") else np.array(shap_vals) 

        mean_abs = np.mean(np.abs(vals), axis=0) 

        for feat, val in zip(fnames, mean_abs): 

            shap_records.append({"Model": name, "Feature": feat, "mean_abs_shap": float(val)}) 

        # Dependence plots 

        for feat in dependence_feats: 

            if feat in X_shap_eval.columns: 

                plt.figure(figsize=(5,4)) 

                shap.dependence_plot(feat, vals, X_shap_eval, show=False, 
feature_names=list(X_shap_eval.columns)) 
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                unit = PRED_UNITS.get(feat, "") 

                plt.xlabel(f"{feat} ({unit})") 

                plt.ylabel(f"SHAP value (impact on {TARGET} in {TARGET_UNIT})") 

                plt.title(f"SHAP dependence: {feat} - {name}") 

                plt.tight_layout() 

                plt.savefig(os.path.join(SHAP_DIR, f"{name.replace(' 
','_')}_dependence_{feat.replace('/','_')}.png"), dpi=300) 

                plt.close() 

    except Exception as e: 

        print(f"SHAP failed for model {name}: {e}") 

if shap_records: 

    pd.DataFrame(shap_records).to_csv(os.path.join(OUTDIR, "shap_global_mean_abs.csv"), 
index=False) 

    print(f"Saved global mean |SHAP| to {os.path.join(OUTDIR, 'shap_global_mean_abs.csv')}") 

else: 

    print("No SHAP records to save.") 
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Appendix E. ML outputs 

1. Sample metrics for each fold on composite datasets. 

Model 
Fold Dataset MAE RMSE R2 

NRMS
E 

95th % 
error 

99th % 
error 

Max 
error 

MLR 1 Train 3.0519 3.7000 0.9572 0.0714 7.3162 8.1567 8.9808 

MLR 1 Test 4.1771 4.7222 0.9201 0.0955 7.0951 7.9756 8.1957 
Polynomial 
MLR (deg=2) 

1 Train 0.8752 1.0694 0.9964 0.0206 1.9005 2.5055 2.6471 

Polynomial 
MLR (deg=2) 

1 Test 1.7541 2.6310 0.9752 0.0532 6.6331 7.3131 7.4831 

Ridge 1 Train 3.0277 3.7158 0.9569 0.0717 7.4134 8.5834 9.0680 

Ridge 1 Test 4.2285 4.7935 0.9176 0.0969 7.3928 8.5624 8.8548 

Decision Tree 1 Train 0.6964 0.8636 0.9977 0.0167 1.7182 1.8631 1.9050 

Decision Tree 1 Test 1.8325 2.9660 0.9685 0.0600 7.8767 8.5567 8.7267 
Random 
Forest 

1 Train 0.7145 0.8774 0.9976 0.0169 1.7883 1.8441 1.8492 

Random 
Forest 

1 Test 1.5987 2.5271 0.9771 0.0511 6.5266 7.2066 7.3766 

LightGBM 1 Train 0.6994 0.8646 0.9977 0.0167 1.7374 1.8556 1.8967 

LightGBM 1 Test 1.8290 2.9667 0.9685 0.0600 7.8772 8.5572 8.7272 

MLR 2 Train 3.5125 4.0750 0.9497 0.0779 6.9857 7.7213 8.1572 

MLR 2 Test 2.8322 3.3439 0.9501 0.0703 5.4699 6.1217 6.2846 
Polynomial 
MLR (deg=2) 

2 Train 0.9763 1.2233 0.9955 0.0234 2.4298 2.6534 2.7423 

Polynomial 
MLR (deg=2) 

2 Test 1.5124 1.6744 0.9875 0.0352 2.5329 2.6071 2.6257 

Ridge 2 Train 3.5125 4.0750 0.9497 0.0779 6.9857 7.7213 8.1572 

Ridge 2 Test 2.8322 3.3439 0.9501 0.0703 5.4699 6.1217 6.2846 

Decision Tree 2 Train 0.7158 0.8852 0.9976 0.0169 1.8453 2.0381 2.1020 

Decision Tree 2 Test 0.8903 1.0917 0.9947 0.0229 1.9875 2.2247 2.2840 
Random 
Forest 

2 Train 0.7229 0.9024 0.9975 0.0172 1.8922 2.1423 2.1652 

Random 
Forest 

2 Test 1.0345 1.2250 0.9933 0.0257 2.3195 2.3674 2.3794 

LightGBM 2 Train 0.7159 0.8852 0.9976 0.0169 1.8456 2.0382 2.1016 

LightGBM 2 Test 0.8933 1.0946 0.9947 0.0230 1.9875 2.2239 2.2830 

MLR 3 Train 3.2182 3.7958 0.9536 0.0725 6.5135 7.5631 7.8020 

MLR 3 Test 3.8168 4.5688 0.9443 0.0882 8.1960 8.3688 8.4120 
Polynomial 
MLR (deg=2) 

3 Train 0.9992 1.2591 0.9949 0.0241 2.2727 3.0974 3.1787 

Polynomial 
MLR (deg=2) 

3 Test 1.2680 1.4820 0.9941 0.0286 2.6094 2.9102 2.9854 

Ridge 3 Train 3.2179 3.7978 0.9535 0.0725 6.6165 7.5537 7.6691 

Ridge 3 Test 3.7883 4.5369 0.9450 0.0876 8.0631 8.2359 8.2791 

Decision Tree 3 Train 0.7057 0.8859 0.9975 0.0169 1.8201 2.1442 2.2000 

Decision Tree 3 Test 0.9375 1.1135 0.9967 0.0215 1.7620 2.0628 2.1380 
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Model 
Fold Dataset MAE RMSE R2 

NRMS
E 

95th % 
error 

99th % 
error 

Max 
error 

Random 
Forest 

3 Train 0.7104 0.9006 0.9974 0.0172 1.8325 2.2030 2.4820 

Random 
Forest 

3 Test 0.9611 1.1359 0.9966 0.0219 1.8317 2.1507 2.2304 

LightGBM 3 Train 0.7035 0.8866 0.9975 0.0169 1.8358 2.1412 2.2488 

LightGBM 3 Test 0.9617 1.1346 0.9966 0.0219 1.7692 2.0790 2.1564 

MLR 4 Train 3.5524 4.0929 0.9496 0.0782 6.7835 7.4320 8.1767 

MLR 4 Test 2.6471 3.2121 0.9662 0.0721 5.8926 6.1523 6.2172 
Polynomial 
MLR (deg=2) 

4 Train 1.0686 1.3070 0.9949 0.0250 2.4053 2.8059 2.9865 

Polynomial 
MLR (deg=2) 

4 Test 0.9468 1.3324 0.9942 0.0299 2.6020 3.2477 3.4091 

Ridge 4 Train 3.5395 4.1109 0.9492 0.0785 6.8152 7.6687 8.3476 

Ridge 4 Test 2.6582 3.1693 0.9671 0.0712 5.4141 6.3402 6.5717 

Decision Tree 4 Train 0.7545 0.9143 0.9975 0.0175 1.7410 2.2146 2.4200 

Decision Tree 4 Test 0.7093 0.9366 0.9971 0.0210 1.9393 2.1079 2.1500 
Random 
Forest 

4 Train 0.7764 0.9449 0.9973 0.0180 1.8107 2.0267 2.3628 

Random 
Forest 

4 Test 0.6323 0.9214 0.9972 0.0207 1.7651 2.4195 2.5831 

LightGBM 4 Train 0.7584 0.9164 0.9975 0.0175 1.7254 2.2102 2.4021 

LightGBM 4 Test 0.7152 0.9500 0.9970 0.0213 1.9771 2.2373 2.3024 

MLR 5 Train 3.0004 3.6231 0.9607 0.0692 6.7253 7.9433 7.9637 

MLR 
5 Test 4.4039 5.2209 0.9040 0.1010 9.0597 9.8469 

10.043
7 

Polynomial 
MLR (deg=2) 

5 Train 1.0340 1.3319 0.9947 0.0254 2.4405 3.0795 3.6766 

Polynomial 
MLR (deg=2) 

5 Test 0.9566 1.2099 0.9948 0.0234 2.3642 2.5457 2.5910 

Ridge 5 Train 2.9774 3.6359 0.9604 0.0695 7.1710 8.1027 8.1650 

Ridge 
5 Test 4.4765 5.3473 0.8993 0.1034 9.1694 9.9566 

10.153
4 

Decision Tree 5 Train 0.6731 0.8589 0.9978 0.0164 1.4524 2.1487 2.6560 

Decision Tree 5 Test 0.8607 1.1953 0.9950 0.0231 2.2400 2.7040 2.8200 
Random 
Forest 

5 Train 0.7895 0.9657 0.9972 0.0184 1.7270 2.1591 2.4869 

Random 
Forest 

5 Test 1.1220 1.4530 0.9926 0.0281 2.6966 3.4838 3.6806 

LightGBM 5 Train 0.6927 0.8671 0.9977 0.0166 1.4490 2.1928 2.6503 

LightGBM 5 Test 0.8507 1.2297 0.9947 0.0238 2.5590 2.6959 2.7301 
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2. SHAP analysis outputs 

a. Individual data 
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b. Aggregated data 
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Appendix F. Picture gallery 
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