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Abstract 

The objective of this thesis is to develop new predictive models for the compressive load-
carrying capacity of concrete columns confined using composite materials, either as internal 
reinforcements and/or external fiber-reinforced polymer (FRP) wraps, under various axial 
load eccentricity levels. To achieve this, general regression approaches and advanced machine 
learning models, such as XGBoost and Random Forest (RF), were employed. We also used 
deep learning models, such as BiLSTM and CNN-BiLSTM, to predict the axial compressive 
capacity of concrete-filled steel tubes confined with fiber-reinforced polymers. The proposed 
confinement models were developed using a bibliographic database composed of 308 
reinforced concrete specimens strengthened with FRP bars, and 250 reinforced concrete 
specimens confined by external FRP wraps or steel tubes. The results showed that the 
proposed models, particularly those based on XGBoost and Random Forest (RF), achieved 
high accuracy with a coefficient of determination (R²) of 0.98, along with minimal values for 
the root mean square error (RMSE) and mean absolute error (MAE), thus outperforming 
conventional empirical models. The CNN-BiLSTM model also demonstrated better 
performance than the BiLSTM model. Furthermore, finite element analysis using ABAQUS 
showed that the predicted axial loads and deformations closely matched the experimental 
results, thereby confirming the accuracy and conservativeness of the finite element model 
employed. 

 

Keywords: load-carrying capacity; FRP bars; FRP wraps; steel tube; machine learning; deep 
learning; concrete columns; finite elements 
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Résumé 

L’objectif de cette thèse est de développer de nouveaux modèles de prédiction de la 
capacité portante en compression des colonnes en béton confiné avec l’utilisation des 
matériaux composites sous forme d’armatures internes et/ou des enveloppes externes en 
polymères renforcés de fibres à différents niveaux d’excentricité de la charge axiale. Pour ce 
faire, nous avons utilisé des approches de régression générale et des modèles d’apprentissage 
automatique avancés, tels que l’XGBoost et la forêt aléatoire (RF). Nous avons aussi, utilisés 
des modèles d’apprentissage profond, tels-que BiLSTM et CNN-BiLSTM, pour prédire la 
capacité portante en compression axiale des tubes en acier remplis de béton confinés avec des 
polymères renforcés de fibres. Les modèles de confinement proposés ont été développés en 
utilisant une base de données bibliographiques composées de 308 spécimens en béton armé 
renforcé avec des barres en polymères renforcés de fibres et 250 spécimens en béton armé 
confiné par des enveloppes externes en polymères renforcés de fibres ou des tubes en acier. 
Les résultats obtenus ont montré que, les modèles proposés notamment ceux basés sur 
XGBoost et la forêt aléatoire (RF), permettent d’avoir une bonne précision avec un coefficient 
de détermination (R²) de 0,98 en plus des valeurs minimes de la racine de l’erreur quadratique 
moyenne (RMSE) et la moyenne des différences absolues (MAE), dépassant ainsi, les 
modèles empiriques usuels. Le modèle CNN-BiLSTM a également donné une meilleure 
performance que celle du modèle BiLSTM. En outre, une analyse par éléments finis avec 
l’usage d’ABAQUS a montré que les prédictions charge et déformation axiales approchaient 
les valeurs des résultats expérimentaux, ce qui permet de confirmer la précision et la 
conservativité du modèle éléments finis ici utilisé.  

 
 

Mots clés : capacité portante ; barres en PRF ; enveloppes en PRF ; tube en acier ; 
apprentissage automatique ; apprentissage profond ; colonnes en béton ; éléments finis. 
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  صخـــــــــــــلم

 ةروصحملا ةیناسرخلا ةدمعلأل ةیطاغضنلاا ةیلیمحتلا ةردقلاب ؤبنتلل ةدیدج جذامن ریوطت ىلإ ةحورطلأا هذھ فدھت
 قفو ،(FRP) فایللأاب ةحلسملا تارمیلوبلا نم ةیجراخ ةفلغأ وأ/و ةیلخاد تازیزعتك ءًاوس ،ةبكرملا داوملا مادختساب
 يللآا ملعتلا جذامنو ماعلا رادحنلاا جھانم مادختسا مت ،كلذ قیقحتلو .ةیروحملا ةلومحلا ةیزكرم لا نم ةفلتخم تایوتسم
-CNN و BiLSTM لثم ،قیمعلا ملعتلا جذامن كلذك انمدختسا امك (RF). ةیئاوشعلا ةباغلاو XGBoost لثم ،ةمدقتملا

BiLSTM، ایجراخ ةروصحملاو ةناسرخلاب ةءولمملا ةیذلاوفلا بیبانلأل ةیروحملا ةیطاغضنلاا ةیلیمحتلا ةردقلاب ؤبنتلل 
 تانایب ةدعاق مادختساب اھریوطت مت ةحرتقملا رصحلا جذامن نأ ةراشلإا ردجت .فایللأاب ةحلسملا تارمیلوبلا ةطساوب
 نم نابضقب ةحلسملا ةناسرخلا نم ةنیع 308 لمشت يتلاو ،ثحبلا عوضومب ةلصلا تاذ ةیملعلا عجارملا نم ةصلختسم
 تارمیلوبلا نم ةیجراخ ةفلغأ ةطساوب ةروصحملا ةحلسملا ةناسرخلا نم ةنیع 250و ،فایللأاب ةحلسملا تارمیلوبلا
 XGBoost ىلع ةینبملا كلتً ةصاخ ،ةحرتقملا رصحلا جذامن نأ ثحبلا جئاتن ترھظأ .ةیذلاوف بیبانأ وأ فایللأاب ةحلسملا
 میق ىلإ ةفاضلإاب ،0.98 غلب (R²) دیدحت لماعم عم ةعقوتملا میقلا ریدقت يف ةیلاع ةقد تققح ، (RF)ةیئاوشعلا ةباغلاو
 جذامنلا كلذب ةزواجتم ،(MAE) قلطملا أطخلا طسوتمو (RMSE) طسوتملا أطخلل يعیبرتلا رذجلا نم لكل ةضفخنم
 ترھظأ ،كلذ ىلع ةولاع  BiLSTM.جذومنبً ةنراقم لضفأ ءًادأ CNN-BiLSTM جذومن مدق امك .ةیدیلقتلا ةیبیرجتلا
 نم ةبیرق تناك نییروحملا هوشتلاو ةلومحلل ةعقوتملا میقلا نأ ABAQUS جمانرب مادختساب ةددحملا رصانعلا تلایلحت
 .مدختسملا ةددحملا رصانعلا جذومن ةظفاحمو ةقد دكؤی امم ،ةیبیرجتلا جئاتنلا

 

 ةدمعأ ؛قیمعلا ملعتلا ؛يللآا ملعتلا ؛يذلاوف بوبنأ ؛ FRPةفلغأ ؛FRP نابضق ؛ةیلیمحتلا ةردقلا :ةیحاتفملا تاملكلا
 .ةددحملا رصانعلا ؛ةیناسرخ
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1. Backgroud 

1.1. Internal confinement with FRP bars 
The primary function of a reinforced concrete compressive member is to support axial 

loads, regardless of whether they are accompanied by bending moments. However, the ability 
of steel bar reinforced concrete compressive members to carry axial loads diminishes over the 
design life of concrete structures due to corrosion of the steel bars. This problem is especially 
pronounced in coastal areas or harsh environmental conditions, presenting a major drawback 
of using steel reinforced concrete in construction. As a result, the expenses associated with 
retrofitting and repairing deteriorated concrete structures are notably high. The review of the 
literature found that fiber-reinforced polymer (FRP) composites have been widely used as 
internal reinforcement (FRP reinforcing bars) in reinforced concrete structures due to their 
excellent corrosion resistance, high strength-weight ratio resistance to harsh environmental 
conditions (Sun 2024, Jabbar and Farid 2018, Ye et al. 2022). In this context, several studies 
have been carried out on the performance of FRP bars reinforced concrete columns under 
concentric compression. The investigated parameters included the concrete compressive 
strength, gross cross-sectional area, cross-sectional area of FRP reinforcing bar, number of 
FRP bars, form of tie bar, type of longitudinal FRP reinforcement, type of transverse FRP 
reinforcement, diameter of stirrups, diameter of the main FRP bar, the elastic modulus of FRP 
bar and tensile strength of FRP bar, and spacing of stirrups. Experimental studies have shown 
that FRP bar-reinforced concrete compressive members exhibit lower load-carrying capacities 
under concentric axial loads than steel bar-reinforced concrete compressive members of 
identical size and reinforcement configuration. This disparity is mainly attributed to the 
reduced ultimate compressive strength and modulus of elasticity of FRP bars in compression, 
as compared to conventional steel bars. Additionally, neglecting the contribution of FRP bars 
will underestimate the axial capacity. According to Tobbi et al. (2014), the load-carrying 
capacity of concrete compressive members increases with considering the contribution of FRP 
bars. Similar to Tobbi et al. (2014), Elmessalami et al. (2019) concluded also that FRP bars 
can offer from 3%-14% of axial capacity. Theoretical models such as ACI 440.1R-15, CSA 
S806-02, CSA S806-12, AS-3600, Tobbi et al. (2012), Tobbi et al. (2014), Afifi et al. 
(2014a), Afifi et al. (2014b), Maranan et al. (2016), Xue et al. (2018), Mohammed et al. 
(2014a, b), Samani and Attard (2012), Khan et al. (2016), Hadhood et al. (2017) were 
established to predict the peak axial capacity of FRP bars reinforced concrete compressive 
members. The developed formulas were based on three main approaches: ignoring the 
contribution of FRP bars in compression, considering the contribution of FRP bars based on 
reduced tensile strength, and considering the contribution of FRP bars based on axial strain. 
Most of these models were suggested using regression analysis and based on limited test 
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results. The difficulties of these models are that they cannot predict the peak axial capacity of 
FRP bars-reinforced concrete compressive members accurately. However, investigations on 
the performance of FRP bars reinforced concrete compressive members under eccentric 
compression are still limited and no suggested formulas existing in the literature considered 
the eccentricity effect. 

1.2. External confinement with FRP wraps 
The adoption of Concrete-Filled Steel Tube (CFST) columns has seen a notable rise in 

recent years, attributed to their structural efficiency and capacity to support substantial loads. 
Investigations have been directed towards various cross-sectional configurations of CFST 
columns, including circular, square, rectangular, and elliptical shapes, as well as the 
exploration of different wrapping materials. Among these innovations are dual steel tube 
Configurations Filled with Sandwich Concrete (CFDST) and Concrete-Filled Steel Tubes 
(CFST) enhanced with additional materials such as Fiber-Reinforced Polymers (FRP) to 
augment their performance (Ding et al. 2018, Zhang et al. 2023). FRP-confined CFST 
columns are frequently employed in construction applications, including bridges and 
buildings. Their popularity stems from their superior strength-to-weight ratio, resistance to 
fatigue, and protection against corrosion. FRP, a composite material, consists of a polymer 
matrix reinforced with fibers. Various types of FRP, such as carbon fiber-reinforced polymers 
(CFRP), glass fiber-reinforced polymers (GFRP), and basalt fiber-reinforced polymers 
(BFRP), are selected for specific applications based on their distinct characteristics (Liu et al. 
2018, Shen et al. 2019). The literature provides a comprehensive examination of FRP-
confined CFST columns subjected to concentric loading, encompassing both experimental 
and numerical analyses. Key variables investigated include the numbers, thickness, and type 
of FRP layers (e.g., Ma et al. 2023, Sun et al. 2009 and Wang et al. 2006), concrete grades 
(normal-strength concrete (NSC), high-strength concrete (HSC), and ultra-high-strength 
concrete (UHSC)) (Cao et al. 2020, Ma et al. 2023, Li et al. 2008 and Shao et al. 2024), the 
strength of the steel tube (including normal-strength steel (NSS), high-strength steel (HSS), or 
stainless steel) (Zhao et al. 2021 and Zhang et al. 2023), and the ratio of the outer diameter to 
the thickness of the steel tubes (Shen et al. 2019, Zeng et al. 2021, Cao et al. 2020, Hassanein 
et al. 2023a, Hassanein et al. 2023b, Ma et al. 2023, Shao et al. 2024). Accurately estimating 
a column's final axial load-bearing capacity under axial loading is the main focus of 
engineering design for load-bearing capacity. In general, experimental techniques are 
preferred when evaluating the performance of composite columns. To examine the behavior 
of circular CFST columns enclosed with FRP under axial loading, numerous experiments 
were conducted. Many researchers have developed empirical design formulas to forecast the 
ultimate axial load of FRP-confined CFST circular columns under axial loading, as a result of 
extensive testing on these columns, such as Tao et al. (2007), Park et al. (2011), Che et al. 
(2012) and Lu et al. (2014) Dong et al. (2017), Ding et al. (2018), Tang et al. (2020) and Ma 
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et al. (2022). Most of these models were developed based on regression analysis and have 
been validated against their limited own or collected sets of experimental data. However, the 
drawback of these models is their limitations to predict the axial load-bearing capacity of 
FRP-wrapped CFST circular columns accurately. So, the expressions proposed using the 
regression technique are unable to estimate load capacity properly. 

2. Research objectives 

The thesis reports research carried out by the candidate over the last few years aimed at 
developing an improved understanding of the structural behavior of concrete columns 
internally and/or externally confined with FRP material. The work has been carried out with 
static application in mind, so enhancement in strength and ductility are considered. 

For columns, the compressive behavior is obviously the most important, as it underpins 
studies into their behavior under other loading conditions. In addition, columns are normally 
also subjected to bending due to load eccentricity. This thesis therefore first discusses the 
behavior of concrete columns internally confined with FRP bars and subjected to both 
concentric and eccentric compression loads. The behavior of concrete columns confined by 
both FRP wraps and steel tubes and subjected to axial compression load is dealt with as the 
next subject. The research work presented in this thesis was carried out with the following 
objectives: 

1. The first part of work proposes application of the eXtreme Gradient Boosting 
(XGBoost) and Random Forest (RF) algorithms to predict the axial capacity of FRP-
reinforced compressive members having different levels of eccentricity. These 
approaches are unique, as they examine the development of an interpretable machine-
learning model for capturing the axial load capacity of FRP-reinforced compressive 
members with different levels of eccentricity (𝑒 ℎ⁄  ranges from 0 to 1), an area that has 
not been extensively investigated before. Further, the proposed XGBoost and RF 
models offer a potential alternative to available mechanics-based models for practical 
engineering design purposes. In addition, an empirical model was also developed 
using regression analysis. A comprehensive dataset containing experimental data of 
308 FRP-reinforced concrete samples was collected from the previous studies. The 
efficiency and accuracy of the proposed models were compared with those fifteen 
empirical models. Five statistical indicators including coefficient of determination 
(R²), root mean square error (RMSE), mean absolute error (MAE), average absolute 
error (AAE), and standard deviation (SD) are calculated to assess the performance of 
those predictive models. 

2. The second part of work suggests that the machine learning (ML) models now in use, 
which were created to forecast the axial load-carrying capacity of FRP-confined 
concrete-filled steel tube (CFST) columns, are mostly applicable to short columns. 
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Moreover, there are currently no finite element (FE) or hybrid deep learning (DL) 
models that can reliably forecast the axial load-carrying capacities of these columns. 
The approach used for this investigation is presented in this section and is broken 
down into four main parts. Examining current design models created to forecast the 
axial load-carrying capacities (Nu) of columns is the initial step in the process. The 
second stage involves gathering experimental data from pertinent studies and 
publications about the axial load-carrying capability of FRP-confined CFST columns. 
In the third step, ABAQUS software is used to simulate the axial load-axial 
deformation behavior of FRP-confined CFST columns. The FE results are then 
compared to experimental data from 40 FRP-confined CFST samples. The last section 
focuses on using CNN-BiLSTM and BiLSTM, two deep learning-based regression 
models, to forecast the axial load-carrying capability of FRP-confined CFST columns. 
The performance of the proposed models is compared with that of some models 
developed by other researchers.  

3. Thesis outline 

The thesis comprises five chapters. It begins with a general introduction in which the 
research problem is defined and the objectives are outlined. Chapters I and II provide an 
overview of the existing literature that is pertinent to the present research. Chapters III, VI and 
V present analytical and numerical investigations on various aspects of the behavior of 
concrete columns confined with internal and/or external FRP materials. Details of these 
chapters are summarized below. 

Chapter I presents a review of the existing literature covering the topic related to the 
present study. The deterioration caused by reinforcement steel corrosion and seismic forces 
are discussed first. Somme common column retrofit methods are then reviewed and compared 
in order to highlight the advantages of FRP jacketing. The existing experimental studies on 
both internally and externally FRP-confined concrete columns are also presented. 

In Chapter II, analysis methods covering approaches related to the present investigation are 
presented. First, a brief review of general regression analysis is provided. Then, machine 
learning-based regression approaches for predicting design models are reviewed. Finally, 
deep learning-based regression approaches for predicting design models are reported. 

Chapter III presents the results of a study in which the benefit of FRP bars confinement of 
concrete columns under both concentric and eccentric compression load was examined. First, 
current design approaches for FRP-RC columns are reviewed. Next, a dataset consisting of 
377 experimental results sourced from existing literature is compiled. The performance of 
existing models was evaluated using five statistical metrics: the coefficient of determination 
(R²), root-mean-square error (RMSE), mean absolute error (MAE), average absolute error 
(AAE), and standard deviation (SD). Additionally, three load-carrying capacity (LCC) 
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prediction models were developed; one using a general regression technique and two 
employing machine learning algorithms, specifically eXtreme Gradient Boosting (XGBoost) 
and Random Forest (RF) regression methods. Finally, the proposed models were 
benchmarked against existing design standards and previously suggested empirical equations 
to assess their accuracy and reliability. 

In chapter IV, the benefit of FRP confinement on concrete filled steel tube (CFST) 
columns under axial compression load is examined through an analytical study. Eight existing 
design models and 250 experimental data points were reviewed through the literature. 
Advanced hybrid deep learning (BiLSTM and CNN-BiLSTM) predictive models were 
proposed to accurately predict the axial load-carrying capacity (ALCC) of FRP-confined 
CFST columns under compression loads. Finally, a comparison of the accuracy between the 
proposed models and previously suggested empirical equations was conducted. 

Chapter V is concerned with the finite element modeling of the monotonic axial 
compression behavior of FRP-confined concrete-filled steel tube (CFST) columns. First, a 
total of 40 experimental tests on FRP-confined CFST columns, collected from previous 
studies, were simulated using the ABAQUS software package. The FEA results were then 
compared with experimental data from the 40 FRP-confined CFST specimens. In addition, a 
detailed parametric study was conducted using the FEA model to investigate the effects of 
two parameters such as diameter-to-thickness ratio (𝐷 𝑡!⁄ ) and height-to-diameter ratio 
(𝐻 𝐷⁄ ) ratio on the load-carrying capacity and ductility of the columns. 

The thesis ends with the conclusions, where the findings drawn from the previous chapters 
are reviewed, and areas in need of further research are highlighted. 
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I.1. INTRODUCTION 

Reinforced concrete (RC) structures often require repair and strengthening due to changes 
in load or support conditions, material deterioration, or structural damage caused by 
earthquakes or extreme loading events. This chapter provides an overview of the existing 
literature pertinent to the present research. The discussion begins with deterioration caused by 
reinforcement steel corrosion and seismic forces. Subsequently, common column retrofit 
methods are reviewed and compared to highlight the advantages of FRP jacketing, considered 
a promising modern retrofit technique. Finally, existing experimental studies on both 
internally and externally FRP-confined concrete columns are briefly reviewed. 

I.2. DEFICIENCIES IN REINFORCED CONCRETE COLUMNS 

Reinforced concrete (RC) structures are widely used in civil engineering due to their 
strength, durability, and adaptability, consisting of concrete, which provides compressive 
strength, and embedded steel reinforcement, which enhances tensile capacity (Neville & 
Brooks 2010). Among the critical components of RC structures, columns play a fundamental 
role as the primary load-bearing elements, transferring loads from the superstructure to the 
foundation. The stability and overall performance of buildings and infrastructure heavily 
depend on the integrity of these columns (MacGregor & Wight 2016). However, RC columns 
are susceptible to deterioration due to various environmental and structural factors, with 
corrosion of reinforcement steel and seismic forces being two of the most severe challenges 
(Figure I.1).  

 
Figure I.1: Failure of concrete columns due to corrosion and earthquakes (Paultre et al. 2013) 

I.2.1. Corrosion 

Corrosion of reinforcement steel (Figure I.2) significantly impacts the longevity and safety 
of RC columns, especially in aggressive environments such as coastal or industrial areas. 
Exposure to chloride ingress, carbonation, and moisture penetration leads to the loss of steel 
cross-section, cracking, and spalling of the concrete cover, ultimately weakening the load-
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bearing capacity and reducing ductility (Broomfield 2007). Over time, this degradation makes 
the structure more vulnerable to external loads, particularly dynamic forces such as those 
induced by earthquakes (Andrade & Alonso 2001). 

 
Figure I.2: Steel corrosion in concrete columns (Pellizzer & Leonel 2020). 

I.2.1.1. Mechanisms of Corrosion in RC Columns 
Corrosion of reinforcement is a frequent cause of deterioration in reinforced concrete 

(Figure I.3), and numerous researchers have investigated its mechanisms and impact on the 
structural behavior of deteriorated RC elements. This process is primarily driven by various 
environmental and chemical factors that degrade the embedded steel reinforcement over time, 
compromising the structural integrity of RC columns through different mechanisms 
(Broomfield 2007; Andrade & Alonso 2001). 

1. Chloride Ingress: Exposure to de-icing salts or marine environments leads to 
chloride-induced corrosion, causing localized pitting that weakens steel reinforcement. 

How does chloride penetrate the material?  
• Chloride (Cl⁻) enters the material from de-icing salts or marine environments;  
• The ingress is non-uniform due to variations in porosity, cracks, and chloride binding 

on hydrated phases (Rodrigues et al. 2021);  
• Local depassivation occurs through Cl⁻ adsorption, along with the formation and 

diffusion of iron (Fe) and oxygen (O) vacancies (not depicted in the figure). 

 
Figure I.3: Chloride Ingress of Steel corrosion in concrete columns (Al-Haddad & Jokhio 

2024). 
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There are two cases: 
• Low Chloride Content: The passive layer undergoes cycles of breakdown and repair 

as CP precipitates on the remaining film; 
• High Chloride Content: Pitting corrosion occurs, leading to the formation and 

persistence of an aggressive microenvironment (Figure I.4). 

 

 
Figure I.4: Schematic representation of the mechanism of Chloride Ingress corrosion 

of steel in concrete (Rodrigues et al. 2021). 

2. Carbonation: The ingress of carbon dioxide into concrete reduces the pH of the pore 
solution, breaking down the passive protective layer on the steel surface, leading to 
generalized corrosion (Figure I.5). 

 
Figure I.5: Schematic representation of the mechanism of carbonation-induced 

corrosion of steel in concrete (Rodrigues et al. 2021). 

3. Moisture Penetration: Water ingress through cracks or inadequate concrete cover 
accelerates corrosion by providing an electrolyte for electrochemical reactions. The 
presence of moisture enhances the migration of chloride ions and CO2, further 
exacerbating the deterioration process. 
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4. Oxygen Availability: Variations in oxygen concentration contribute to differential 
aeration corrosion. Areas with restricted oxygen supply become anodic, while regions 
with higher oxygen availability act as cathodes, creating corrosion cells that accelerate 
steel degradation. 

I.2.1.2. Effects of Corrosion on Structural Performance 
The deterioration caused by corrosion affects the mechanical behavior and durability of RC 

columns in multiple ways (Figure I.6): 
• Reduction in Load-Bearing Capacity: As steel reinforcement corrodes, its cross-

sectional area decreases, reducing the column’s ability to carry axial and lateral loads. 
• Cracking and Spalling: The expansion of corrosion products induces internal 

stresses, leading to cracking and spalling of the concrete cover, which further 
accelerates deterioration. 

• Loss of Bond Strength: The adhesion between steel and concrete weakens, 
compromising structural integrity and leading to premature failure under loads. 

• Reduction in Ductility: Corrosion diminishes the ductility of RC columns, increasing 
their brittleness and making them more vulnerable to seismic forces. 

 
Figure I.6: Sequences and consequences of corrosion on reinforcements. 

I.2.2. Corrosion and Seismic Performance of RC Columns 

RC columns affected by corrosion exhibit a significant decline in seismic performance due to: 
• Weakened Confinement: Corrosion reduces the effectiveness of transverse 

reinforcement (stirrups), impairing the column’s ability to resist lateral seismic loads; 
• Brittle Failure Modes: Loss of ductility leads to brittle failure, reducing the column’s 

energy dissipation capacity during cyclic loading; 
• Degradation of Hysteretic Behavior: Studies have shown that corroded RC columns 

experience severe stiffness and strength degradation under cyclic loading (Figure I.7), 
making them more susceptible to collapse during earthquakes (Oreb 2023). 
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Figure I.7: Concrete column destruction (Oreb 2023). 

I.2.3. Experimental findings on corroded RC columns 

I.2.3.1. Experimental study of Ma et al.  
Ma et al. (2012) investigated the impact of reinforcement corrosion on the seismic 

behavior of RC columns. Their study involved 13 circular RC columns (see Figure I.8), which 
were subjected to accelerated corrosion tests, followed by cyclic lateral loading under a 
constant axial load. The key variables were corrosion loss (0% to 15.1%) and axial load ratio 
(0.15 to 0.9). The results showed that corrosion significantly reduces load capacity, stiffness, 
ductility, and energy dissipation. Higher corrosion levels and axial loads led to greater 
strength degradation and less stable hysteretic loops. When corrosion loss exceeded 14%, 
energy dissipation remained similar to non-corroded specimens, but strength degradation 
worsened. Additionally, stirrups were more vulnerable to corrosion, increasing the risk of 
brittle failure. The study highlights the need for corrosion prevention and retrofitting to 
maintain seismic resilience. 

 
Figure I.8: Illustrations of corrosion and column failure (Ma et al. 2012). 
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I.2.3.2. Experimental study of Vu and Lu  
The study of Vu and Lu (2018) examined the effects of reinforcement corrosion on the 

seismic performance of six full-scale RC short columns (Figure I.9), including both corroded 
and uncorroded specimens. Corrosion was induced using an electrochemical method, 
applying an external current to the reinforcement while immersing the columns in a 5% NaCl 
solution, and cyclic lateral loading was applied under constant axial force. Key variables 
included corrosion levels and axial load ratios (0.1f’cAg and 0.25f’cAg). The columns were 
designed with a 350×350 mm cross-section and a shear span-to-depth ratio of 1.5. The obtain 
results showed that corrosion significantly reduced seismic performance, with corroded 
columns losing up to 20% of shear strength and up to 57.9% of energy dissipation capacity. 
Higher axial loads worsened degradation, leading to increased stiffness loss, pinching effects, 
and brittle failure. Crack patterns differed, with corroded columns exhibiting additional 
vertical cracks due to bond deterioration. Drift capacity also declined, with axial failure drift 
ratios decreasing by up to 56.2% in highly corroded columns. 

The study found that initial stiffness increased under high axial loads due to altered load 
transfer mechanisms. Overall, the findings highlight the severe impact of corrosion on RC 
columns, emphasizing the need for corrosion prevention and retrofitting to maintain structural 
resilience in seismic environments. 

 
Figure I.9: Failure crack patterns observed in the test specimens under axial loading (Vu and 

Lu 2018). 

I.3. SEISMIC RETROFITTING STRATEGIES OF RC BUILDINGS 

Earthquakes cause sudden and severe devastation, leading to extensive structural damage 
ranging from minor to complete destruction. This, in turn, results in significant loss of life, 
making occupants hesitant to return unless assured of the building’s safety. Research indicates 
that many damaged buildings can be safely reused through seismic retrofitting, which 
strengthens structures against future earthquakes. This method is often a more cost-effective 
and practical solution compared to demolition and reconstruction, even in cases of severe 
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damage. Seismic retrofitting plays a crucial role in reducing earthquake risks, especially in 
vulnerable regions. Various terms, such as repair, strengthening, and rehabilitation, are used 
in this context, though their definitions may vary.  

Seismic retrofitting of buildings is necessary in two cases: (i) structures already damaged 
by earthquakes and (ii) buildings vulnerable to future seismic events. Engineers face 
challenges in retrofitting due to the lack of standardized methods, limited data on 
effectiveness, and no consensus on appropriate techniques for varying structural conditions 
and damage levels. A comprehensive catalogue of feasible retrofitting methods is essential, 
along with further research to improve techniques. 

For existing earthquake-vulnerable buildings, retrofitting may be required for several 
reasons, such as updated seismic codes, design or construction deficiencies, the need to 
strengthen essential structures like hospitals and historic buildings, or changes in building use 
and renovations. Engineers must gather extensive records, including architectural plans, 
material properties, and structural details, to properly assess and strengthen these buildings 
while considering the effects of increased stiffness. 

In Algeria, retrofitting and structural safety have not received sufficient attention, with no 
established guidelines or codes. While developed countries have advanced research on repair 
and retrofitting over the past decades, Algeria still lacks standardized assessment methods. 
Seismic retrofitting techniques focus on three key principles: (a) enhancing lateral strength, 
(b) improving ductility, and (c) increasing both strength and ductility, as illustrated in Figure 
I.10. 

 
Figure I.10: Aim of seismic strengthening (Selemon et al. 2023). 

The decision to repair and strengthen a structure depends not only on technical 
considerations as mentioned above but also on a cost/benefit analysis of the different possible 
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alternatives. It is suggested that the cost of retrofitting of a structure should remain below 
25% of the replacement as major justification of retrofitting. 

The following section will discuss the different reinforcement techniques as well as their 
limitations. The information presented in this section comes from the existing literature. 

I.3.1. Classification of retrofitting techniques 

Seismic capacity enhancement of existing structures can be achieved through two main 
approaches. The first is a global retrofitting strategy, which involves modifying the overall 
structural system. The second is a localized retrofitting method, focusing on improving the 
ductility of individual components to ensure they meet their specific performance 
requirements (Kam & Pampanin 2008, Bournas 2018). Based on this concept, the various 
retrofitting techniques for reinforced concrete buildings can be categorized as shown in Figure 
I.11. 

 

Figure I.11: Global and local retrofit techniques. 

After presenting the global and local rehabilitation approaches for reinforced concrete 
structures, it is now appropriate to examine the specific strengthening techniques applied to 
individual structural elements, particularly reinforced concrete columns. 

I.3.2. Local retrofit techniques 

The member-level or local retrofitting approach aims to enhance the strength of structural 
components that lack adequate seismic resistance. This technique is more economical 
compared to retrofitting the entire structure. One of the most common methods for reinforcing 
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individual elements is jacketing, which consists of applying additional layers of concrete, 
steel, or fiber-reinforced polymer (FRP) to reinforce columns, beams, joints, and foundations 
in reinforced concrete structures. The next section presents a concise overview of jacketing 
and its applications to different structural elements. 

I.3.3. Reinforced concrete jacketing 

Concrete jacketing is a widely used technique for strengthening reinforced concrete 
elements, especially columns, to reduce lateral deformation and increase their strength and 
load-bearing capacity. This method consists of applying a reinforced concrete jacket to the 
existing element, incorporating longitudinal steel reinforcement and transverse ties around its 
perimeter. The jacket can be formed using either cast-in-place concrete or shotcrete (Figure 
I.12). It is typically applied to columns that are failing due to overload, material deterioration, 
poor maintenance, or inadequate construction practices. Additionally, it can be used to 
increase a column’s load-bearing capacity when structural modifications or changes in the 
building’s usage require it (Raza et al. 2019). 

 

  
Figure I.12: Typical cross-sections of reinforced concrete jackets prior to concrete casting 

(www.quantity-takeoff.com). 

The application of cast-in-place concrete jacketing involves setting up formwork around 
the existing column, ensuring it is firmly anchored to resist the pressure generated during 
concrete placement. Generally, a jacket thickness greater than 10 cm is adopted to enable 
effective casting and minimize the risk of void formation. In contrast, shotcrete enables the 
use of thinner jackets, with a minimum thickness of 5 cm. However, most jackets are at least 
7.5 cm thick to ensure adequate concrete cover, accommodate reinforcement, and maintain 
sufficient spacing between the new rebars and the original structure. 

Concrete jacketing enhances the column's dimensions as well as its longitudinal and 
transverse steel reinforcement. Establishing a strong interface between the original and the 
newly cast concrete is essential to ensure the repair's effectiveness. The primary goal of this 
method is to reinforce the column’s axial-moment capacity, shear resistance, or overall 

http://www.quantity-takeoff.com/
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stiffness. While increased stiffness improves the building’s resistance to lateral deformation, it 
also leads to greater strain due to the higher lateral load demand. This presents a trade-off, and 
the engineer must carefully calculate the jacket thickness to avoid overestimation. Concrete 
jackets are also effective in addressing buckling problems in slender columns. 

Although widely used, concrete jacketing presents certain drawbacks. One major concern 
is the increase in the column's dimensions after repair, which reduces available space within 
the building-potentially posing challenges for architects and property owners. The process 
also involves extensive drilling into the existing column, which may already be weakened, as 
well as into the slabs, beams, and foundations. Moreover, ensuring monolithic casting of the 
concrete is both time-consuming and requires high level of accuracy, especially in the upper 
regions of the jacket. 

The effectiveness of a jacketed structural element is primarily influenced by the strength of 
the jacket itself and the additional reinforcement achieved through the confinement of the 
original member (Figure I.13). Ideally, the column should be fully enclosed on all four sides 
to maximize confinement; however, this is not always feasible, particularly for columns 
positioned at the edges or corners of buildings. Additionally, confinement proves to be more 
effective for smaller columns compared to larger ones. (Abdelrahman 2023). 

 

Figure I.13: Confinement of the columns induced by the jacket (Abdelrahman 2023). 

I.3.3.1. Procedure for the construction of concrete jacket 
The following steps can be followed for the construction of column jacketing, as depicted 

in Figures I.14a and I.14b: 
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1. Propping the slabs: Temporary supports are installed around the column and at other 
floor levels to create an alternative load path to the foundation. This is essential, as the 
column’s load-bearing capacity is significantly reduced during the jacketing process. 

2. Elimination of the existing concrete cover: The outer concrete layer is carefully 
removed until sound concrete is reached, provided there is no steel corrosion. 
Sandblasting is recommended to roughen the surface, as pneumatic hammering may 
cause microcracks in the substrate. If the reinforcement in the existing column is 
corroded, the concrete cover should be fully removed until the longitudinal steel bars 
are exposed. The steel bars are then cleaned and coated with anti-corrosion paint, or, if 
the corrosion is severe, they are replaced with new reinforcement. 

  
(a) (b) 

Figure I.14: Column jacketing; (a) construction steps for the concrete jacket, (b) concrete 
jacket in progress (Abdelrahman 2023). 

 
3. Installation of steel dowels: Steel dowels are inserted around the column edges to 

establish a firm mechanical connection between the existing and added concrete 
sections. The dowel depth and anchoring substance must be chosen to ensure 
development of at least the bar’s yield capacity. The longitudinal bars of the jacket 
should be fixed into the foundation, requiring drilled holes through the slabs for 
vertical continuity. After placing the specified longitudinal and transverse steel, the 
inserted dowels should ideally be hooked to the vertical bars. This hooking 
arrangement minimizes early buckling in the longitudinal steel and improves the 
confinement performance of the column section. 
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4. Pouring the jacket: The jacket should be cast using a material compatible with the 
original concrete to ensure proper adhesion and structural integrity. Minimizing 
shrinkage in the jacket material is crucial to reducing stress on the steel dowels and 
preventing cracks in the newly added concrete. Specific recommendations for the 
appropriate jacket material are provided in the following section. If both steel dowels 
and adequate surface roughening of the existing column are implemented, the old and 
new concrete will act monolithically, preventing any separation at their interface 
(Abdelrahman 2023). 

I.3.3.2. Material specifications for concrete jacketing 
The concrete used for the jacket should be cast with a design mix that aligns with the 

physical properties of the original section’s concrete, including compressive strength, elastic 
modulus, thermal expansion coefficient, and creep behavior. To maintain compatibility, the 
aggregate type should closely resemble that of the existing concrete unless testing confirms 
that similar physical characteristics are achieved. If the properties of the two materials differ 
significantly, vertical separation between the original section and the jacket may develop over 
time. Therefore, grout or mortar with long-term behavior that differs from concrete should be 
avoided in the jacket. To enhance the tensile properties of the jacket, fibers or shrinkage-
compensating materials may be incorporated into the mix. A bonding agent can be applied to 
the old concrete before casting, following the manufacturer's instructions. The form-and-
pump technique is preferred for concreting, as it prevents honeycombing and voids in the 
jacket. This method ensures that the top part of the jacket is fully filled with concrete and free 
from voids. It involves sealing the formwork and pumping concrete into the form under 
sufficient pressure. If this method is not feasible, holes with a minimum diameter of 100 mm 
can be created in the slab above to facilitate the placement of jacket concrete. Any voids that 
form in the newly cast concrete should be filled and repaired using cementitious or epoxy 
grout (Abdelrahman 2023). 

Numerous research studies have focused on the strengthening and repair of columns using 
reinforced concrete jacketing. Below, we present a few examples to demonstrate that this so-
called traditional technique remains widely used and has not been abandoned. Research on 
concrete-jacketed columns began in the 1980s. In 1988, Bett et al. investigated how concrete 
jacketing could recover the lateral load resistance of deteriorated columns. Their research 
included subjecting all test specimens to constant axial and lateral forces. The results showed 
that columns repaired with concrete jacketing exhibited greater stiffness and lateral load 
capacity compared to control columns, demonstrating the technique’s effectiveness in 
repairing damaged concrete structures. A few years later, Ersoy et al. (1993) expanded on this 
research by investigating the behavior of jacketed columns under uniaxial load, as well as a 
combination of uniaxial and cyclic lateral loads. As anticipated, their findings confirmed that 
jacketed columns outperformed unjacketed ones in both test series. In 1994, Rodriguez and 
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Park performed experiments on four square concrete columns exposed to seismic forces. Two 
columns were initially damaged, retrofitted using jacketing, and then reloaded, while the 
remaining two were jacketed and compressed to failure. Their findings revealed that the 
repaired columns exhibited significantly higher ductility and strength. Later, Eduardo et al. 
(2005) tested seven full-scale column-footing specimens under monotonic loading after 
different surface treatments. The results indicated that for intact columns, efficient composite 
interaction was attainable even without enhancing the concrete surface texture before 
applying the jacket. More recently, Yuce et al. (2007) investigated how thin jacketing could 
be utilized to rehabilitate localized damage in concrete columns. In the initial test phase, four 
full-scale square columns were exposed to sustained axial force and repeated lateral shifts, 
using self-compacting concrete for the jacketing process. The second series focused on 
previously damaged and repaired columns. The study concluded that thin jacketing with self-
compacting concrete enhanced both the lateral stiffness and strength of severely damaged 
columns. Tayeh et al. (2019) evaluated the effectiveness of various concrete cover types in 
rehabilitating damaged concrete columns. Their study examined 45 normal-strength concrete 
columns, including 9 reference columns, 3 unjacketed and 6 jacketed with 25–35 mm thick 
normal-strength concrete layers. The remaining 36 columns were strengthened using concrete 
jackets composed of either ultra-high-performance fiber-reinforced self-compacting concrete 
(UHPFRSCC) or normal-strength concrete (NSC). These jackets incorporated additional steel 
reinforcement (4 ∅ 10 bars) and varied in thickness (25 or 35 mm). The bonding techniques 
employed included surface roughening through mechanical wire brushing, mechanical 
scarification, and the use of shear studs. The findings indicated that UHPFRSCC jackets 
demonstrated superior ultimate load capacity compared to NSC jackets, with thicker jackets 
further enhancing load-bearing performance. Among the bonding techniques, shear studs 
proved to be the most effective in increasing ultimate load capacity. The study concluded that 
the material properties of the cover jacket play a crucial role in structural performance, with 
UHPFRSCC outperforming other materials, including NSC. Mahmud et al. (2020) conducted 
an experimental study to evaluate the impact of interface preparation on the bond strength 
between a column and an added concrete jacket. They constructed twelve columns, each 
measuring 102 × 102 × 800 mm, using low-strength concrete (10–14 MPa). The strengthening 
process incorporated four longitudinal steel bars and a concrete jacket with a thickness 
ranging from 25 to 31.5 mm.  Eleven of the columns underwent different bonding treatments, 
including untreated and unbonded surfaces, treated and bonded surfaces, and treated and 
bonded surfaces with welded ties. The findings revealed that the RC column jacket effectively 
increased the column’s load capacity, with the degree of improvement depending on the 
bonding conditions. Among all configurations, the treated and bonded surface with welded 
ties achieved the highest load capacity.  

The seismic strengthening of RC members using RC or high-performance cementitious 
mortar jackets has been validated through both laboratory research and practical applications 
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over the years. The key advantages and limitations of these strengthening techniques are 
outlined below:  
a) Strengths 

1. Significant increase in strength and ductility; 
2. Adaptable to any shape of section; 
3. Utilizes materials commonly recognized by both engineers and construction workers.  

(b) Weaknesses 
1. Costly, requires extensive labor, and consumes considerable time;  
2. Causes major disturbance to building occupants;  
3. Loss in floor area due to the increase of the cross section sizes; 
4. Use of large quantities of materials (i.e. concrete and steel) with high environmental 

burden (higher embodied CO2 emissions, more energy in manufacturing) (Gkournelos 
et al. 2021).  

I.3.4. Steel Jacketing  

Rather than employing RC or other cement-based materials, structural steel can be applied 
as external reinforcement through the steel jacketing technique to improve the performance of 
existing RC elements (Figure I.15). This method involves assembling steel angles and plates 
into a cage around the RC element, thereby enhancing its flexural and shear strength while 
also improving ductility and stiffness. Alternatively, sheeted steel elements can be wrapped 
around the RC component to provide additional confinement to the inner concrete, thereby 
increasing its ductility and shear capacity. In this approach, the gap between the added steel 
and the existing concrete can be filled with grout to ensure proper bonding and load transfer 
(Gkournelos et al. 2021). 

   
Figure 1.15: Seismic strengthening using steel jacketing (Gkournelos et al. 2021). 

On the other hand, concrete-filled steel tubular (CFST) elements have been extensively 
used in civil engineering applications, particularly in high-rise buildings and bridges. Their 
widespread adoption is attributed to several key advantages, including high strength, superior 
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ductility, excellent seismic performance, and enhanced fire resistance (Han and Li 2014). In 
CFST elements, the steel tube serves three primary functions: (1) providing structural support 
under various loading conditions, (2) offering lateral confinement to resist the crushing of the 
infilled concrete, and (3) acting as permanent formwork. Meanwhile, the concrete core plays a 
dual role by carrying loads and delaying the inward local buckling of the steel tube. However, 
to fully harness these benefits, the bond between the steel and concrete must be sufficiently 
strong to ensure composite action, particularly during the early elastic stage. Weak steel-
concrete interaction can result from concrete shrinkage due to temperature variations or 
differences in the lateral dilation behavior of the steel tube and concrete core. (Alatshan et al. 
2020). 

 
Figure 1.16: Example of application of CFST member to a building column (U.S. Federal 

Courthouse, Seattle, WA, USA (Moon et al. 2014). 

Several researchers have investigated the behavior of strengthened RC columns using steel 
jacketing techniques. Research on steel-jacketed columns began in the 1990s. In 1997, 
Ghobarah et al. examined how corrugated steel jackets could improve the shear capacity and 
ductile behavior of columns subjected to lateral loading. Their findings demonstrated that this 
method significantly improved the seismic resistance of structures with initial deficiencies in 
seismic capacity. In a subsequent study, Ghobarah et al. evaluated the performance of steel 
jacketing on larger-scale concrete columns, further confirming its effectiveness. In 2003, Wu 
et al. applied steel plates as jackets on rectangular reinforced concrete (RC) columns and 
observed a significant increase in ductility. Sarno et al. (2006) later investigated the 
application of stainless-steel jacketing to upgrade framed concrete structures under seismic 
loading. The experimental specimens included both braced frames and moment-resisting 
frames. Findings showed that stainless steel jackets substantially improved plastic 
deformations and enhanced energy absorption capacity. Additionally, the strain-hardening 
properties of stainless steel helped prevent local buckling in steel members. Unlike concrete 
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jacketing, steel jacketing was particularly effective in increasing the shear strength of RC 
members. Despite its advantages, several limitations of steel jacketing have been reported. 
The effectiveness of this technique largely depends on the bonding between steel plates. In 
members with right-angled cross-sections (square or rectangular), steel jacketing was found to 
be less efficient in enhancing flexural stiffness. This limitation reduces its effectiveness in 
improving column deformability, restricting its applicability in certain structural 
configurations. 

Recently, Fakharifar et al. (2016) introduced a quick restoration approach for heavily 
damaged circular RC columns using lightweight, pre-tensioned steel jackets. The technique 
includes encasing the RC member with a thin steel layer and preventing its buckling with 
multiple prestressed strands. Notably, the retrofitting process is highly efficient, as it can be 
executed by a two-worker team within 12 hours without altering the column’s original shape. 
This approach restored the columns’ strength and ductility to 115% and 140%, respectively. 
Although, while stiffness was not entirely recovered, it reached approximately 84% of the 
undamaged column’s initial stiffness. More recently, Wang et al. (2017) proposed an 
innovative seismic strengthening approach for rectangular RC columns subjected to high axial 
loads (normalized axial loads of ~0.6). Their method involves applying pre-cambered steel 
plates to the column’s opposite faces and post-compressing them using tightly secured anchor 
bolts. This pre-compression redistributes part of the axial load from the column to the steel 
plates, significantly reducing the stress on the original structure. Experimental results 
demonstrated that the strengthened columns maintained their shear capacity under high axial 
loads while exhibiting a substantial increase in ductility. Furthermore, the ductility 
enhancement could be fine-tuned by adjusting the thickness and initial pre-camber of the steel 
plates, making this technique highly adaptable to different structural needs.  

Although steel jacketing is not widely used in engineering practice for upgrading RC 
elements, it remains an effective solution in certain scenarios. The key advantages and 
drawbacks of this method are outlined below. 

b) Strengths 
1. Notable enhancement in both strength and ductility;  
2. Employs materials commonly known to engineers and construction crews.  

(c) Weaknesses 
3. Comparatively costly, demands high labor, and require extended execution time; 
4. Causes disruption to building usage; 
5. Corrosion protection is required; 
6. Alters member stiffness and adds substantial extra mass. These limitations are less 

critical than in RC jacketing (Gkournelos et al. 2021). 
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I.3.5. FRP strengthening technique  

I.3.5.1. Background on FRP composites  
The evolution of fiber-reinforced polymer (FRP) materials started in the 1930s, marked by 

the first fiberglass patent from Owens Glass Company, which eventually merged with 
Corning during World War II. Significant progress in the FRP industry followed over the next 
two decades, primarily in military and aerospace applications.  In the early 1960s, research 
efforts focused on exploring the use of FRP composites in structural engineering as a 
replacement for steel reinforcement to effectively address corrosion issues. However, due to 
practical limitations at the time, the development and implementation of FRP in construction 
remained slow. By the 1980s, FRP materials gradually found practical applications in 
engineering. Their use in concrete structures can be categorized into two main types: internal 
applications, which include FRP bars, rods, and tendons, and external applications, which 
involve FRP plates, fabrics, wraps, and near-surface mounted (NSM) FRP bars.  Internal 
applications are primarily associated with new construction, such as FRP-reinforced and FRP-
prestressed concrete structures. In contrast, external applications focus on strengthening, 
retrofitting, and repairing existing structures, typically those reinforced with steel. However, 
as FRP-reinforced concrete structures become more common, they too may require 
strengthening in the future (Ortiz et al. 2023). A tree diagram illustrating FRP composites, 
their components, and their applications is presented in Figure I.17. 

 

Figure I.17: Schematic representation of FRP applications in concrete structures (Ortiz et al. 
2023). 

The acronym "FRP" stands for fiber-reinforced polymers, also known as fiber-reinforced 
plastics. The term "composite material" broadly refers to a combination of two or more 
materials that, when combined, create a product with enhanced properties compared to its 
individual components. One component, known as the reinforcing or fiber phase, provides 
strength, while the other, called the matrix phase, serves as the binding medium. The matrix-



Chapter I: An overview on strengthening of the reinforced concrete columns 

25 
 

typically a cured resin such as epoxy, polyester, or vinyl ester-holds the fibers in place, 
ensuring the structural integrity of the composite by enabling shear transfer (Afifi 2013). 
Figure I.18 illustrates this concept. 

 
Figure I.18: Fundamental Components of an FRP Composite Material (Afifi 2013). 

Four main types of FRP composites are frequently applied: carbon fiber-reinforced 
polymers (CFRP) include carbon fibers, glass fiber-reinforced polymers (GFRP) incorporate 
glass fibers, aramid fiber-reinforced polymers (AFRP) are strengthen with aramid fibers, and 
basalt fiber-reinforced polymers (BFRP) use basalt fibers (Afifi 2013). 

I.3.5.2. Type of FRPs 

• CFRP 
The Carbon fiber-reinforced polymer (CFRP) is one of the earliest fiber composite 

materials used for bridge reinforcement and remains widely utilized due to its high tensile 
strength and elastic modulus. CFRP is available in various structural forms, including sheets, 
bars (strips and rods), and grids (Figure I.19). However, its performance in the transverse 
direction is inferior to its longitudinal performance, leading to premature failure in tensile 
tests. Pultruded CFRP strips are composed of unidirectional carbon fibers embedded in a 
vinylester resin matrix. CFRP grids, a newer FRP configuration, have been employed to 
enhance the punching shear resistance of concrete slabs and reinforce steel deck plates, 
improving their stiffness. Compared to steel reinforcements, CFRP exhibits a higher elastic 
modulus, fatigue strength, and creep resistance, along with a lower expansion coefficient in 
the longitudinal direction. A comparison of mechanical properties and overall performance 
indicates that CFRP offers significant advantages over steel reinforcements. It combines high 
strength, a superior elastic modulus, and excellent corrosion resistance. However, its high cost 
remains a challenge due to the absence of key technologies for raw silk production. 
Additionally, CFRP-reinforced components are prone to brittle failure, especially under high 
temperatures, where the tensile strength of carbon fibers declines considerably. At 250°C, the 
elastic modulus and tensile strength of CFRP decrease by approximately 28% and 42%, 
respectively, compared to room temperature. Furthermore, CFRP exhibits electrical 
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conductivity, making it unsuitable for applications requiring electrical insulation (Hu et al. 
2020).  

   
(a) (b) (c) 

Figure I.19: Structural form of CFRP; (a) CFRP sheets; (b) CFRP bars and (c) CFRP grids 

(www.frp-expert.com). 

• GFRP 
The GFRP has been widely applied in civil engineering owing to its smooth surface, strong 

resistance to fluid penetration, and high durability against corrosive substances (including 
acids, alkalis, seawater, and fresh water), along with its cost-effective performance. This 
material is a composite system composed of glass fibers as reinforcement and a synthetic 
resin polymer matrix. Because of its affordability and corrosion resistance, GFRP is 
frequently used as a steel alternative in the rehabilitation of deteriorated concrete components 
(Figure I.20). Studies have confirmed that steel behaves as an isotropic material, prone to 
yielding and electrochemical corrosion, whereas GFRP, being anisotropic, offers superior 
tensile properties. Glass fiber is created by melting and drawing glass, making it a low-cost 
material. Furthermore, when GFRP is used for strengthening concrete bridges under cradle-to-
grave assessment scenarios, it leads to reductions in global warming, photochemical oxidant 
formation, acid rain, and nutrient enrichment by 25%, 15%, 5%, and 50%, respectively. 
Nevertheless, GFRP has a relatively low elastic modulus, exhibits considerable creep 
behavior, and has limited long-term durability. It is also notably vulnerable to degradation in 
high-alkaline environments (Hu et al. 2020).  

   
(a) (b) (c) 

Figure I.20: Structural form of GFRP; (a) GFRP sheets; (b) GFRP bars and (c) GFRP grids 

(www.frp-expert.com). 
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• AFRP 
The Aramid fiber-reinforced polymer (AFRP) is a high-strength synthetic organic fiber 

composed of aromatic polyamides, known for its lightweight, exceptional tensile strength, and 
strong resistance to corrosion and heat. AFRP sheets are composed of aramid fibers aligned in 
one or two directions, offering advantages such as flexibility, durability, insulation, and 
resistance to corrosion (Figure I.21). Compared to glass fiber-reinforced polymer (GFRP), 
AFRP exhibits superior strength, a higher elastic modulus, enhanced heat resistance, and 
lower density. Its tensile strength is approximately five times that of steel and twice that of 
GFRP [81]. Additionally, in contrast to carbon fiber-reinforced polymer (CFRP), AFRP is 
more cost-effective, easier to manufacture, and demonstrates greater resistance to alkaline 
environments. However, despite these advantages, AFRP has limited application in civil 
engineering and construction due to its low compressive strength and high tensile strength, 
which restrict its use in structural load-bearing elements (Hu et al. 2020).  

  
 

(a) (b) (c) 

Figure I.21: Structural form of AFRP; (a) AFRP sheets; (b) AFRP bars and (c) AFRP grids 

(www.frp-expert.com). 

• BFRP 
Basalt fiber is an inorganic material derived from volcanic basalt rock, processed through 

crushing, melting at high temperatures (1400°C), and stretching via a spinneret (Figure I.22). 
It has a dark brown appearance, resembling carbon fiber. Basalt fiber is known for its high 
strength, good modulus, thermal stability, chemical resistance, and ease of fabrication. 
Additionally, it is nontoxic, environmentally friendly, and cost-effective. Due to abundant raw 
materials and a straightforward production process, basalt fiber is six times more affordable 
than carbon fiber. BFRP maintains stable mechanical properties under elevated temperatures. 
Strength tests conducted at 100, 200, 400, 600, and 1200°C demonstrated that all three fibers; 
basalt, carbon, and glass showed strength reductions above 200°C. However, while carbon 
and glass fibers exhibited significant deterioration, basalt fiber retained over 90% of its 
strength at 600°C. Furthermore, when the temperature increased from 100 to 250°C, the 
tensile strength of basalt fiber improved by 30%, whereas glass fiber experienced a 23% 
reduction. In 70°C hot water, basalt fiber retained its strength for 1200 hours, whereas glass 
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fiber lost strength in less than 200 hours. Although its tensile strength and elastic modulus are 
lower than those of carbon fiber, basalt fiber offers superior ductility, cost-efficiency, 
corrosion resistance, and heat tolerance (Hu et al. 2020). 

Basalt fiber serves as a reinforcement material for various basalt composite applications. 
Compared to other fiber materials, it offers distinct advantages and unique properties: 

ü Natural Composition: Derived from volcanic rock, basalt fiber is a pure inorganic 
material with outstanding mechanical properties, long-term durability, and adaptability 
to diverse environments. 

ü Cost Efficiency: With abundant raw materials, basalt fiber is a low-cost alternative. 
BFRP is expected to achieve properties comparable to GFRP in the future, potentially 
overcoming the cost barrier in FRP applications. 

ü Seismic Performance: Due to its high ultimate strain and excellent ductility, basalt 
fiber is well-suited for seismic-resistant structures. 

ü Basalt Enhanced Compatibility: It exhibits strong fatigue resistance, excellent 
adhesion to resin, and good compatibility with metals, plastics, and carbon fiber. 

However, basalt fiber has certain limitations, including low shear strength, brittleness, and 
a relatively low elastic modulus (Hu et al. 2020).  

   
(a) (b) (c) 

Figure I.22: Structural form of BFRP; (a) BFRP sheets; (b) BFRP bars and (c) BFRP grids 

(www.frp-expert.com). 

I.3.5.3. Mechanical properties of FRP composites 
FRP composites are made of fibers and resin matrix. The finished characteristics of FRP 

composites depend on special preparation process. In the following subsections, the basic 
physical and mechanical properties of these FRP bars and sheets are listed in Tables I.1 and 
I.2, respectively. 
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Table I.1: Comparison of basic physical and mechanical properties between FRP and steel 
bars (Dong and Wu 2019).  

FRP type 
Elasticity 
modulus 
(GPa) 

Yield 
Strength 
(MPa) 

Tensile 
strength 
(MPa) 

Density 
(g/cm3) 

Elongation 
(%) 

CFRP bar (Gravina and smith 2008) 120-580 - 600-3690 1.50-1.60 0.5-1.7 
GFRP bar (Gravina and smith 2008) 35-51 - 483-1600 1.25-2.10 1.2-3.1 
AFRP bar (Gravina and smith 2008) 41-125 - 1720-2540 1.25-1.40 1.9-4.4 
BFRP bar (Dong and Wu 2019) 50-65 - 600-1500 1.90-2.10 1.2-2.6 
Steel bar (Gravina and smith 2008) 200 276-517 483-690 7.85 6.0-12.0 

Table I.2: Mechanical properties of FRP sheets (Wu et al. 2020).  

FRP type Tensile strength 
(MPa) 

Elasticity modulus 
(GPa) 

Failure strain 
(%) 

HS CFRP 3500 230 1.5 
HM CFRP 1900 540 0.35 
E GFRP 1500 73 2.1 
AFRP 2060 118 1.7 
BFRP 2800 89 3.15 

I.3.6. Internal reinforcement for concrete 

Internal reinforcement for concrete is another way to change the behavior of concrete 
columns from brittle to ductile behavior. The transverse reinforcement restricts the lateral 
expansion of the specimen under axial loading, thereby enhancing the ductility of the column. 
The most widely accepted and used method for reinforcement in structural concrete columns 
applications is the steel bar cages. Concrete and steel work very well together in a structural 
application. The design of columns is centered on having the concrete to resist the 
compressive forces because concrete is strong in compression. Furthermore, the steel is 
present in the column to resist any tensile forces, as steel is strong in tension, as well as in 
compression. The steel is designed as a cage to surround the concrete, while concrete is 
poured inside and outside this cage to the limits of the formwork. The inner concrete is 
intended to carry most of the applied compressive load, while the outside or "cover" concrete 
protects the steel from weather, fire, and corrosion (Ross 2007). The steel is placed in two 
directions, longitudinal and transverse. The longitudinal steel helps to carry the tension loads 
as well as the compressive load and to prevent collapse failure. The transverse steel encases 
the longitudinal reinforcement, aiding in concrete confinement, resisting shear forces, and 
reducing the buckling length of the longitudinal bars. Figure I.23 displays how the steel can 
mesh very well as a complete reinforcement system (Ortiz et al. 2023). 
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Figure I.23: Steel cage assembly (Afifi 2013). 

In the design of traditional bar reinforced concrete construction, spiral reinforcement 
provides greater confinement than circular or rectangular hoop reinforcement. The Optimal 
confinement is achieved by reducing the spacing of transverse reinforcement and ensuring a 
well-distributed longitudinal reinforcement. Additionally, the volume of transverse 
reinforcement should be increased relative to the concrete core volume. (Mander et al. 1988). 
The concrete confinement is important because the cover concrete will begin to spall at a 
strain of 0.002. At this point, the core concrete will carry the load as long as it is effectively 
confined by the bar reinforcement'. The longitudinal bars will eventually begin to buckle in 
between the transverse reinforcement. As shown in Figure 1.24, failure will be reached once 
the longitudinal and transverse reinforcement fails, and can no longer confine the concrete 
core (Afifi 2013). 

 
Figure I.24: Stress-strain model (Mander et al. 1988). 

 
Steel reinforcement has a restricted service life and requires significant maintenance due to 

corrosion, particularly in aggressive or harsh marine environments, as commonly found in 
many regions of North America. This challenge has driven interest in noncorrosive 



Chapter I: An overview on strengthening of the reinforced concrete columns 

31 
 

alternatives such as fiber-reinforced polymer (FRP) bars. Compared to traditional steel 
reinforcement, FRP bars provide several benefits, including a density that is only one-quarter 
to one-fifth of steel, superior tensile strength, and complete resistance to corrosion, even in 
highly aggressive chemical conditions (Mohamed and Benmokrane 2014). 

FRP reinforcement is essential in providing confinement to columns after the concrete 
starts cracking (Figure I.25). Near failure, the concrete is cracked internally and the cracking 
is not uniform throughout. This also causes high stress concentrations in specific areas of the 
FRP reinforcement as opposed to areas where little cracking has occurred.  

 
Figure I.25: CFRP cage assembly (Mohamed and Benmokrane 2014).  

The FRP reinforcement is subjected to two different types of loading while the column 
undergoes axial deformation. There is a transverse loading from the concrete crushing and 
trying to push out radially. There is also some axial loading due to the epoxy resin connection 
between the concrete and the FRP reinforcement. This combination of loads produces strength 
limitations that are difficult to predict, and the failure strength of the FRP system is a portion 
of its ultimate strength. 

Several Studies have been conducted on the behavior of FRP-reinforced concrete columns 
and shown that increasing the FRP strength and stiffness are directly related to the increase in 
concrete stress and strain limits. Moreover, the strength and stiffness of FRP depend on the 
selected material and its mechanical properties. These characteristics play a crucial role in 
restricting the dilation of concrete (Ross 2007). Controlling concrete dilation under increasing 
axial load enhances both stress and strain capacity. (Afifi 2013). 

I.3.6.1. Study of De Luca et al.  
De Luca et al. (2010) examined the compressive behavior of RC columns reinforced with 

GFRP hoops and their role in concrete core confinement. Tests on five square RC specimens 
(610×610×3000 mm) under axial load revealed no significant behavioral differences between 
columns reinforced with GFRP bars and those with steel bars when the longitudinal 
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reinforcement ratio was 1.0%. The results indicated that failure in steel RC specimens 
occurred due to longitudinal reinforcement buckling, whereas GFRP RC specimens failed 
through concrete core crushing at higher axial strains than those observed in the steel RC 
counterpart. The contribution of GFRP and steel bars to the column's load capacity was 
approximately 5% and 12%, respectively. Although reducing hoop spacing in GFRP-
reinforced columns did not enhance peak load capacity, it effectively delayed longitudinal bar 
buckling, crack propagation, and concrete core crushing, thus controlling the failure mode. 
Figure I.26 illustrates the test column details from De Luca et al. (2010). 

 
Figure I.26: Schematic representation of the reinforcement layout for specimen S-16 (a), A-
12 and B-12 (b), and A-3 and B-3 (c); cross-sectional arrangement for all specimens (d); and 

detailed views of Bar A (e) and Bar B (f) as described by De Luca et al. (2010). 

I.3.6.2. Study of Tobbi et al.  
Tobbi et al. (2012) investigated the effect of stirrup spacing on square GFRP-RC columns 

under concentric loading. The tested columns were 350 x 350 mm and 1400 mm height. 
Based on test results it was noted that, decreasing stirrup spacing results an increasing in 
confinement efficiency and the hoop spacing controlled the buckling of the longitudinal bars. 
Also, the reduction in hoop spacing from 120 to 80 mm causes a gain in yield strength more 
than 20% and decreasing in strain of transverse reinforcement. Figure I.27 shows the 
dimensions and properties of Tobbi’s tests. 
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Figure I.27: Various transverse rebar configurations and dimensions of Tobbi et al. (2012) tests. 

I.3.6.3. Study of Afifi et al.  
In 2013, Afifi et al. conducted an experimental study on the axial behavior of circular 

concrete columns reinforced with GFRP and CFRP reinforcements. The study involved 
testing 27 concrete columns with a diameter of 300 mm, categorized into three groups. The 
first group included three specimens: one plain concrete column (unreinforced) and two with 
steel reinforcement. The second group consisted of 12 columns reinforced with GFRP in both 
longitudinal and transverse directions, while the third group mirrored the second but replaced 
GFRP with CFRP reinforcement. Various parameters were examined, including 
reinforcement type, longitudinal reinforcement ratio, volumetric spiral reinforcement ratio, 
bar diameter, spiral spacing, transverse reinforcement arrangement, and tie overlap length. 
The results demonstrated that GFRP-reinforced columns exhibited similar behavior to their 
steel-reinforced counterparts, though their axial load capacity was, on average, 7% lower than 
that of the steel-RC columns. Moreover, the experimental findings showed that the small 
GFRP spirals with closer spacing enhanced the ductility and effectively confined the concrete 
core in the post-peak stages. In conclusion the research work cited indicates the suitability of 
concrete columns longitudinally and transversely reinforced with GFRP bars. Figure I.28 
shows the overall view of the samples tested and some of its properties. 
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Figure I.28: Overall view of Afifi’s (2013) samples (Afifi et al. 2013 tests). 

 
I.3.6.4. Study of Prachasaree et al. 

Prachasaree et al. (2015) investigated the structural behavior and performance of concrete 
columns reinforced internally with GFRP bars. The study involved testing 12 circular and 
square RC columns, each 500 mm in height, under compression loading. The parameter 
investigated included the longitudinal reinforcement, cross-section shape, concrete cover, and 
lateral reinforcement type. The columns incorporated GFRP rebars, with lateral reinforcement 
provided by ties, spirals, or hoops. The gross area-to-core area ratio was 1.44 for both section 
shapes, and the concrete cover was 15 mm thick. Longitudinal reinforcement comprised four 
GFRP rebars, with reinforcement ratios ranging from 1.42 to 2.05 for square sections and 1.91 
to 2.63 for circular ones. Lateral reinforcement area was 0.011 times the core area, with 
spacing reduced at end zones to prevent premature failure. The authors concluded that GFRP 
reinforcement marginally influenced column strength, while lateral reinforcement 
significantly improved confining pressure and inelastic deformation. Increased GFRP 
reinforcement ratios enhanced confined compressive strength and deformability, with a 
confinement effectiveness coefficient of 3.0-7.0. Columns with spirals exhibited an average 
deformability factor of 4.2, while those with ties had 2.8, highlighting the greater influence of 
lateral reinforcement on deformability than strength. Figure I.29 presents the Geometry of the 
test columns by Prachasaree et al. (2015).  
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Figure I.29: Geometry of the test columns Prachasaree et al. (2015). 

I.3.6.5. Study of Hales et al.  
Hales et al. (2016) explored the behavior of slender high-strength concrete columns 

reinforced with internal GFRP spirals and longitudinal bars made of steel, GFRP, or a 
combination of both under both concentric and eccentric loading. The research involved nine 
circular concrete columns with a 305 mm diameter, comprising three short columns (760 mm 
in height) and six slender columns (3730 mm in height), following the slenderness criteria 
outlined in ACI 318-14. Three reinforcement configurations were used, as depicted in Figure 
I.30. Type DB columns incorporated a double-layer system: an inner layer consisting of six 
13-mm steel bars confined by a 178-mm diameter 10-mm GFRP spiral and an outer layer of 
six 16-mm GFRP bars enclosed by a 216-mm diameter 10-mm GFRP spiral, both with a 76-
mm pitch. Type SS columns contained a single layer of six 13-mm steel bars, encased by a 
216-mm diameter 10-mm GFRP spiral, spaced at 76 mm. Type SG columns featured a single 
layer of six 16-mm GFRP bars, similarly confined by a 216-mm diameter 10-mm GFRP 
spiral with the same spacing. The experimental results demonstrated that the failure mode of 
slender columns with minor eccentricity (8.3% of the column size) was predominantly 
governed by material failure, whereas those with significant eccentricity (33% of the column 
size) exhibited buckling failure. The study concluded that GFRP spirals and longitudinal 
GFRP bars offer a practical reinforcement alternative for slender concrete columns subjected 
to eccentric axial loads. 
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Figure I.30: Reinforcement configuration of concrete columns: (a) type DB-double layer; (b) 

type SS and SG-single layer (Hales et al. 2016). 

I.3.6.6. Study of ElMessalami et al.  
ElMessalami et al. (2021) carried out an experimental study on concrete columns 

reinforced with longitudinal BFRP bars and confined using either BFRP or steel ties under 
concentric and eccentric load conditions. The study involved twelve full-scale RC columns 
with a cross-section of 180 mm × 180 mm and a height of 1100 mm. Main test variables 
included the type and spacing of lateral reinforcement (BFRP and steel ties), along with the 
eccentricity-to-width ratio (e/h = 0, 22.2%, 44.4%). Findings revealed that reducing the 
spacing between BFRP ties improved ductility and confinement performance in BFRP-
reinforced concrete (BFRP-RC) columns. However, this modification had little influence on 
both column load-bearing capacities and the longitudinal bars’ contribution to final strength. 
The study concluded that BFRP-RC columns confined with BFRP ties demonstrated similar 
ultimate capacities, bar strength contributions, and confinement efficiencies to those confined 
with steel ties at identical spacing. 

  
Figure I.31: The reinforcement details of the tested columns by ElMessalami et al. (2021), 
including (a) the concentric columns, (b) the eccentric columns, and (c) the cross-sectional 

layout of the specimens. 

I.3.6.7. Study of Zeng et al.  
Zeng et al. (2023) carried out an experimental study on the compressive behavior of FRP 

spiral-confined concrete within FRP-RC columns subjected to axial loading, both with and 
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without longitudinal FRP reinforcement. The research also assessed the role of longitudinal 
FRP bars in these columns. A total of 32 FRP-RC columns were examined, including 10 
without longitudinal FRP reinforcement, 20 with longitudinal FRP bars, and 2 made of plain 
concrete. Each specimen had a height of 500 mm and a diameter of 192 mm. The primary test 
parameters were the spiral pitch (20, 40, 60, 80, and 100 mm) and the longitudinal FRP bar 
diameters (10 mm and 16 mm). Experimental results indicated that FRP spiral-confined 
concrete in FRP-RC columns exhibits a bilinear axial stress–strain behavior. The minimum 
confinement ratio required for effective confinement was identified as 0.12, exceeding 
previously reported values for FRP jacket-confined concrete. At the ultimate load stage, FRP 
bars with a 16 mm diameter (reinforcement ratio of 4.6%) contributed approximately 25%–
35% of the total axial capacity, though this contribution declined significantly with smaller 
bar diameters. Additionally, when estimating the axial load contribution of longitudinal FRP 
bars in FRP-RC columns, the reduction in their tensile elastic modulus should be taken into 
account. 

I.3.6.8. Study of Samra et al.  
Samra et al. (1996) carried out study to investigate the required transverse reinforcement 

with spiral confinement for different eccentricity diameter ratio 𝑒/𝐷 to achieve adequate 
ductility for spirally confined columns. Based on the test results, it was got a modification 
equation for calculating the transverse reinforcement ratio 𝜌! which is depended on the 
eccentricity value. And from the proposed equation, as the eccentricity to section diameter 
ration 𝑒/𝐷. increases, more transverse reinforcement is required. 

 

𝜌! = 0.45 ,
𝐴"
𝐴#
− 10

𝑓#$

𝑓%&
20.5 + 0.25

𝑒
𝐷5 (I.1) 

Where; 𝜌! is ratio of volume to transverse confining steel to volume of confined concrete 
core, 𝐴" is gross area of section, 𝐴# is area of core of section within centerlines of perimeter 

spiral, 𝑓#$, is compressive strength of standard 28-day cylinder, 𝑓%& is yield strength of 
transverse reinforcement, 𝑒 is eccentricity at which axial load is applied, and 𝐷 is overall 
diameter. Figure I.32 shows stress-strain diagram for circular cross section under eccentric 
load. 
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Figure I.32: Theoretical moment-curvature analysis: section with strain, stress, and force 

distribution (Samra et al. 1996). 
 
I.3.6.9. Study of Sharbatdar  

Sharbatdar (2003) conducted tests on five square concrete columns, each measuring 230 × 
230 mm in cross-section and 1680 mm in height, which were reinforced with CFRP and 
subjected to eccentric loading. The findings revealed that the columns reinforced with CFRP 
achieved their flexural capacity, primarily limited by the compressive failure of the concrete. 
The CFRP used in the compression zones retained its structural integrity and continued to 
support loads even after the adjacent concrete had failed. Additionally, the longitudinal CFRP 
reinforcement demonstrated a high tensile strain capacity, ensuring equilibrium within the 
section as bending increased and the compression zone of the concrete progressively 
deteriorated. 

I.3.6.10. Study of Tikka et al.  
Tikka et al. (2010) investigated the structural behavior of slender concrete beam-columns 

subjected to eccentric loading. The study involved eight columns, each 1800 mm in length 
with a square cross-section of 150 × 150 mm, reinforced with GFRP longitudinal bars and 
confined laterally using a carbon fiber spiral wrap. The experimental findings indicated that 
the GFRP bars contributed minimally to the overall load-bearing capacity of the columns. 
However, the application of CFRP spirals proved effective in offering sufficient lateral 
confinement for the longitudinal reinforcement.  

I.3.7. External application 

Externally FRP confinement for reinforced concrete is a way to enhance the properties of 
concrete columns, most importantly reducing the effect of its brittle behavior, and allowing 
the column to attain maximum load carrying capacity. These higher strengths are achieved as 
a result of the lateral pressures, applied by the external reinforcement of the concrete column. 
Lateral high pressures results a higher strength concrete column which is able to carry higher 
loads than if it was unreinforced. Several techniques have been developed to strengthen or 
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rehabilitate existing reinforced concrete columns using FRP composites. However, the most 
commonly used methods are wet lay-up process, jacketing with prefabricated shells, and 
automated winding (Afifi 2013). 

I.3.7.1. Wet lay-up process 
This technique is widely employed in both buildings and bridges, where FRP sheets, 

impregnated with resin, are wrapped around concrete elements (Figure I.33). The installation 
process involves applying a saturating resin to the concrete surface, typically after a primer 
has been applied. There are two methods for applying FRP: either by uniformly spreading the 
resin on the concrete surface before wrapping it with the FRP jacket or by impregnating the 
FRP with resin using a saturator machine before wrapping the element (Cozmanciuc et al. 
2009).  

  
Figure I.33: RC columns Confinement using FRP Wet lay-up process (Chakra 2016).  

The FRP wrapping can be fully or partially using one or multiple layers. For partial 
strengthening, FRP strips can be applied in the form of a continuous spiral or as discrete rings 
(Figure I.34). 

  
(a) (b) 

Figure I.34: Configurations of confinement for RC columns. (a) Partial and full confinement 
techniques (b) external FRP wraps using hoop and spiral strips (Ghani et al. 2024). 
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This technique is straightforward and very fast. However, because it is completely carried 
out by hands, it is more difficult to control the quality of resin mix, attainment of good wet-
out of the FRP jacket with uniform resin impregnation without excessive voids and wrinkling 
(Wu et al. 2020).  

I.3.7.2. Jacketing with prefabricated shells 
In this technique, the column is wrapped with prefabricate FRP shells (prepreg: FRP sheets 

pre-impregnated with a saturated resin at the manufacturer’s facility (Figure I.35). The FRP 
shells can be either circular or rectangular, depending on the cross-sectional shape of the 
column. The technique is simple for site applications and can ensure a high level of material 
quality control due to the controlled factory-based fabrication of shells. However, the shells 
must be fabricated with strict tolerance with respect to column dimensions. The confining 
action of shells is less efficient in rectangular sections, so it is usually better to change the 
cross-sectional shape of the column. For multiple layers, the shells must be appropriately 
positioned to ensure the desired jacketing effect (Wu et al. 2020).  

 
Figure I.35: RC columns strengthened using prefabricated FRP shells (Monti 2003).  

I.3.7.3. Automated winding 
The automated winding technique consists of using a wrapping machine to automatically 

wind the fibers around the column (Figure I.36). The machine, which was developed for the 
first time in Japan, was created to enhance bridge piers, but it can also be used to reinforce 
building columns. The fibers are wound on reels, and then inserted into the fiber winding 
head, impregnated with resin, and wound around the columns. After the winding the fibers 
while pre-tensioning them to obtain an active confining system. Computers monitor the 
winding angle, fiber volume fraction, and thickness (Wu et al. 2020). A key advantage of the 
technique, apart from good quality control, is the rapid installation. While the disadvantage is 
that preliminary calibration operations are required for non–leveled soils, which logical slow 
down its use (Wu et al. 2020).  
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Figure I.36: RC element strengthened using automated winding technique (Master Builders, 

Inc. and Structural Preservation Systems 1998, Balaguru et al. 2009). 

As discussed in Section 1.3.4, circular hollow steel tubes are extensively used as columns 
in various structural systems. A common failure mode of these tubes under axial compression 
and bending is local buckling near the column ends. In standard circular tubular members, 
elephant’s foot buckling occurs post-yielding, marking the depletion of load-carrying capacity 
and/or the conclusion of ductile behavior. This aspect is particularly critical in seismic design, 
where the column’s ductility and energy absorption capacity determine its seismic resilience. 
Several techniques have been proposed for retrofitting hollow steel tube bridge piers to 
enhance ductility without significantly increasing strength; however, each approach presents 
certain limitations (Hu 2011). 

Recently, the application of FRP for strengthening metallic structures has attracted 
growing interest (Hollaway and Cadei 2002; Zhao and Zhang 2007; Teng et al. 2009b). Xiao 
(2004) and Xiao et al. (2005) explored the confinement of critical zones in concrete-filled 
steel tubes using FRP jackets. Expanding on this idea, Teng and Hu (2004) applied the 
concept to circular hollow steel tubes, showing that even without suppressing inward local 
buckling, FRP jacketing remains a simple yet efficient solution for enhancing ductility and 
retrofitting such columns to resist seismic loads. Separately, Nishino and Furukawa (2004) 
investigated the same approach for hollow steel tubes (Hu 2011). 

Within bridge engineering, FRP-confined CFST columns have emerged as a novel 
structural solution, gradually becoming a key method to boost both the strength and seismic 
performance of bridges. The adoption of this technique not only enhances structural safety but 
also extends bridge service life, contributing new advancements to modern bridge 
construction. In recent years, researchers worldwide have undertaken various experimental 
and theoretical studies on FRP-confined CFST systems, which have already been used in real-
world applications. For instance, the northeastern segment of the Nanjing Ryuyue Expressway 
incorporated FRP-confined structures in its design. CFST columns have been employed as 
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pier structures (Zhai et al. 2012). The pier, located within the central divider of the Ninglian 
Expressway, is subject to strict dimensional constraints. Utilizing FRP confinement for CFST 
columns effectively reduced both section size and construction duration, while significantly 
enhancing the load-bearing and seismic capacity of the piers. In the practical application 
shown in Figure I.37, the FRP is tightly wrapped around the steel tube’s exterior, creating an 
integrated assembly with the concrete core inside the steel tube. This configuration maximizes 
the combined benefits of both FRP and the steel tube under external loading, producing a 
synergistic effect that boosts the structure’s safety and stability. Furthermore, in other bridge 
developments such as the pylons of major river or sea-crossing bridges and piers at critical 
transportation hubs FRP-restrained concrete-filled steel tubes have seen wide application. 
These projects have demonstrated the excellent performance of FRP-confined CFST columns 
in practice, laying a solid groundwork for their broader utilization across bridge engineering 
applications (Fang 2024). 

 

 
Figure I.37: CFRP-confined CFST columns including (a) photographic images of the circular 
columns in a bridge in Nanjing City, PR China (Wang et al. 20017) and (b) schematic views 

of both square and circular cross-sections (Hassanein et al. 2023). 
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Currently, numerous studies have been carried out to examine the axial behavior of fiber-
reinforced polymer (FRP)-confined concrete-filled steel tube (CFST) columns under axial 
compression. Notable experimental investigations include: 

I.3.7.8. Study of Xiao et al.  
Xiao et al. (2005) conducted an experimental study to assess the seismic performance of 

confined concrete-filled steel tubular (CCFT) columns. Their research involved axial 
compression tests on 13 cylindrical specimens, incorporating carbon-fiber-reinforced plastic 
(CFRP) wraps for additional confinement and comparing CCFT columns with conventional 
concrete-filled steel tubular (CFT) columns and hollow steel tubes. Seismic loading tests were 
also performed on four large-scale CCFT and CFT columns under cyclic lateral loads to 
simulate earthquake conditions, with CFRP confinement applied to potential plastic hinge 
regions to delay local buckling and improve ductility. The columns were evaluated under 
sustained axial loads and repeated lateral forces to evaluate hysteretic response, energy 
dissipation, and failure mechanisms. The experimental findings show that CCFT columns 
exhibited significantly higher axial strength and ductility than conventional CFT columns, 
with CFRP confinement effectively preventing early failure by enhancing transverse 
confinement. A cushion gap between the CFRP and steel tube delayed confinement 
activation, increasing deformability and energy absorption. In terms of seismic performance, 
conventional CFT columns experienced early local buckling, reducing load capacity, whereas 
CCFT columns demonstrated stable hysteretic behavior and improved resistance to cyclic 
lateral loading, with well-confined plastic hinge regions preventing premature rupture. The 
authors concluded that applying FRP shielded the steel tubes from buckling while enhancing 
the columns' axial load-bearing capacity and deformation resistance. 

I.3.7.9. Study of Tao et al.  
Tao et al. (2007) investigated compression properties of concrete-filled steel tubular 

(CFST) stub columns strengthened with carbon fiber-reinforced with circular and rectangular 
cross-sections. A series of nine CFST specimens unconfined, one-ply CFRP-wrapped, and 
two-ply CFRP-wrapped along with two CFRP-confined concrete cylinders for benchmarking 
were investigated. The test results indicated that the CFRP jackets improved the load-carrying 
capacity of the circular columns effectively, whereas the enhancement was not so significant 
for rectangular columns. However, ductility was enhanced to some extent for those 
rectangular columns. The authors concluded that the CFRP layers had a more significant 
impact on the load-bearing capacity of circular columns and the ductility of rectangular 
columns. 

I.3.7.10. Study of Liu et al.  
Liu et al. (2010) examined the axial load-bearing capacity of FRP-confined concrete-filled 

steel tubular (FRP-CFST) columns under axial compression. Eleven short circular column 
specimens were tested to failure, with key parameters including FRP type (carbon fiber-
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reinforced polymer (CFRP) and glass fiber-reinforced polymer (GFRP)), the number of FRP 
wrap layers (1, 2, and 3 layers), steel tube thickness (3.0 mm, 4.0 mm, and 5.0 mm), and 
concrete strength (C40, C50, and C60). The results demonstrated that FRP-CFST columns 
exhibited significantly higher axial load-bearing capacity compared to conventional CFST 
columns. FRP confinement effectively mitigated local buckling of the steel tube, enhancing 
structural performance. Increasing the number of FRP layers improved both strength and 
ductility, while thicker steel tubes led to higher yield and ultimate loads. Additionally, higher 
concrete strength increased the ultimate load but had a limited effect on ductility. The study 
concluded that the axial load-bearing capacity of short FRP-CFST columns was substantially 
greater than that of comparable CFST columns. 

I.3.7.11. Study of Park et al.  
Park et al. (2011) investigated the structural performance of CFRP confined concrete-filled 

steel tubular (FRP-CFST) columns. A series of ten specimens varying diameter-thickness 
ratios (D/t) and different numbers of CFRP layers (0, 1, 2, or 3) were tested under axial 
compression. The experimental findings revealed that CFRP reinforcement significantly 
increased axial load capacity by providing additional confinement, effectively reducing local 
buckling. Furthermore, an increase in the number of CFRP layers resulted in enhanced axial 
strength, though it also led to reduced ductility due to CFRP rupture, causing a sudden drop in 
load capacity.  

I.3.7.12. Study of Sulimane et al.  
Sulimane et al. (2013) investigated the structural behavior of circular concrete-filled steel 

tubes (CFSTs) and confined concrete-filled steel tubes (CCFSTs) wrapped with glass fiber-
reinforced polymer (GFRP) sheets under quasi-static axial compression. A total of 35 
specimens, including both CFST and CCFST configurations, were tested. The study 
considered key parameters such as concrete compressive strength (44 MPa and 60 MPa) and 
the diameter-to-thickness (D/t) ratio (54, 32, and 20). The results demonstrated that CCFST 
specimens exhibited significantly higher axial load capacity and enhanced ductility compared 
to CFST specimens, owing to the additional confinement provided by the GFRP wraps. 
However, CCFST specimens primarily failed due to the explosive rupture of the GFRP wraps 
at mid-height, whereas CFST specimens predominantly exhibited local buckling. Increasing 
the concrete compressive strength from 44 MPa to 60 MPa improved axial capacity but had a 
limited effect on stiffness. Additionally, reducing the D/t ratio enhanced both load-carrying 
capacity and stiffness by intensifying the confinement effect. The application of GFRP 
wrapping effectively delayed steel tube buckling, thereby extending the load-bearing phase of 
the columns. 

I.3.7.13. Study of Wei et al.  
Wei et al. (2014) conducted an experimental study to investigate the performance of 

concrete-filled fiber-reinforced polymer-steel composite tube (CFCT) columns. These 
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columns featured an inner concrete core encased by an exterior fiber-reinforced polymer-steel 
tube. A total of twenty-two specimens measuring 300 mm in diameter and 900 mm in height, 
including four conventional concrete-filled steel tube (CFT) columns for comparison and 
eighteen CFCT columns to assess the impact of fiber-reinforced polymer (FRP) confinement, 
were tested under axial compression. The primary parameters examined in the study included 
the steel tube thickness (3.0 mm, 4.5 mm, 6.0 mm, and 7.5 mm), the number of FRP layers 
(one or two), the type of FRP reinforcement (carbon-FRP or basalt-FRP), and the 
hybridization of FRP layers. The experimental results indicated that FRP confinement 
significantly enhanced the axial load capacity of the columns by reducing local buckling and 
providing additional confinement to the concrete core. An increase in the number of FRP 
layers improved compressive strength and ductility; however, excessive confinement 
sometimes led to sudden failure upon FRP rupture. Basalt-FRP (BFRP) exhibited better 
deformation capacity than carbon-FRP (CFRP), allowing for a more gradual failure process. 
Additionally, the hybridization of FRP layers effectively delayed strength degradation, 
resulting in a progressive failure mechanism rather than a sudden drop in load capacity. The 
steel tube thickness played a crucial role in axial strength and residual load capacity, with 
thicker steel tubes offering better confinement and reducing post-peak strength degradation. 

1.3.7.14. Study of Ding et al.  
Ding et al. (2018) examined the influence of different CFRP layer counts and concrete 

strengths on the mechanical behavior of CFRP-confined concrete-filled circular steel tube 
(CFT) stub columns. The researchers conducted an experimental study on sixteen specimens, 
including four conventional CFT stub columns and twelve CFRP-confined CFT stub columns, 
subjected to concentric loads. Each column specimen had nominal dimensions of 300 mm in 
diameter and 900 mm in height. The test findings demonstrated that CFRP confinement 
significantly enhanced the ultimate capacity of the CFT stub columns by reducing local 
buckling and providing additional confinement to the concrete core. Increasing the number of 
CFRP layers improved axial strength; however, an excessive number of layers resulted in 
reduced ductility. The CFRP confinement significantly impacted the failure mode by delaying 
local buckling of the steel tube and reducing concrete crushing. Furthermore, while the 
ultimate capacity of the columns increased linearly with the number of CFRP layers in lower-
strength concrete specimens, this effect was less noticeable in high-strength concrete columns. 

1.3.7.15. Study of Tang et al.  

     Tang et al. (2020) investigated the axial compressive behavior of FRP-confined concrete-
filled stainless-steel tube (CFSST) stub columns. The researchers conducted an experimental 
study on twenty-four specimens, including six conventional CFSST stub columns and 
eighteen CFRP-confined CFSST stub columns, subjected to axial compression. Each 
specimen had a nominal outer diameter of 114 mm and a height of 400 mm, with stainless 
steel tube thicknesses of 3 mm, 5 mm, and 7 mm. The test results revealed that CFRP 



Chapter I: An overview on strengthening of the reinforced concrete columns 

46 
 

confinement significantly enhanced the ultimate load capacity and energy absorption of 
CFSST stub columns by providing additional confinement to the concrete core and reducing 
outward buckling of the stainless-steel tube. Increasing the number of CFRP layers improved 
axial strength, with the maximum enhancement reaching 71.35%; however, specimens with 
thinner stainless-steel tubes exhibited greater benefits from CFRP wrapping. The failure mode 
of FRP-confined CFSST columns was dominated by the first rupture of the CFRP wrap at 
mid-height, followed by gradual strength degradation. Furthermore, while the ultimate 
capacity increased approximately linearly with the number of CFRP layers, its effectiveness 
was reduced for columns with thicker stainless steel tubes. 

1.3.7.16. Study of Zhang et al.  
      Zhang et al. (2023) conducted an experimental and theoretical study on the axial 
compressive behavior of concrete-filled steel tube (CFST) columns strengthened with fiber-
reinforced polymer (FRP) and welded steel strips. The researchers examined 14 CFST 
columns, which included two unconfined CFST specimens, eight columns reinforced with 
FRP layers, and four columns strengthened using welded steel strips, to assess their 
mechanical properties. Each column had an external diameter of 159 mm, a height of 636 
mm, and a steel shell thickness of 4 mm. The investigation focused on the effects of varying 
parameters, such as the number of FRP layers (1, 2, 3, and 4 layers) and the welded steel strip 
thicknesses (3.0 mm and 6.0 mm). The results showed that FRP confinement significantly 
enhanced the ultimate capacity of CFST columns, with load improvements ranging from 
28.72% to 64.16% as the number of FRP layers increased. Similarly, welded steel strip 
reinforcement improved the load capacity by 28.46% to 49.82%. The study found that 
increasing the number of FRP layers or steel strip thickness enhanced axial strength, but FRP 
confinement led to a more brittle failure due to CFRP rupture.  

1.4. CONCLUSION 

This chapter examined the main causes of deterioration in reinforced concrete columns, 
with particular emphasis on corrosion of steel reinforcement and seismic effects, both of 
which significantly reduce structural performance and safety. It also reviewed the principal 
strengthening and retrofitting techniques used in practice, including conventional methods 
such as reinforced concrete jacketing and steel jacketing, before highlighting the growing 
importance of fiber-reinforced polymer (FRP) composites in structural rehabilitation. Through 
the review of previous studies, the chapter established that both internal and external FRP 
confinement constitute promising solutions for improving the strength, ductility, and 
durability of concrete columns. In this way, the chapter laid the conceptual foundation of the 
thesis and clarified the relevance of FRP-based strengthening systems in modern structural 
engineering. The next chapter discusses the integration of regression analysis, machine 
learning, and deep learning methods as analytical tools for predicting the behavior of 
structural elements reinforced with internal or external FRP materials. 
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II.1. INTRODUCTION 

The progressive integration of training sciences into civil engineering has opened new 
avenues for analyzing the structural behavior of elements reinforced with internal and/or 
external Fiber Reinforced Polymer (FRP). As conventional reinforcement strategies face 
increasing limitations particularly in seismic zones and corrosive environments, innovative 
materials like FRP offer promising alternatives due to their high strength-to-weight ratio, 
corrosion resistance, and ease of application. This chapter presents a comprehensive 
investigation into data-driven methodologies, beginning with regression analysis and 
extending into machine learning (ML) and deep learning (DL) approaches. By comparing 
classical statistical techniques with more advanced artificial intelligent (AI)-based models, the 
chapter highlights the advantages, limitations, and suitability of each method for predicting 
the performance of FRP-confined concrete columns. The aim is to bridge traditional 
engineering analysis with intelligent computational tools to enhance the accuracy, efficiency, 
and generalization of structural performance predictions. 

II.2. REGRESSION ANALYSIS  

The statistical technique referred to as regression is a foundational approach used to 
examine the relationship between a single dependent variable and one or more independent 
variables. In its most basic sense, regression analysis focuses on understanding how the 
dependent variable changes in response to variation in one of the independent variables, while 
keeping the others constant. This technique is widely applied across various disciplines such 
as economics, biology, engineering, and the social sciences because it allows for both 
prediction and inference. The most straightforward form of regression, called linear 
regression, assumes a linear association between the dependent variable and the independent 
variable(s). This relationship can be illustrated as a straight line in a two-dimensional space, 
where the slope of the line signifies the strength and direction of the relationship (Berhane et 
al. 2008). The general form of a simple linear regression model is: 

𝑌 = 𝛽!	 +	𝛽#𝑋 + 	𝜀 (II.1) 
 
Where:  

• 𝑌 is the dependent variable,  
• 𝑋 is the independent variable,  
• 𝛽0	 is the intercept,  

• 𝛽1	 is the slope coefficient, and  
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• Ɛ epsilon represents the error term, accounting for the variability in 𝑌 that cannot 

be explained by 𝑋.  

When more than one independent variable is involved, the model extends to multiple linear 
regression, which can handle multiple predictors. The equation then becomes: 

 
𝑌 = 𝛽!	 +	𝛽#𝑋# + 𝛽$𝑋$ +⋯+ 𝛽%𝑋%𝜀 (II.2) 

 

Where 𝑋#, 𝑋$, ..., 𝑋% are the independent variables, and 𝛽#, 𝛽$,...,	𝛽% are the corresponding 
coefficients. 

The scope of regression analysis extends beyond the investigation of linear relationships. 
To capture more complex associations, nonlinear regression models such as polynomial 
regression or logistic regression may be employed. Polynomial regression, for instance, can 
represent curved patterns by including higher-degree terms of the independent variable(s), 
while logistic regression is used for binary outcomes, modeling the probability of a particular 
event occurring. Selecting the appropriate regression model is of critical importance, as it 
underpins the accuracy and reliability of the predictions and interpretations. A poor model 
choice can lead to biased estimates, unreliable forecasts, and incorrect conclusions, whereas a 
well-fitted model will reflect the actual underlying relationship between variables. Therefore, 
understanding the assumptions, advantages, and limitations of different regression approaches 
is essential for effective data analysis (Chambers & Hastie 1992). 

II.2.1. Linear regression 

This is the most basic form of regression in which the relationship between the output 
variable and the input variable(s) is represented by a straight line (linear function) (Figure 
II.1). The model's coefficients are calculated by minimizing a cost function such as Mean 
Squared Error (MSE) or Mean Absolute Error (MAE) which quantifies the difference 
between predicted and actual values. When only one input variable is involved, the model is 
referred to as simple linear regression Eq. (II.1). (Abdulazeez et al. 2020)  
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Figure II.1: Linear regression (Bengani 2024). 

 
II.2.2. Multivariate linear regression   

Multivariate linear regression (MLR) is an extension of multiple linear regression used 
when a problem involves more than one output variable. The term "multivariate" signifies the 
presence of multiple dependent (output) variables, while "multiple" refers to having more than 
one independent (input) variable. This approach is valuable for analyzing and understanding 
the relationships between sets of input and output variables (Zhang et al. 2019), providing 
insights into how changes in the inputs influence several outcomes simultaneously. The basic 
model for MLR is given by Eq. (II.2): 

II.2.3. Polynomial regression 

Polynomial regression (Roziqin et al. 2016) differs from the linear regression model in the 
form of the regression line. Instead of a straight line, this model fits a curved line defined by a 
polynomial function, where the input variables are raised to powers greater than one. While 
this approach can capture more complex relationships, it may lead to overfitting if a high-
degree polynomial is used merely to minimize the error. For this reason, it is advisable to 
visualize the fitted model to ensure the results remain logical and interpretable. Model of 
polynomial (Mohammed & Abdulazeez 2017) is:  

 
𝑌 = 𝛽!	 +	𝛽#𝑋 + 𝛽$𝑋$…+ 𝛽&𝑋& + 𝜀 (II.3) 
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II.3. REVIEW OF EXISTING WORK USING REGRESSION METHOD 

II.3.1. Berradia and Kassoul work 

Berradia and Kassoul (2018) proposed new empirical models using regression analysis 
method to predict the ultimate compressive strength and strain of circular concrete columns 
confined with CFRP wraps. The general form of these models is expressed as follows: 

 
𝑓''
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By applying nonlinear regression analysis on a database of CFRP-confined concrete and 
incorporating key confinement parameters, these general expressions were calibrated into the 
following practical formulations: 
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II.3.2. Djafar-Henni and Kassoul work 

Djafar-Henni and Kassoul (2018) proposed a new model to predict the ultimate conditions 
confined compressive strength (𝑓'') and ultimate strain (𝜀'') for circular concrete columns 
confined with aramid fiber reinforced polymer (AFRP) wraps. The model was developed 
through a regression analysis approach aimed at minimizing prediction errors. Using 
Microsoft Excel, they calibrated the model by incorporating key parameters influencing the 
confinement behavior, resulting in a reliable and accurate predictive formulation. The 
proposed expressions of strength and strain models are given as follows: 
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II.3.3. Arabshahi et al. work 

Arabshahi et al. (2019) developed new strength models for predicting the compressive 
strength of concrete columns confined with fiber-reinforced polymers (FRP) for both circular 
and rectangular sections based on nonlinear regression analysis. The regression approach 
focused on identifying the most influential parameters such as column diameter, FRP 
thickness, FRP tensile strength, and unconfined concrete strength and integrating them into 
dimensionless predictive equations. 

For circular columns, the best-performing model was expressed as: 

𝑓′'' = 𝑓′'(81 + 7.720
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And for rectangular columns, the optimized model was: 
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II.3.4. Diboune et al. work 

Diboune et al. (2022) proposed a new analytical model using linear regression to predict 
the ultimate compressive strength and strain of square and rectangular concrete columns 
confined with CFRP wraps.	The general form of these models is expressed as follows: 
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By applying linear regression techniques using Microsoft Excel and incorporating key 
confinement parameters, these general expressions were calibrated into the following practical 
formulations: 
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II.3.5. Berradia et al. work 

Berradia et al. (2023) proposed a new empirical model using regression analysis to predict 
the ultimate axial compressive strength of circular concrete columns confined with both 
external CFRP wraps and internal transverse steel reinforcement (SCC columns). The model 
was developed using nonlinear regression techniques in MATLAB, incorporating key 
confinement parameters into a predictive expression. The general form of the regression-
based model is expressed as follows: 
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Regression analysis, including linear regression, multivariate linear regression, and 

polynomial regression, is a widely used approach for modeling the relationship between 
variables. Despite its usefulness, it has several limitations. These techniques often rely on 
relatively simple mathematical relationships and typically perform best when applied to 
structured datasets of limited size. When the available database is small or lacks diversity, the 
model’s predictive accuracy can be significantly reduced. Additionally, regression methods 
are sensitive to outliers and multicollinearity, and they may not capture complex or nonlinear 
interactions effectively. In such cases, advanced methods like machine learning and deep 
learning provide more robust alternatives, capable of handling large, complex datasets and 
uncovering deeper patterns without relying on strict predefined equations. 

II.4. MACHINE LEARNING AND DEEP LEARNING 

The civil engineering community often misinterprets the concepts of AI, ML, and DL. In 
this context, Artificial Intelligence (AI) refers to a collection of algorithms and techniques 
designed to replicate natural intelligence, enabling tasks such as reasoning, decision-making, 
problem-solving, and interaction (Stefano & Bini 2018, Dimiduk et al. 2018). Machine 
Learning (ML), a subset of AI, encompasses various methods that allow machines to learn 
from data, primarily for prediction and classification purposes (Stefano & Bini 2018). Deep 
Learning (DL), in turn, is a specialized branch of ML that leverages advanced neural network 
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architectures to process large datasets and perform intricate classification and prediction tasks 
(Dimiduk et al. 2018). (Figure II.2) provides a clear distinction between AI, ML, and DL.  

 
Figure II.2: Schematic representation of AI, ML, and DL (Nizar et al. 2024). 

 

II.5. MACHINE LEARNING 

Machine Learning (ML) is a branch of Artificial Intelligence (AI) focused on developing 
models capable of learning from data and making predictions or classifications without 
explicit programming. The primary objective of ML is to refine mathematical models, often 
perceived as black boxes, by training them on datasets, enabling them to generate predictions 
or decisions when presented with new or unseen data (Gianey & Choudhary 2017). This 
powerful capability allows ML models to be applied across various engineering domains. 
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Figure II.3: Overview of Machine Learning Paradigms and Their Categories (Samrity & 

Manju 2024). 
 
There are four main types of ML: supervised learning, unsupervised learning, semi-

supervised learning, and reinforcement learning, as in (Figure II.3). Every kind of ML has its 
theory, training, testing procedure, applications, etc. The four types of ML can be listed as: 

1. Supervised Machine Learning (SML) is a widely used ML approach that relies on 
labeled data obtained from numerical or experimental results related to specific 
applications or phenomena (Ahmad et al. 2022). Its primary objective is to establish 
relationships between independent and dependent variables within training datasets, 
enabling accurate predictions or classifications of the dependent variable. SML 
encompasses various techniques, including linear and polynomial regression, logistic 
regression, artificial neural networks, support vector machines, decision trees, random 
forest regression, and K-nearest neighbors, Nithurshan & Elakneswaran 2023).   
SML methods are extensively applied in computer science and engineering, 
particularly for classification and regression tasks. In civil engineering, SML 
regression models play a crucial role in capturing complex nonlinear relationships 
within numerical or experimental data, aiding in structural material analysis, structural 
health monitoring, and damage detection.  
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2. Unsupervised Machine Learning (UML) is a category of machine learning that 
operates without labeled data, making it particularly useful for tasks like clustering, 
anomaly detection, and dimensionality reduction. Unlike Supervised Machine 
Learning (SML), UML identifies underlying patterns in data autonomously, without 
external guidance (Suna et al. 2021).   
In clustering, UML groups similar data points based on shared characteristics, while 
anomaly detection isolates outliers that deviate significantly from normal patterns. 
Dimensionality reduction, on the other hand, helps eliminate redundant or irrelevant 
features, enhancing computational efficiency without compromising key input-output 
relationships (Stergiou et al. 2023).   
Despite being less commonly applied in engineering compared to SML, UML has 
proven useful in concrete science, particularly in nanoindentation and 
microindentation analyses, where it aids in classifying indentation curves using 
clustering techniques and Gaussian process classification (Mohammadi et al. 2020). 
Additionally, UML can assist in preprocessing large datasets by filtering out erroneous 
data caused by environmental factors, human errors, or inconsistencies in 
experimental setups. These capabilities make UML a valuable tool for improving data 
quality and extracting meaningful insights from complex datasets. 

3. Semi-supervised machine learning (S-SML) utilizes labeled and unlabeled training 
instances different from SML and UML. S-SML aims to hoist the existing labeled 
instances to boost the performance of the ML tool to learn the pattern of unlabeled 
instances. S-SML links the SML and the UML tools to overcome their major 
challenges, where a preliminary model is trained based on a small labeled data portion 
and later gradually feeds the model with unlabeled instances to learn the unknown 
correlations. S-SML solves the limitation of UML in solving regression problems; it 
also uses a small portion of labeled data and a large part of unlabeled data, reducing 
the required time for data preprocessing (Cao et al. 2016, Rosa 2016).  

4. Reinforcement Machine Learning (RML) is an ML approach where agents learn 
through trial-and-error using a reward-based system. Unlike Supervised ML, which 
maps input-output relationships, RML optimizes decisions by maximizing cumulative 
rewards. It also differs from Unsupervised ML, which focuses on pattern recognition.  
Key RML methods include Q-learning, ε-greedy, deep Q-learning, and Markov 
decision processes, widely used in AI. However, applying RML in complex 
environments is challenging due to high-dimensional spaces and nonlinear 
interactions. While rarely used in engineering, it has applications in nanoindentation 
and microindentation for analyzing cementitious materials (Hilloulin et al. 2022). 
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II.5.1. Machine Learning Methodology 

The machine learning process begins with Input, where raw data is collected and 
introduced into the system. Next, Feature Extraction is performed to identify and select the 
most relevant characteristics from the data, ensuring better model performance. These 
extracted features are then processed in the Prediction using ML phase, where machine 
learning algorithms analyze patterns and relationships to generate predictions. Finally, the 
Output stage provides the model’s decision or predicted value based on the learned patterns 
Figure II.4. This structured workflow is essential for achieving accurate and reliable results in 
various applications, including regression, classification and decision-making tasks. 

 

 
Figure II.4: Step-by-step process of machine learning workflow (Nizar et al. 2024). 

 
1. Effective Data Collection and Partitioning 

Effective data collection is essential for developing accurate ML models, as the dataset 
provides learning patterns for training. Data can be sourced from experimental or numerical 
methods, or a combination of both. While numerical data is cost-effective, its accuracy may 
be limited when simulating complex physical and chemical behaviors. In such cases, 
integrating experimental data enhances reliability, especially when numerical modeling is 
challenging. Additionally, data collection can be resource-intensive, requiring significant time 
and effort. Ensuring data diversity and comprehensive parameter coverage is crucial for 
creating robust models. However, available datasets often suffer from limitations such as 
small sample sizes, partial parameter representation, and inconsistencies in recorded variables. 
These challenges may necessitate data imputation techniques to fill gaps. Moreover, issues 
like skewness and imbalance can lead to underfitting or overfitting, affecting the model's 
generalization ability. To build a reliable ML model for real-world applications, datasets 
should be carefully curated, incorporating a broad range of relevant parameters and the largest 
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available data instances. Once collected, the dataset must be properly partitioned to ensure 
effective training, validation, and testing of the ML model. The Figure II.5 illustrates two 
common methods of dataset partitioning: 

a) Two-Way Holdout Method: The dataset is split into two subsets-training and testing. 
The training set is used to train the model, while the testing set is reserved for 
evaluating its performance. However, this approach does not include a separate 
validation phase, which may lead to potential issues like overfitting. 

b) Three-Way Holdout Method: The dataset is divided into three subsets-training, 
validation, and testing. The training set is used for model learning, the validation set 
helps tune hyperparameters and prevent overfitting, and the testing set assesses the 
final performance of the model on unseen data. 

The three-way split is generally preferred in ML applications as it allows for better model 
generalization by optimizing hyperparameters without affecting the final test performance. 
Proper data partitioning ensures a well-trained and reliable model suited for real-world 
applications. 

 

 
Figure II.5: The holdout validation method. 

 
2. Data Preprocessing 

Data preprocessing is a crucial step in data mining, aimed at enhancing data quality and 
ensuring its reliability for training ML models. It consists of three primary stages: data 
cleansing, transformation, and reduction. (See Figure II.6). 

a) Data Cleansing: This step addresses missing and noisy data. Missing values can be 
handled by either removing incomplete entries when the dataset is large enough or 
imputing missing values using averages or the nearest possible estimates. Noisy data, 
which may result from measurement errors, inconsistencies, or biases, can be 
corrected using techniques such as binning, regression, and clustering; 
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b) Data Transformation: This process prepares data for ML training by performing 
various operations. Normalization ensures that values are rescaled within a defined 
range, such as [−1,1] [-1,1] or [0,1] [0,1], to standardize differences between input 
parameters. Feature selection is then applied to identify the most relevant attributes 
that significantly impact data correlations. Additionally, discretization converts 
continuous variables into categorized subsets, simplifying complex data. In some 
applications, concept hierarchy generation is used to organize attributes into 
hierarchical levels, though this may not be applicable in all domains; 

c) Data Reduction: When working with large datasets, data reduction techniques help 
optimize model performance by limiting the number of data instances while 
preserving essential information. However, in cases where datasets are inherently 
small due to constraints such as high collection costs or lengthy preparation processes, 
data reduction may not always be necessary. 
Effective data preprocessing ensures that the dataset is clean, well-structured, and 
optimized for ML models, ultimately improving their accuracy and efficiency. 
 

 
Figure II.6: Data preprocessing.  

 
3. Model training 

Model training is a crucial phase where patterns are learned from input data. The process 
involves feeding the preprocessed data into a selected model, which adjusts its parameters to 
minimize the error between predicted and actual values. During training, optimization 
techniques are employed to update model weights. Hyperparameters (e.g., learning rate, 
number of trees) are fine-tuned to enhance performance. Overfitting is a common challenge, 
requiring techniques like cross-validation and regularization. The training dataset should be 
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well-represented to ensure model generalization. The process continues iteratively until a 
satisfactory level of accuracy is achieved. Once trained, the model is validated using unseen 
data before deployment. 

4. Model Evaluation and Testing: 
Once training and validation are complete, the model's performance must be assessed using 

statistical metrics. Evaluating model accuracy through these metrics is a standard approach. If 
the results meet the required performance criteria, the training process concludes; otherwise, 
adjustments are necessary. Model refinement may involve expanding the dataset, optimizing 
hyperparameters, or modifying the model architecture to enhance accuracy. Several statistical 
performance metrics are commonly used to assess predictive capabilities, ensuring the 
model’s reliability for practical applications. 

a) The coefficient of determination (R²) is a statistical measure that indicates how well 
the independent variables explain the variability of the dependent variable in a 
regression model. It ranges from 0 to 1, where a value closer to 1 means the model 
explains a large proportion of the variance, while a value near 0 indicates a poor fit. 

𝑅$ = 0
𝑛(∑ 𝑥?𝑦?%

?@# ) − (∑ 𝑥?%
?@# )(∑ 𝑦?%

?@# )
X[𝑛 ∑ 𝑥?$%

?@# − (∑ 𝑥?%
?@# )$][𝑛 ∑ 𝑦?$%

?@# − (∑ 𝑦?%
?@# )$]

2
$

 (II.15) 

b) Mean Absolute Error (MAE) is a statistical measure used to evaluate the accuracy of a 
predictive model. It represents the average of the absolute differences between the 
predicted values and the actual observations, providing an indication of how close the 
predictions are to the real outcomes. Lower MAE values indicate better model 
performance. 
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c) Mean Squared Error (MSE) is a common evaluation metric used to assess the 
performance of regression models. It calculates the average of the squared differences 
between the predicted values and the actual values. By squaring the errors, MSE gives 
more weight to larger differences, making it sensitive to outliers. Lower MSE values 
indicate more accurate predictions. 
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d) The Root Mean Square Error (RMSE) is a widely used metric for evaluating 
prediction models, calculated as the square root of the Mean Squared Error (MSE). It 
is defined as follows: 
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e) Average Absolute Error (AAE) is a performance measure used to evaluate the 
accuracy of predictive models. It calculates the average of the absolute differences 
between predicted and actual values, similar to MAE. AAE provides a straightforward 
interpretation of the model’s prediction error, with lower values indicating higher 
accuracy. 
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f) Standard Deviation (SD) is a statistical measure that indicates the amount of variation 
or dispersion in a set of values. It shows how much individual data points deviate from 
the mean of the dataset. A low SD suggests that the values are close to the mean, while 
a high SD indicates greater spread or variability in the data. 
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II.5.2. Overview of machine learning algorithms 

II.5.2.1. Artificial neural network (ANN) 

Artificial Neural Networks (ANNs) are powerful machine learning algorithms inspired by 
biological neural networks. They are capable of learning complex nonlinear relationships 
between inputs and outputs (Rosa & Rosa 2016, Cao et al. 2016, Abunassar et al. 2023). 
ANNs consist of interconnected nodes (neurons) organized into layers, where the weighted 
connections are iteratively adjusted during training to optimize performance. The basic 
structure of an ANN includes an input layer, one or more hidden layers, and an output layer 
(Figure II.7). Inputs are propagated through the network, with each hidden neuron computing 
a weighted sum that is transformed by a nonlinear activation function, enabling the network to 
model intricate nonlinearities. Optimization algorithms, such as backpropagation (a gradient-
based technique), are used to adjust the weights during training to minimize prediction errors. 
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Figure II.7: The architecture of a simple ANN and its basic component, the neuron. 

 
Artificial Neural Networks (ANNs) offer several advantages, including their ability to 

learn from data without relying on explicitly programmed rules, their effectiveness in 
modeling complex and nonlinear relationships, and their potential for parallel processing, 
which can enhance computational efficiency. However, they also present certain limitations, 
such as the risk of overfitting when the model becomes too complex and memorizes the 
training data, the requirement for large and representative training datasets, and challenges in 
interpretability, as ANNs are often regarded as "black-box" models. 

II.5.2.2. Decision trees-based models 
Decision Trees (DTs) are widely used, straightforward, yet powerful machine learning 

models that can be applied to both regression and classification problems (Cañete-Sifuentes et 
al. 2021, Mienyea et al. 2019). A DT model is structured as a hierarchical, tree-like graph 
composed of decision nodes and leaf nodes. The input data is initially passed to the root 
decision node, which splits the dataset into smaller subsets based on specific conditions. This 
recursive splitting process continues down the tree, with each decision node applying a rule to 
partition the data further (Rivera-Lopez et al. 2022). The fundamental architecture of a 
decision tree is illustrated in Figure II.8. 

 
 
 
 
 
 



Chapter II: Integration of training sciences as analytical methods for predicting the behavior of structural 
elements reinforced with internal or external FRP materials 

63 
 

 
Figure II.8: The DTs structure. 

 
Although Decision Trees (DTs) are commonly used for classification, their performance 

tends to decrease when applied to regression problems. As a result, various techniques have 
been developed to enhance the performance of DTs, including pruning and ensemble learning 
(Parmar et al. 2018). Pruning involves simplifying a DT by removing certain subtrees, which 
helps reduce overfitting and manage complexity as the tree deepens. This can be done either 
by stopping the tree at a certain level or by fully constructing the tree and eliminating subtrees 
that do not contribute significantly to its performance. On the other hand, ensemble learning is 
often preferred due to its ability to mitigate both underfitting and overfitting of a single 
model. Ensemble methods for DTs typically include three main approaches: bagging, 
boosting, and Random Forests (RFs). 

A. Bagging Algorithm 
Bagging (Bootstrap Aggregating) is an ensemble machine learning technique designed to 

improve the accuracy and stability of models by reducing variance and preventing overfitting. 
It works by generating multiple versions of a predictor using different random subsets of the 
training data (created through bootstrapping) Figure II.9, training a separate model on each 
subset, and then combining their outputs typically by averaging for regression tasks or 
majority voting for classification tasks. 
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Figure II.9: The bagging DT ensemble. (Nizar et al. 2024) 

 
B. Boosting Algorithm 

Boosting algorithms (BA) are ensemble methods that enhance predictive performance by 
combining multiple individual models into a single, more powerful model (Schapire 1999). 
The concept of "boosting" involves converting weak learners such as decision trees into 
strong ones through a sequential learning process. This technique was initially introduced by 
Freund and Schapire (Freund & Schapire 1996, 1997) with the development of the Adaptive 
Boosting algorithm (AdaBoost). Since then, several boosting methods have been proposed to 
improve both efficiency and accuracy, including Gradient Boosting Machine (GBM) 
introduced by Friedman (Friedman 2001) also known as gradient tree boosting), Extreme 
Gradient Boosting (XGBoost) by Chen and Guestrin (Chen & Guestrin 2016), Light Gradient 
Boosting Machine (LightGBM) by Ke et al (Ke et al. 2017), and Categorical Gradient 
Boosting (CatBoost) by Prokhorenkova (Prokhorenkova et al. 2018). A recent comparative 
study by Bentéjac et al. (2021) concluded that CatBoost yields the highest accuracy, although 
it is slightly slower than its counterparts. XGBoost ranks second in both speed and accuracy, 
while LightGBM stands out as the fastest, though its accuracy is somewhat lower compared to 
the others. 
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Figure II.10: The boosting DT ensemble. (Nizar et al. 2024) 

ü AdaBoost (AdaB) (Freund and Schapire 1996, 1997) iteratively trains weak learners 
(single-division decision trees) on weighted data, increasing the weights of poorly 
ranked instances. The final model combines low-weighted learners based on their 
performance (Figure II.11). 

 

 
Figure II.11: AdaBoost algorithm: a visual representation with two weak learners (Thai 

2022). 

ü Gradient boosting machine (GBM) (Friedman 2001): Uses gradient descent with 
weak decision tree learners. At each iteration, a new tree adjusts to the residual errors 
of the previous set (Figure II.12). Provides adjustment of trees, learning rate, etc. 
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Figure II.12: A visual representation of the GBM model (Thai 2022). 

ü LightGBM: developed by Ke et al. (Ke et al. 2017), is a fast-boosting algorithm, up 
to 20 times faster than GBM (Friedman 2001). It uses a leaf-wise (best-first) strategy 
to minimize loss more effectively than traditional level-wise methods. Two key 
optimizations enhance its speed: Gradient-Based One-Side Sampling (GOSS), which 
reduces instances, and Exclusive Feature Bundling (EFB), which merges features. 
These techniques lower computational cost, making LightGBM efficient for large 
datasets, though it may overfit small ones (Figure II.13). 

 
Figure II.13: A visual representation of the GBM model. 

ü XGBoost: Introduced by Chen & Guestrin in 2016, XGBoost was developed to 
enhance both the speed and efficiency of the Gradient Boosting Machine (GBM), 
which is known for its slow performance due to its inherently sequential training 
process. XGBoost incorporates several optimizations that significantly accelerate 
training while maintaining high predictive accuracy. For instance, it employs a 
randomization technique to reduce overfitting and speed up learning, and it utilizes a 
compressed column-based data structure to minimize the computational cost 
associated with sorting typically the most time-intensive step in decision tree 



Chapter II: Integration of training sciences as analytical methods for predicting the behavior of structural 
elements reinforced with internal or external FRP materials 

67 
 

construction. Additionally, XGBoost supports parallel and distributed computing, 
allowing full utilization of CPU resources during model training and split calculation. 
These enhancements make XGBoost exceptionally well-suited for handling large-scale 
problems with vast datasets, earning it a reputation as one of the most powerful and 
widely used algorithms in modern data analysis. 

ü Random Forest (RF), introduced by Breiman in 2001, is an ensemble learning 
method that utilizes decision trees (DTs) as base learners. It employs the bagging 
approach, where multiple trees are trained in parallel using different subsets of the 
training data. The core concept of RF is to create a "forest" of decision trees, each 
constructed from randomly selected features hence the term “Random Forest.” The 
final prediction is derived by aggregating the outputs of all individual trees, using 
majority voting for classification tasks or averaging for regression tasks, as illustrated 
in (Figure II.14). This technique helps to significantly reduce the overfitting tendency 
commonly associated with single decision trees, improving overall model stability and 
accuracy. 

 
Figure II.14: Flowchart of RF (parallel training). 

Random Forest (RF) retains the strengths of the decision tree (DT) approach while 
offering additional benefits. One key advantage is its ability to handle large datasets 
with thousands of input features effectively. Due to its ensemble nature, RF can train 
more quickly than a single DT when utilizing numerous trees; however, generating 
predictions from a trained RF model can be relatively slower. Despite this, RF is 
known for its ease of use, as its default settings often yield strong performance without 
extensive tuning. Nevertheless, the algorithm provides several hyperparameters that 
can be adjusted to enhance either the model’s accuracy or its computational efficiency. 
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II.6. DEEP LEARNING 

Deep learning is a subset of artificial intelligence inspired by the structure and function of 
the human brain. It uses artificial neural networks composed of three or more layers Figure 
II.15 commonly referred to as deep neural networks to model and learn complex, non-linear 
patterns and relationships within data. These networks automatically extract features and 
build hierarchical representations without the need for manual input, allowing them to learn 
directly from raw data. By mimicking the way, the human brain processes information, deep 
learning systems can identify patterns, make decisions, and adapt to new inputs. This ability 
to learn and improve from experience enables deep learning models to analyze vast amounts 
of data with high accuracy, making them powerful tools in a wide range of applications. 

 

 
Figure II.15: The architecture ANN. 

 

II.6.1. Features Deep Learning 

• Scalability: Deep learning models are highly scalable and capable of handling large 
and complex datasets. They can be trained on massive amounts of data, making them 
ideal for solving sophisticated problems that require extensive information. For 
example, deep learning algorithms used in image recognition have been successfully 
trained on datasets like Google's ImageNet, which contains over 14 million images. 

• High Accuracy: When provided with sufficient training data, deep learning models 
can achieve exceptional accuracy. This is due to their ability to learn intricate patterns 
and representations within the data that are often difficult to detect using more 
traditional approaches. 
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• Object Detection and Translation: Deep learning models excel in tasks such as 
object recognition in images and language translation, leveraging their layered 
structure to extract meaningful features automatically. 

• Robustness: These models are generally resilient to noisy or imperfect data. Even 
when inputs are blurry or contain visual distortions, deep learning systems can still 
perform reliably. This robustness makes them suitable for real-world applications 
where data quality may vary. 

• Flexibility: Deep learning models are versatile and can be applied to a wide range of 
problems. Their ability to learn and generalize allows them to adapt to different 
domains, including speech recognition, image classification, and natural language 
processing. 

• End-to-End Learning: One of the key advantages of deep learning is its ability to 
perform end-to-end learning. This means the model can learn to map raw input data 
directly to the desired output, without the need for manually crafted features or 
intermediate processing stages. This holistic learning approach enables the network to 
optimize all layers simultaneously for better performance. (Alzubaidi et al. 2021) 

II.6.2. Deep Learning Techniques 

II.6.2.1. Convolutional Neural Network 
Convolutional Neural Networks (CNNs) represent an advanced and specialized form of 

deep neural networks, primarily employed for analyzing and interpreting visual data (Zhou 
2020). Their architectural design is highly effective in capturing spatial hierarchies within the 
input, allowing the network to detect and learn patterns in a more intuitive and structured 
manner compared to conventional, general-purpose neural networks. A notable variant, the 
one-dimensional Convolutional Neural Network (1D-CNN) (Figure II.16), extends these 
capabilities to sequential or time-series data by applying convolutional filters along a single 
spatial dimension. This makes 1D-CNNs particularly suitable for tasks involving structured 
signals such as sensor readings, speech signals, or numerical sequences in engineering and 
scientific applications. 
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Figure II.16: 1D-CNN (Nizar et al. 2024). 

 
ü Core Elements of CNNs 

• Convolutional Layers: These form the foundation of CNNs, utilizing a series of 
learnable filters that slide across the spatial dimensions of the input to detect specific 
features like edges, curves, and textures. Each filter generates a corresponding feature 
map that highlights the regions where the pattern is detected. 

• Activation Functions: Non-linear activation functions, such as the Rectified Linear 
Unit (ReLU), are applied after convolution operations. These functions introduce non-
linearity into the network, enabling it to learn and represent more complex patterns 
within the data. 

• Pooling Layers: These layers are responsible for downsampling the feature maps, 
effectively reducing the spatial dimensions and computational load while preserving 
critical information. Common pooling strategies include max pooling and average 
pooling. 

• Fully Connected Layers: Positioned near the end of the CNN, these layers compile 
and interpret the features extracted by the convolutional and pooling layers. They play 
a key role in mapping the features to the final classification tasks. 

• Output Layer: The final layer in a CNN typically employs a SoftMax activation 
function to generate a probability distribution over the target classes, enabling the 
model to assign input data to specific categories (Alzubaidi et al. 2021). 

II.6.2.2. Recurrent Neural network 
Recurrent Neural Networks (RNNs) Figure II.17 are a specialized type of neural network 

developed to manage sequential or time-dependent data (Hewamalage et al. 2020). They are 
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particularly effective for tasks involving time-series information or data where the order of 
elements is crucial, such as in natural language processing, financial forecasting, or sensor 
readings. What sets RNNs apart is their capacity to retain information over time by feeding 
their previous outputs back into the network as inputs for subsequent steps. This feedback 
mechanism allows RNNs to establish temporal dependencies and patterns across sequences 
(Jiang et al. 2020, John et al. 2020). 

 

 
Figure II.17: Recurrent Neural network (Bengani 2024). 

ü Core Mechanism: 
The basic architecture of an RNN includes a layer of neurons that have recurrent 

connections looping back on themselves. This looping mechanism allows the network 
to take not only the current input but also the previously received inputs into account, 
because the output from a layer of neurons at one time step becomes part of the input to 
those same neurons at the next time step. This sequential memory allows RNNs to make 
predictions based on the entire history of inputs it has seen so far (Pascanu et al. 2014). 

ü Training RNNs: 
The training of Recurrent Neural Networks (RNNs) is commonly carried out using a 

technique known as backpropagation through time (BPTT). This approach involves 
unfolding the RNN across its time steps and applying the backpropagation algorithm to 
adjust the network’s weights in a manner that reduces prediction errors. Despite its 
effectiveness, this process can be difficult due to challenges such as vanishing and 
exploding gradients. In these cases, the gradients used for updating the model’s 
parameters may either diminish to near zero or grow excessively large, making it 
difficult for the network to learn from long sequences (Das et al. 2023). 

ü Common Variants : 
To overcome challenges like the vanishing gradient issue, several enhanced versions 

of RNNs have been introduced (Das et al. 2023), including: 
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• Long Short-Term Memory (LSTM):  
LSTM networks incorporate special components known as gates that control the 

flow of information through the network. These gates determine which data should be 
retained, updated, or discarded, enabling the model to preserve relevant information 
and sustain gradient flow across long sequences. 

• Gated Recurrent Units (GRUs):  
GRUs offer a more streamlined alternative to LSTMs by combining certain gating 

functions. Specifically, they merge the forget and input gates into a single "update 
gate" and unify the cell state and hidden state. This simplified structure reduces the 
number of parameters, making GRUs more computationally efficient while still 
effectively handling sequence-based tasks. 

II.6.2.3. Long Short-Term Memory Networks (LSTMs) 
Long Short-Term Memory networks (LSTMs) Figure II.18 are a sophisticated form of 

Recurrent Neural Networks (RNNs) specifically developed to capture and retain long-range 
dependencies in sequential data. Their architecture enables them to perform exceptionally 
well in tasks that demand contextual understanding across extended sequences, including 
time-series forecasting, language modeling, and speech interpretation (Sak et al. 2014). 

 

 
Figure II.18: LSTM Model (geeksforgeeks). 

 
ü Fundamental Mechanics : 

LSTMs are specifically designed to address the vanishing gradient issue that affects 
traditional RNNs. In standard RNNs, as the loss gradients are propagated backward 
through time, they can diminish exponentially, limiting the model’s ability to learn from 
earlier time steps in long sequences. LSTMs overcome this challenge through a 
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carefully structured system of gates that regulate the flow of information within the 
network: 

1) Forget Gate: This gate critically evaluates information from the past, deciding 
what to retain or discard from the cell state.  

2) Input Gate: It manages the incorporation of new information into the cell state, 
effectively updating the memory.  

3) Output Gate: This gate influences the output of the LSTM unit by filtering the 
information that should be passed along from the cell state.  

These gates function using sigmoid activation functions, producing values between zero 
and one to control the extent to which information is allowed to pass through, enabling the 
network to maintain long-term memory effectively (Das et al. 2023). 

ü Primary Benefits 
• Improved Memory Management: LSTMs are highly effective at retaining crucial 

information over extended durations, making them invaluable for modeling intricate 
sequences; 

• Adaptability: The architecture of LSTMs enables their use in a wide array of 
sequential data applications, ranging from forecasting financial trends to aiding in 
medical diagnoses (Das et al. 2023). 

II.7. HYBRID LEARNING APPROACHES 

Hybrid learning systems in machine learning combine traditional machine learning (ML) 
and deep learning (DL) techniques to enhance model performance, efficiency, and 
adaptability, addressing the limitations of each when used alone. By leveraging the strengths 
of both methodologies, these systems are particularly valuable in applications that require 
both high accuracy and interpretability. The following provides an in-depth exploration of the 
rationale for employing hybrid models, presenting an original approach suitable for academic 
purposes (Bengani 2024). 

II.7.1. Components of Hybrid Learning Systems 

II.7.1.1. Ensemble Methods  
Ensemble methods play a crucial role in hybrid learning by combining multiple learning 

models to enhance predictive accuracy beyond what any single model can achieve. Key 
techniques include: 

ü Bagging (Bootstrap Aggregating): This method boosts stability and accuracy by 
training multiple models on different subsets of the dataset and averaging their 
predictions to make a final decision; 

ü Boosting: Boosting trains models sequentially, with each new model focusing on the 
errors made by the previous one, gradually improving accuracy; 
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ü Stacking: In stacking, the predictions from various models are used as inputs for a 
final model, which enhances overall prediction accuracy. 

II.7.1.2. Transfer Learning 
Transfer learning (Figure II.19) involves applying knowledge gained from solving one 

problem to a different, yet related, problem. This approach is especially useful in situations 
where data is limited: 

ü Pre-trained Models: Leveraging models that have been trained on large datasets to 
improve performance on tasks with smaller amounts of data; 

ü Cross-domain Adaptation: Adapting models from one domain to another by utilizing 
the similarities between tasks to enhance performance. 

 
Figure II.19: Transfer Learning (Bengani 2024). 

 
II.7.1.3. Model Fusion Techniques 

Model fusion (Figure II.20) involves integrating multiple models to form a more robust 
and effective system by combining their most advantageous features and capabilities: 

ü Soft Alignment: This technique aligns features across different models, regardless of 
variations in architecture or training data, to unify their learned representations; 

ü Parameter Averaging: Methods such as optimal transport theory are employed to 
average model parameters, reducing inconsistencies and improving overall model 
performance. 
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Figure II.20: Model Fusion Techniques (Bengani 2024). 

The advancement of hybrid learning systems marks a major step forward in building more 
adaptable, precise, and efficient machine learning models. By integrating the strengths of 
diverse models and techniques, these systems are equipped to address a broad spectrum of 
challenges ranging from enhancing predictive accuracy to facilitating knowledge transfer 
between tasks and optimizing computational efficiency. The ongoing progress in ensemble 
methods, transfer learning, and model fusion underscores the dynamic and innovative spirit of 
machine learning research, striving to leverage the combined capabilities of multiple 
approaches for improved performance across a wide array of applications (Bengani 2024). 

II.7.2. Advantages of hybrid learning systems 

1. Increased Accuracy: Hybrid systems integrate multiple learning techniques to 
enhance predictive accuracy, particularly in complex problems involving extensive or 
heterogeneous datasets; 

2. Better Generalization: The diverse learning strategies within hybrid models enable 
them to generalize more effectively across various tasks and domains. 

3. Optimized Resource Utilization: These systems make efficient use of computational 
resources by dynamically adjusting learning strategies according to the task's specific 
demands and resource availability. 

II.8. PYTHON PROGRAM 

Among the programming languages used in machine learning (ML) and deep learning 
(DL), Python has established itself as the most widely adopted due to its simplicity, 
readability, and extensive ecosystem. Its flexibility and the availability of numerous open-
source libraries such as TensorFlow, Keras, PyTorch, Scikit-learn, and Pandas make it an 
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ideal choice for developing and deploying data-driven models. In addition to these libraries, 
Python is supported by a vast community, comprehensive documentation, and seamless 
integration with cloud platforms, enabling researchers and developers to efficiently implement 
and experiment with complex ML and DL algorithms. Consequently, this paper highlights 
key Python libraries and platforms that facilitate the implementation of such models. Table 
II.1 provides a summary of the most commonly used Python libraries in ML and DL 
applications (geeksforgeeks). 

 
Table II.1: Commonly utilized Python libraries in ML applications (geeksforgeeks). 

Name Features 

TensorFlow Can run on a variety of computational platforms, and suit 
for very large numerical computations 

Keras Have a bunch of features to work on image and text, and 
ease of use with neural networks 

PyTorch Have a robust framework to build computational graphs, 
and ease of using and learning 

Scikit-learn Handle wide ranges of ML algorithms for statistical 
analysis, data mining, and data analysis 

Pandas Support for different types of data, and suit for data 
analysis with highly optimised performance 

Spark MLlib Make practical ML easy and scalable with the merits of 
speed and ease of use 

Theano Perform data-intensive computations with mathematical 
expressions and matrix calculations 

NumPy Process large multi-dimensional arrays and matrices, and 
easily integrate with most databases 

SciPy Suit for computational tasks for scientific and analytical 
computing 

Matplotlib Suit for data visualization with quality image plots and 
figures in a variety of formats 
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ü TensorFlow: Developed by Google and first released in 2015, TensorFlow is an open-

source machine learning library that incorporates a broad spectrum of state-of-the-art 
ML algorithms. It is widely recognized as one of the leading platforms for developing 
machine learning models, particularly those involving deep neural networks. As a 
high-level framework, TensorFlow offers numerous pre-built models and ready-to-use 
packages, making it suitable for both research and practical applications. 

ü Keras: is an open-source library designed for building and evaluating deep neural 
networks. Developed by François Chollet in 2015, it serves as a user-friendly interface 
for the TensorFlow library, emphasizing ease of use and rapid prototyping. Keras is 
compatible with both TensorFlow and Theano backends, and it provides a variety of 
features for constructing neural network architectures. Additionally, it includes a rich 
set of tools for processing image and text data, making it well-suited for a wide range 
of deep learning tasks. 

ü PyTorch: Introduced by Facebook in 2016, PyTorch has quickly gained prominence 
as one of the most widely used deep learning libraries, following Keras and 
TensorFlow. Its intuitive design and user-friendly interface have contributed to its 
rapid adoption within the research and development community. PyTorch features a 
dynamic computational graph framework, enabling flexible model building and 
debugging. It also offers a comprehensive suite of tools and libraries that support 
various machine learning and deep learning tasks. 

ü Scikit-learn: This library was built in 2007 based on two Python numerical and 
scientific libraries of NumPy and SciPy. Scikit-learn provides a wide range of 
functions for classification, regression, clustering, and dimensionality reduction 
algorithms. It has become one of the most popular ML libraries especially for data 
mining and data analysis. 

ü Pandas: This is the most popular Python ML library for data analysis. Pandas was 
first released in 2008. It offers high-level data structures and options to manipulate 
different types of data including matrix data, tabular data, and time series data. It also 
provides a lot of great features for efficiently handling large datasets. 

ü Spark MLlib: is a machine learning library specifically developed to address the 
challenges of processing large-scale data. Built on top of Apache Spark—a high-
performance engine for distributed data processing it aims to make scalable and 
practical machine learning more accessible. Spark MLlib offers a range of tools for 
developing machine learning algorithms and applications, with a focus on simplicity, 
efficiency, and ease of use. 

ü Theano: developed by the University of Montreal, is a symbolic mathematical 
computation library designed to facilitate efficient numerical operations, particularly 
in scientific computing. It was created to handle large-scale, computationally intensive 
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tasks with high performance. Often regarded as the "grandfather" of deep learning 
libraries, Theano laid the foundation for many modern frameworks, such as Keras, 
which were originally built on top of it. 

ü NumPy: short for “Numerical Python,” is a general-purpose library designed for 
efficient array processing. Built on top of the earlier “Numeric” library, NumPy has 
become a fundamental tool in the machine learning ecosystem. It offers a wide range 
of mathematical functions to manipulate large, multi-dimensional arrays and matrices. 
Its capabilities are especially valuable for performing basic linear algebra operations, 
random number simulations, and Fourier transforms, making it an essential component 
in many scientific and ML workflows. 

ü SciPy: short for “Scientific Python,” is a library developed to support scientific and 
technical computing. Built on top of NumPy, it extends its functionality by offering a 
wide array of advanced mathematical functions for tasks such as optimization, linear 
algebra, signal processing, and fast Fourier transforms. Known for its efficiency and 
ease of use, SciPy is widely adopted in scientific research and engineering applications 
requiring high-performance computation. 

ü Matplotlib: is a comprehensive plotting library in Python, built on top of NumPy, 
designed for creating static, animated, and interactive visualizations. It provides a wide 
variety of plotting functions such as line graphs, scatter plots, bar charts, and 
histograms that assist in exploring data patterns and distributions. Renowned for its 
simplicity and ease of use, Matplotlib is a foundational tool for data visualization in 
scientific and analytical applications (geeksforgeeks). 

II.9. CONCLUSION 

This chapter underscores the evolving role of data-driven methods in structural analysis, 
particularly in evaluating the behavior of concrete elements reinforced with internal and/or 
external FRP. Regression techniques, including linear, multivariate, and polynomial forms, 
have long provided a foundation for predicting mechanical properties based on empirical data. 
However, the growing complexity and volume of structural data necessitate more robust 
approaches hence the shift toward machine learning and deep learning. These advanced 
techniques, especially when combined in hybrid learning systems, offer improved accuracy, 
adaptability, and scalability. Moreover, Python-based implementations provide a flexible and 
efficient platform for deploying these models in practical applications. Ultimately, this 
integrated approach enhances predictive capabilities and supports the development of more 
resilient, optimized structural systems in modern engineering. The next chapter focuses on the 
prediction of the load-carrying capacity of concrete columns internally confined with FRP 
bars through empirical formulations and machine learning models. 
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III.1. INTRODUCTION 

The load-bearing capacity is a fundamental aspect in the structural design of reinforced 
concrete (RC) columns, particularly under the influence of axial compressive forces. Various 
design standards and published research have introduced predictive formulations to estimate 
the axial capacity of fiber-reinforced polymer-reinforced concrete (FRP-RC) columns. 
Nonetheless, notable inconsistencies persist between theoretical estimations and outcomes 
derived from experimental investigations. This chapter introduces a refined approach for 
estimating the peak axial strength of RC compression members reinforced with FRP bars 
under varying eccentricity conditions (e/h = 0 and e/h ranging from 0.08 to 1). The study 
begins with a comprehensive overview of current design approaches for FRP-RC columns. A 
dataset consisting of 308 experimental results sourced from existing literature was compiled 
for analysis. The predictive performance of existing models was evaluated using five 
statistical metrics: coefficient of determination (R²), root mean square error (RMSE), mean 
absolute error (MAE), average absolute error (AAE), and standard deviation (SD). 
Additionally, three load-carrying capacity (LCC) prediction models were developed; one 
using a general regression technique and two employing machine learning algorithms: 
eXtreme Gradient Boosting (XGBoost) and Random Forest (RF) regression methods. Finally, 
the proposed models were benchmarked against existing design standards and previously 
suggested empirical equations to assess their accuracy and reliability. 

III.2. REVIEW OF DESIGN FORMULATIONS OF FRP-RC COLUMNS 

So far, several investigations suggested design models for calculating the ultimate axial 
load-caring capacity (𝑃!) of FRP-RC compressive members. In this section, fifteen existing 
models will briefly summarize, including four models from current codes of ACI 440.1R-15, 
CSA S806-02, CSA S806-12 and AS-3600 and eleven empirical formulations developed by 
Tobbi et al. (2012), Tobbi et al. (2014), Afifi et al. (2014a,b), Maranan et al. (2016), Xue et 
al. (2018), Mohammed et al. (2014a,b), Samani and Attard (2012), Khan et al. (2016) and 
Hadhood et al. (2017). The explanation details of all existing models with their expressions 
are reported in Table III.1. The illustration of FRP-RC compressive members is shown in 
Figure III.1. 
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Figure III.1: Illustration of lateral confinement of FRP-RC columns. 

 
Table III.1: Existing design formulations of FRP-RC compressive members. 

Reference Section 
form 

FRP  
type Design formulas, Pu  

ACI 440.1R-15 - FRP 𝑃! = 0.85	𝑓"#	(𝐴% − 𝐴&'(	) (III.1) 

CSA S806-02 - FRP 𝑃! = 0.85	𝑓"#	(𝐴% − 𝐴&'(	) (III.2) 

CSA S806-12 - FRP 
𝑃! = 𝛼)𝑓"#	(𝐴% − 𝐴&'(	) 

𝛼) = 0.85 − 0.0015𝑓"# ≥ 0.67 (III.3) 

AS-3600 - FRP 𝑃! = 0.85	𝑓"#	2𝐴% − 𝐴&'(	3 + 0.0025𝐸&'(𝐴&'( (III.4) 

Tobbi et al. (2012) Square GFRP 
𝑃! = 𝛼)	𝑓"#	2𝐴% − 𝐴&'(	3 + 𝛼&'(𝑓&'(𝐴&'( 

𝛼) = 0.85	; 	𝛼&'( = 0.35 
(III.5) 

Tobbi et al. (2014) Square GFRP 
𝑃! = 0.85	𝑓"#	2𝐴% − 𝐴&'(	3 + 𝜀*𝐸&'(𝐴&'( 

𝜀* = 0.003 
(III.6) 

Afifi et al. (2014a) Circular CFRP 
𝑃! = 𝛼)	𝑓"#	2𝐴% − 𝐴&'(	3 + 𝛼&'(𝑓&'(𝐴&'( 

𝛼) = 0.85	; 	𝛼&'( = 0.25 (III.7) 

Afifi et al. (2014b) Circular GFRP 
𝑃! = 0.85	𝑓"#	2𝐴% − 𝐴&'(	3 + 𝛼%𝑓&'(𝐴&'( 

𝛼% = 0.35 (III.8) 
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III.3. COLLECTED TEST DATASET 

Numerous researchers conducted experimental investigations to study the axial behavior of 
concrete compressive members internally confined with FRP bars in the literature. In this 
section, a large dataset of 377 of FRP-RC compressive member samples as listed in Table 
III.2 was compiled from 42 experimental studies of De Luca et al. (2010), Tobbi et al. (2012), 
Afifi et al. (2014a,b), Tobbi et al. (2014), Mohamed et al. (2014), Prachasaree et al. (2015), 
Maranan et al. (2016), Xiaochun et al. (2016), Hales et al. (2016), Hadi and Youssef (2016), 
Ali et al. (2016), Khan et al. (2016), Hadi et al. (2017), Elchalakani et al. (2017), Hadhood et 
al. (2017), Hadhood et al. (2017), Hadhood et al. (2017), Hadhood et al. (2017), Khorramian 
et al. (2017), Sun et al. (2017), Elchalakani et al. (2017), Hadhood et al. (2018), Hadhood et 
al. (2018), Zhang et al. (2018), Tabatabaei et al. (2018), Tu et al. (2019), Xue et al. (2018), 
Salah-Eldin et al. (2019), Salah-Eldin et al. (2019), Elchalakani et al. (2019), Othman et al. 
(2019), Dong et al. (2019), El-Gamal et al. (2020), Elchalakani et al. (2020), Abdelazim et al. 
(2020), Khorramian et al. (2020), Barua et al. (2020), El Messalami et al. (2021), Bakouregui 
et al. (2021), Afaq et al. (2023) published between the year 2010 and 2023. This dataset 
encompasses both circular and square cross-sections of FRP-RC compressive members, 
transversally reinforced with FRP hoops, spirals, and ties, as well as longitudinally reinforced 
with FRP bars under both concentric and eccentric axial loads. It includes 235 samples with 
circular cross-sections and 142 samples with square cross-sections. Among these, 213 
samples were transversally confined with FRP spirals, 35 with FRP hoops, and 129 with FRP 

Table III.1: Continued 

Maranan et al. (2016) Circular GFRP 
𝑃! = 𝛼)	𝑓"#	2𝐴% − 𝐴&'(	3 + 0.002𝐸&'(𝐴&'( 

𝛼) = 0.9 
(III.9) 

Xue et al. (2018) Square GFRP 
𝑃! = 𝛼)	𝑓"#	2𝐴% − 𝐴&'(	3 + 0.002𝐸&'(𝐴&'( 

𝛼) = 0.85 
(III.10) 

Mohammed et al. (2014a) Circular 
GFRP 

CFRP 

𝑃! = 0.85	𝑓"#	2𝐴% − 𝐴&'(	3 + 𝜀(𝐸&'(𝐴&'( 

𝜀( = 0.002 
(III.11) 

Mohammed et al. (2014b) Circular 
GFRP 

CFRP 

𝑃! = 0.9	𝑓"#	2𝐴% − 𝐴&'(	3 + 𝜀&%𝐸&'(𝐴&'( 

𝜀&% = 0.002 
(III.12) 

Samani and Attard (2012) - - 𝑃! = 0.85	𝑓"#	)𝐴% − 𝐴&'(	, + 0.0025𝐸&'(𝐴&'( (III.13) 

Khan et al. (2016) Circular GFRP 
𝑃! = 0.85	𝑓"#	2𝐴% − 𝐴&'(	3 + 𝛼𝐸&'(𝐴&'( 

𝛼 = 0.61 
(III.14) 

Hadhood et al. (2017) Circular CFRP 
𝑃! = 𝛼)	𝑓"#	)𝐴% − 𝐴&'(	, + 0.0035𝐸&'(𝐴&'( 

𝛼) = 0.85 − 0.0015𝑓"# 
(III.15) 
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ties. The dataset covers three types of FRP reinforcements: carbon fiber-reinforced polymer 
(CFRP), glass fiber-reinforced polymer (GFRP), and basalt fiber-reinforced polymer (BFRP). 

In this study, we systematically considered all parameters that influence the axial structural 
behavior of FRP-RC columns. The dataset provides comprehensive information on the 
geometric and material properties of unconfined concrete and FRP reinforcement, 
encompassing essential factors like cross-sectional dimensions, reinforcement types, and load 
eccentricity levels. These factors were incorporated to capture the interactions between 
concrete and FRP bars that affect axial load capacity. Each parameter was selected based on 
its documented impact in the literature and relevance to the structural response of FRP-RC 
compressive members. For instance, the elastic modulus and tensile strength of the FRP bars 
influence axial stiffness and load-bearing capacity, while geometric properties and cross-
section type affect confinement and load distribution. By compiling a detailed dataset, we 
aimed to develop robust predictive models applicable across diverse design scenarios. 

The parameters included in this dataset were chosen specifically for their effect on the 
axial capacity (𝑃!) of FRP-RC compressive members, accounting for both geometric and 
material properties of unconfined concrete and FRP reinforcement. For the geometric, the 
properties include the cross-section type of concrete (𝑆"#$%), height of the sample (𝐻), gross 
cross-sectional area (𝐴&). For the unconfined concrete properties presented include the 
compressive strength (f’c). For the FRP, the important properties include, the cross-sectional 
area of the FRP reinforcing bar (𝐴'($), Percentage of FRP reinforcement (𝜌'($), number of 
FRP bars (𝑛), form of tie bar (𝐹𝑜𝑟𝑚), type of longitudinal FRP reinforcement (𝑙"#$%), type of 
transverse FRP reinforcement (𝑡"#$%), the diameter of stirrups (𝑑)), the diameter of the main 
FRP bar (𝑑*), the elastic modulus of FRP bar (𝐸'($), the tensile strength of FRP bar (𝑓'($), 
and spacing of stirrups (𝑆+), 𝛼, and 𝛼'($ are the coefficients whilst the axial load condition 
(𝑃-./0) (concentric or eccentric) was also given in Table III.1. 

A summary of the ranges of data and test results of the selected dataset is presented in 
Table III.3. The values of height (𝐻), gross cross-sectional area (𝐴&), the compressive 

strength of unconfined concrete (𝑓’-), Percentage of FRP reinforcement (𝜌'($), the cross-
sectional area of FRP reinforcing bar (𝐴'($), number of FRP bars (𝑛), the diameter of the 
main FRP bar (𝑑*), elastic modulus of FRP bar (𝐸'($), the tensile strength of FRP bar (𝑓'($), 
diameter of stirrups (𝑑)), spacing of stirrups (𝑆+), and axial capacity of FRP-RC compressive 
members (𝑃!) of the samples are in the range of 500 mm - 3730 mm, 12272 mm² - 372100 
mm², 21 MPa - 90 MPa, 1 % - 5 %, 200 mm² - 3721 mm², 3 - 16, 8 mm - 25 mm, 39 GPa -
151 GPa, 574 MPa - 2000 MPa, 4 mm - 13 mm, 30 mm - 305 mm, 90 kN - 15234 kN, 
respectively.
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Table III.2: Summary of the collected test dataset of FRP-RC compressive members. 

Ref. No. 𝒍𝒕𝒚𝒑𝒆 
𝑷𝒄𝒐𝒏𝒅 

𝑺𝒕𝒚𝒑𝒆 
H 𝑨𝒈 𝒇′𝒄 𝝆𝑭𝑹𝑷 𝑨𝑭𝑹𝑷 

n 
𝒅𝒎 𝑬𝒇𝒓𝒑 𝒇𝒇𝒓𝒑 

𝒕𝒕𝒚𝒑𝒆 
𝒅𝒔 

Form 
𝒔𝒗 𝑷𝒖𝒆 

𝒆 𝒉⁄  (mm) (mm²) (MPa) (%) (mm²) (mm
) (GPa) (MPa) (mm) (mm) (kN) 

De Luca et al. (2010) 4 GFRP 0 S 3 000 372100 32.8- 
43.7 1.0 3721 8 25.4 44.2 608- 

712 GFRP 12.7 ties 76- 
305 

10750.8- 
15234.4 

Tobbi et al. (2012) 5 GFRP 0 S 1 400 122500 32.6 1.9 2327.5 8-
12 

15.9- 
19.0 

47.6- 
48.2 

728- 
751 GFRP 12.7 ties 80- 

120 
3928.5- 
4067.0 

Afifi et al. (2014)a 9 GFRP 0 C 1 500 70685.8 42.9 1.1-
3.2 

777.5- 
2261.9 

4-
12 15.9 55.4 934 GFRP 6.4- 

12.7 spirals 35- 
145 

2804.0- 
3019.0 

Afifi et al (2014)b  9 CFRP 0 C 1 500 70685.8 42.9 1.0- 
2.4 

706.8- 
1696.4 

6-
14 12.7 140.0 1899 CFRP 6.4- 

12.7 spirals 35- 
145 

2905.0- 
3148.0 

Tobbi et al. (2014) 4 GFRP 
CFRP 0 S 1 400 122500 35.0 0.8-

1.9 
980.0- 
2327.5 

8-
16 

12.7- 
19.0 

46.3- 
137.0 

728- 
1902 

CFRP
GFRP 

9.5- 
12.7 ties 67- 

120 
3900.0- 
5159.0 

Mohamed et al. (2014) 9 GFRP 
CFRP 0 C 1 500 70685.8 42.9 1.7- 

2.2 
1201.6- 
1555.1 

8-
10 

12.7- 
15.9 

55.4- 
140.0 

934- 
1899 

GFRP 
CFRP 

6.4- 
12.7 

spirals 
hoops 80 2840.0- 

3019.0 

Prachasaree et al. (2015) 13 GFRP 0 S-C  500 12271.8- 
22500.0 20.8 1.4-

2.6 
319.5- 
337.5 4 10.0 50.0 735 GFRP 6.0 spirals 

ties 50 310.0- 
390.0 

Maranan et al. (2016) 7 GFRP 0 C 1000- 
2000 49087.4 38.0 2.4 1192.8 6 15.9 62.6 1184 GFRP

CFRP 9.5 hoops- 
spirals 

50- 
200 

1208.0- 
2063.0 

Xiaochun et al. (2016) 2 BFRP 0.17-0.67 S 900 14400.0 34.9 1.4 201.6 4 8.0 50.0 1000 BFRP 6.0 ties 100 90.0- 
270.0 

Hales et al. (2016) 6 GFRP 0-0.08 C 760- 
3730 73061.7 90.0 1.6- 

2.7 
1205.5- 
1979.9 6 16.0 43.0 715 GFRP 10.0 spirals 76 667.0 - 

7126.0 

Hadi and Youssef (2016) 3 GFRP 0-0.24 S 800 44 100.0 33.2 1.1 507.1 4 12.7 67.9 1641 GFRP 9.5 ties 50 615.0- 
1285.0 

Hadi and Youssef (2016) 6 GFRP 0-0.24 C 800 33006.4 37.0 2.3 759.1 6 12.7 50.0 1200 GFRP 9.5 spirals 30- 
60 

479.0- 
1309.0 

Ali et al. (2016) 7 GFRP 0 S 1 650 122500.0 38.4- 
41.0 

1.2- 
2.5 

1580.2- 
3172.7 

8-
16 15.9 62.0 1184 GFRP 9.5 ties 75- 

150 
133.0- 
201.0 

Khan et al. (2016) 3 GFRP 0-0.24 C 812 33312.3 37.0 3.5 1189.2 6 15.9 56.0 1395 GFRP 9.5 hoops 60 910.0- 
2812.0 

Hadi et al. (2017) 6 GFRP 0-0.24 C 800 34636.1 85.0 2.2 761.9 6 12.7 52.0 1190 GFRP 9.5 spirals 30- 
60 

958.0- 
2721.0 

Elchalakani et al. (2017) 7 GFRP 0-0.17 S 1200 41600.0 32.7 1.8 761.2 6 12.7 46.3 708 GFRP 6.3 ties 75- 
250 

584.2- 
1449.0 

Hadhood et al. (2017) 10 GFRP 0-0.33 C 1500 73061.7 70.2 2.1- 
3.2 

1592.7- 
2389.1 

8-
12 15.9 54.9 1289 GFRP 9.5 spirals 80 497.0- 

4716.0 

Hadhood et al. (2017) 5 CFRP 0-0.33 C 1500 73061.7 35.0 2.1 1592.7 8 15.9 141.0 1680 CFRP 9.5 spirals 80 529.0- 
3090.0 
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Table III.2: Continued 

Hadhood et al. (2017) 5 CFRP 0-0.33 C 1500 73061.7 70.2 2.2 1607.3 8 15.9 141.0 1680 CFRP 9.5 spirals 80 611.0- 
5120.0 

Hadhood et al. (2017) 8 GFRP 0-0.33 C 1500 73061.7 35.0- 
42.9 2.2 1607.3 8 15.9 54.9 1289 GFRP 9.5 hoops 80 366.0- 

2 935.0 

Khorramian et al. (2017) 4 GFRP 0-0.3 S 500 22500.0 37.0 1.6 366.7 6 16.0 41.2 783 GFRP 6.0 ties 90 354.1- 
774.9 

Sun et al. (2017) 9 GFRP 0.42- 
0.97 S 1000 45000.0 33.5 1.0 468.0 6 10.0 60.2 689 GFRP 4.0 ties 50 174.0- 

677.0 

Elchalakani et al. (2017) 7 GFRP 0-0.17 S 1 200 41600.0 32.7 1.8 761.2 6 12.7 46.3 708 GFRP 6.3 ties 75- 
250 

584.2- 
1449.0 

Hadhood et al. (2018) 25 GFRP 
CFRP 0-0.33 C 1500 73061.7 35.1 2.2- 

3.3 
1607.3- 
2411.0 

8-
12 

15.9- 
16.0 

54.9- 
141.0 

1289- 
1680 

GFRP
CFRP 

9.5- 
12.7 

spirals 
hoops 80 354.0- 

3090.0 

Hadhood et al. (2018) 40 GFRP 
CFRP 0-0.33 C 1500 73061.7 70.2 2.2 1607.3 8-

12 15.9 54.9 1289 GFRP
CFRP 9.5 spirals 

hoops 80 354.0- 
5120.0 

Zhang et al. (2018) 8 GFRP 0 S 1200 122500.0 50.0 1.3- 
2.6 

1702.7- 
3234.0 

8-
12 

16.0- 
18.0 45.0 840 GFRP 8.0- 

12.0 ties 38- 
130 

4500.0- 
5670.0 

Tabatabaei et al. (2018) 5 GFRP 0 C 1 600 70685.8 49.3 1.6 1130.9 6 15.9 51.2 1374 GFRP 9.5 spirals 80 2871.0- 
3290.0 

Tu et al. (2019) 8 GFRP 0 S 600 40000.0 32.1 1.1 440.0 4 10.0- 
14.0 

43.7- 
46.0 

574- 
735 GFRP 8.0 spirals 

hoops 
30- 
80 

927.7- 
981.7 

Xue et al. (2018) 15 GFRP 0-1 S 1800- 
3 600 90000.0 29.1- 

55.2 
0.9- 
2.5 

810.0- 
2295.0 

4-
8 

15.9- 
2.5 

39.0- 
44.0 

654- 
729 BFRP 8.0 ties 150 300.0- 

3091.0 

Salah-Eldin et al. (2019) 4 GFRP 0.2-0.6 S 2000 160000.0 71.2 1.0 1600.0 6 19.0 62.7 1236 GFRP 10.0 ties 150 1367.0- 
5100.0 

Salah-Eldin et al. (2019) 4 BFRP 0.2-0.6 S 2000 160000.0 71.2 1.0 1600.0 6 20.0 63.7 1646 BFRP 13.0 ties 150 1309.0- 
4965.0 

Elchalakani et al. (2019) 9 GFRP 0-0.29 S 1200 41600.0 26.8 2.2 923.5 6 14.0 59.0 930 GFRP 8.0 ties 75- 
250 

234.0- 
1357.0 

Othman et al. (2019) 15 CFRP 0-1 S 1500 22500.0 44.7 1.4- 
3.6 

315.0- 
810.0 4 10.0- 

16.0 
145.0- 
151.0 2000 CFRP 6.0 ties 40.0- 

140.0 
113.0- 
960.0 

Dong et al. (2019) 12 GFRP 0-0.35 C 1150 36305.0 40.0 0.5- 
1.1 

199.6- 
399.3 

3-
6 10.0 59.0 930 GFRP 8.0 spirals 40.0- 

120.0 
296.0- 
1459.0 

El-Gamal et al. (2020) 6 GFRP 0 C 1500 41547.6 25.6 1.6- 
3.8 

677.2- 
1607.8 

6-
8 

12.0- 
16.0 

61.2 - 
62.3 

1102- 
1250 GFRP 10.0 spirals 50.0- 

100.0 
1055.0- 
1227.0 

Elchalakani et al. (2020) 11 GFRP 0-0.35 C 1150 36305.0 34.0 0.5- 
0.9 

199.6- 
334.0 

3-
5 10.0 59.0 930 GFRP 8.0 spirals 40.0- 

120.0 
342.0- 
1286.0 

Abdelazim et al. (2020) 16 GFRP 
CFRP 0-0.66 C 1000- 

2500 73061.7 46.6 2.1 1600.0 8 15.9 61.8 1449 GFRP 9.5 spirals 80.0 371.0- 
3535.0 

Khorramian et al. (2020) 9 GFRP 0.21-0.23 S 1020- 
3660 62730.0 48.4 2.8- 

4.8 
1800.3- 
3011.0 

6-
10 19.0 43.4 963 GFRP 11.0 ties 300.0 844.0- 

1550.0 
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Table III.2: Continued 

Barua et al. (2020) 5 GFRP 0-0.34 C 1750 98979.8 37.3- 
40.7 1.2 1187.7 6 15.9 64.0 1558 GFRP 9.5 spirals 85.0 1 278.0- 

4224.0 

El Messalami et al. (2021) 9 BFRP 0-0.44 S 1100 32400.0 28.4 3.8 1257.1 4 20.0 45.9 913 BFRP 10.0 ties 60.0- 
180.0 

315.0- 
879.0 

Bakouregui et al. (2021) 24 
GFRP 
BFRP 
CFRP 

0-0.66 C 1500 73061.7 52.0 1.0 - 
3.3 

759.8- 
2411.0 

6 - 
12 

12.7- 
15.9 

54.9- 
144.0 

1289- 
1765 

GFRP 
BFRP
CFRP 

9.5 spirals
hoops 

60.0- 
120.0 

440.0- 
3705.0 

Afaq et al. (2023) 4 GFRP 0 C 1000 49087.4 31.8 2.4- 
2.7 

1183.0- 
1364.6 6 15.9 60.0 1237 GFRP 9.5 spirals 50.0 1582.4- 

5 958.0 

 

Table III.3: Summary of the ranges of data and test results the collected dataset. 

Parameters 
𝑯 𝑨𝒈 𝒇′𝒄 𝝆𝒇𝒓𝒑 𝑨𝒇𝒓𝒑 𝒏 𝒅𝒎 𝑬𝒇𝒓𝒑 𝒇𝒇𝒓𝒑 𝒅𝒔 𝑺𝒗 𝑷𝒖𝒆 

(mm) (mm²) (MPa)  (mm²)  (mm) (GPa) (MPa) (mm) (mm) (kN) 

Minimum 500 12272 21 1 200 3 8 39 574 4 30 90 

Maximum 3730 372100 90 5 3721 16 25 151 2000 13 305 15234 

Average 1456 67539 45 2 1300 7 15 65 1176 9 92 1834 

St. deviation 588.65 42889.79 15.82 0.81 687.76 2.29 2.82 30.5 372.49 1.8 49,5 1766.02 

Coef. of variance 0.41 0.64 0.35 0.41 0.53 0.33 0.2 0.47 0.32 0.21 0,54 0.97 
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III.4. ASSESSMENT OF THE PERFORMANCE OF EXISTING MODELS  

III.4.1. Performance criteria 

The evaluation of axial load-carrying capacity prediction models is carried out through a 
statistical analysis, using a dataset comprising 308 experimental records, as presented in Table 
III.2. To determine the predictive accuracy of these models in estimating the axial load-
carrying capacity of FRP-RC concrete columns, multiple assessment metrics are utilized. In 
this study, fiver key statistical parameters are adopted to measure model reliability, goodness-
of-fit, and overall precision. These include the coefficient of determination (R²), root mean 
square error (RMSE), mean absolute error (MAE), average absolute error (AAE), and 
standard deviation (SD). The mathematical explanations Eqs (III.16)-(III.19) are given are 
follows: 
 

𝑅/ = #
𝑛(∑ 𝑥0𝑦01

023 ) − (∑ 𝑥01
023 )(∑ 𝑦01

023 )
+[𝑛 ∑ 𝑥0/1

023 − (∑ 𝑥01
023 )/][𝑛 ∑ 𝑦0/1

023 − (∑ 𝑦01
023 )/]
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In which 𝑥1, 𝑦1 refer to the experimental measurement values and the prediction values, 
respectively. n denotes the total number of datasets. 
 
III.4.1.1. Coefficient of determination (R²) 

In statistical analysis, the coefficient of determination (R²) serves as a key metric to 
evaluate the effectiveness of a simple linear regression. It quantifies how well the regression 
model corresponds to the observed dataset, indicating the extent to which the regression 
equation accurately captures the pattern of data distribution (Sadeghian and Fam, 2015). This 
coefficient ranges between 0 and 1, representing a scale from low to high predictive 
capability. As illustrated in Figure (III.2), an R² value of zero indicates that the regression line 
accounts for none of the variation in the data points—meaning the model fails entirely to 
describe the distribution. On the other hand, an R² value of one signifies that the regression 
equation perfectly explains 100% of the data variability. In essence, the closer R² is to zero, 
the more dispersed the data points are around the regression line. Conversely, the nearer R² 
approaches one, the more tightly the points cluster along the regression line. When all data 
points lie exactly on the regression line, the coefficient reaches its maximum value of R² = 1. 

 

 
Figure III.2: Dispersion of data points around the regression line. 

 

III.4.1.2. Error (RMSE, MAE, AAE) 
The Root Mean Square Error (RMSE) (see Figure III.3) is a commonly adopted statistical 

metric used to assess the predictive capability of models. The primary objective is to 
minimize the RMSE value, as a lower RMSE corresponds to a smaller standard deviation, 
which is indicative of superior model accuracy. Additionally, when using the least squares 
method, the sum of residuals equals zero, confirming that the residuals represent deviations 
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from the mean, which is also zero. This makes RMSE a valuable fitting criterion for 
enhancing prediction precision. 

 
The Mean Absolute Error (MAE) and Average Absolute Error (AAE) (refer to Figure 

III.3) are widely used metrics in model evaluation. They quantify the average deviation 
between predicted results and experimental values. Lower MAE, AAE, and RMSE values 
indicate higher predictive accuracy, with values approaching zero signifying near-perfect 
predictions, where all data points align along a 45-degree diagonal line. While MAE and AAE 
measure the average magnitude of prediction errors, RMSE also captures the distribution and 
variability of these errors. 

 

 
Figure III.3: Graphical representation of errors (RMSE, MAE, AAE). 

 

III.4.1.3. Standard deviation (SD) 
The Standard Deviation (SD) (see Figure III.4) is a statistical indicator of both dispersion 

and precision, offering insights into the true average of a population. It helps determine how 
widely the predicted values deviate from their mean. A low SD suggests that most values are 
concentrated near the average, indicating consistency in model performance. Conversely, a 
high SD implies that the data points are more scattered and potentially random, signaling 
reduced model reliability. 
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Figure III.4: SD between predicted and experimental values. 

 
III.4.2. ACI 440.1R-15 model 

Using the experimental dataset comprising 308 collected data points, the performance of 
the ACI 440.1R-15 model was evaluated. Figure III.5a presents the statistical indicator values, 
with R² = 0.70, RMSE = 909.12 kN, MAE = 662.12 kN, AAE = 0.80, and SD = 1.44. These 
statistical indicators indicate poor performance between the experimental and predicted 
values. This observation is clearly illustrated by the majority of data points lying above the 
45° diagonal line, indicating high dispersion of the data points. 

 

 
Figure III.5: Assessment results of ACI 440.1R-15 model of FRP-RC compressive members. 
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III.4.3. AS-3600 model 

The assessment of the ALCC model from the AS-3600 code is depicted in Figure III.6. 
This figure illustrates that the majority of data points lie above the 45° diagonal line and the 
upper limit line of 40%, indicating that this model overestimates the ALCC values. 
Furthermore, the value of R² = 0.70 indicates a weak correlation between the predicted and 
experimental values. Additionally, the other indicators RMSE = 909.18 kN, MAE = 662.19 
kN, AAE = 0.80, and SD = 1.44 confirm the poor performance of this model. 

 

 
Figure III.6: Assessment results of AS-3600 model of FRP-RC compressive members. 

 
III.4.4. CSA S806-02 model 

Figure III.7 illustrates the statistical evaluation of the ALCC model from the CSA S806-02 
code, using the experimental dataset developed in the previous section. The evaluation of this 
figure suggests that the statistical indices of this model are comparable to those obtained for 
the ACI 440.1R-15 model and AS-3600 model. These indices confirm that the performance of 
this model remains consistent with that of the previously discussed models. 
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Figure III.7: Assessment results of CSA S806-02 model of FRP-RC compressive members. 

 

III.4.5. CSA S806-12 model 

The ALCC model of CSA S806-12, designed for FRP-RC compressive members, 
underwent evaluation against 308 experimental data points. Figure III.8 displays a coefficient 
of correlation R² = 0.71, indicating a weak correlation between the experimental and predicted 
values. However, this model achieves minimum values for four other statistical indicators: 
RMSE = 846.58 kN, MAE = 651.92 kN, AAE = 0.74, and SD = 1.33. These indicators 
confirm the satisfactory performance of this model compared to the ACI 440.1R-15, AS-
3600, and CSA S806-02 models. 

 

 
Figure III.8: Assessment results of CSA S806-12 model of FRP-RC compressive members. 
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III.4.6. Tobbi et al. model 

The ALCC model developed by Tobbi et al. (2012) was assessed using 308 experimental 
data points and five statistical indices. As shown in Figure III.9, the indicators RMSE = 
1245.82 kN, MAE = 861.72 kN, AAE = 1.10, and SD = 1.86 reach maximum values, 
indicating significant errors divergence and very high dispersion. Moreover, R² = 0.61 
suggests a weak correlation between the experimental and predicted values, with all data 
points lying above the 45° diagonal line. Consequently, the performance of this model 
remains poor compared to the four previously evaluated models. 

 

 
Figure III.9: Assessment results of Tobbi et al. (2012) model of FRP-RC compressive 

members. 
III.4.7. Samani and Attard. model 

Figure III.10 compares the measured and experimentally determined axial capacity values 
for both the existing experimental studies and the Samani and Attard (2012) model sets. From 
this figure, it can be observed that the quality line (black line) is surrounded by the majority of 
the data points. The Samani and Attard (2012) model has an R² value of 0.70, indicating a 
weak correlation between the predicted and experimental values. Other evaluation indices for 
the prediction results of the Samani and Attard (2012) model are presented in the same figure. 
The values of RMSE and MAE are 909.18 kN and 662.19 kN, respectively, indicating poor 
accuracy of the prediction values. However, the values of AAE and SD are 0.80 and 1.44, 
respectively, illustrating high dispersion in the estimated values. Consequently, the Samani 
and Attard (2012) offers a performance similar to the other previously evaluated models, 
except for the Tobbi et al. (2012) model. 
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Figure III.10: Assessment results of Samani and Attard (2012)  model of FRP-RC 

compressive members. 

 

III.4.8. Afifi et al. model 

The assessment of the predicted axial capacity values of the Afifi et al. (2014a) model, 
based on the verification data from the developed test dataset, is shown in Figure III.11. This 
figure illustrates that the correlation (R²) between the calculated results and the test results is 
0.63, with an RMSE of 1128.73 kN, MAE of 754.62 kN, AAE of 1.00, and SD of 1.74. The 
empirical prediction points can be evenly arranged in the upper part of the ideal line. These 
statistical indicators indicate that the Afifi et al. (2014a) model has a lower R² value, 
suggesting that it cannot adequately account for data variance, The RMSE and MAE values 
indicate poor prediction accuracy, while the AAE and SD values suggest satisfactory 
dispersion. In summary, the model proposed by Afifi et al. (2014a) exhibits poor performance 
compared to all other models previously studied. 
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Figure III.11: Assessment results of Afifi et al. (2014a) model of FRP-RC compressive 

members. 
 

III.4.9. Afifi et al. model 

Figure III.12 illustrates the evaluation results of the axial capacity model developed by 
Afifi et al. (2014b) against the 308 test results collected from the literature and reported in 
Appendix A. According to this figure, it can be observed that this model provides relatively 
similar statistical index values as the Afifi et al. (2014a) model. Consequently, the 
performance of the Afifi et al. (2014b) model is also poor compared to all other models. 

 

 
Figure III.12: Assessment results of Afifi et al. (2014b) model of FRP-RC compressive 

members. 
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III.4.10. Tobbi et al. model 

To assess the performance of the proposed axial capacity model by Tobbi et al. (2014) and 
to verify the accuracy of this model in predicting test results, the statistical index values are 
shown in Figure III.13. In this figure, the more the predicted points by this model are located 
above the diagonal 45° line, and R² = 0.70, which demonstrates a poor correlation between 
the predicted and test results. On the other hand, there is a high percentage of data points in 
the low range of error (0-40%) with RMSE = 909.19 kN and MAE = 662.19 kN, confirming 
low accuracy. In the same figure, the values of AAE and SD are 0.80 and 1.44, respectively, 
demonstrating that prediction values have high dispersion. These observations indicate better 
performance of this model compared to the other models previously evaluated, except for the 
models of ACI 440.1R-15, AS-3600, CSA S806-02, CSA S806-12, and Samani and Attard. 
(2012). These models show relatively similar predictions compared to the Tobbi et al. (2014) 
model. 

 

 
Figure III.13: Assessment results of Tobbi et al. (2014) model of FRP-RC compressive 

members. 

III.4.11. Maranan et al. model 

The estimated and experimentally determined axial capacity values are compared in Figure 
III.14. In this figure, the statistical indicators R², RMSE, MAE, AAE, and SD are presented. 
The deviation values of the predicted values from the proposed model by Maranan et al. 
(2016) from the ideal line are also shown in the same figure. According to Diboune et al. 
(2022), if the linear correlation coefficient is greater than 0.8 and the RMSE, MAE, AAE, and 
SD are within a desirable range (considering the dispersion of the data points), it can be 
concluded that the experimental and predicted values are highly dependent. Regarding Figure 
III.14, it can be observed that the developed model has a correlation coefficient R² = 0.70. 
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Additionally, based on the same figure, it can be seen that the error values obtained from the 
proposed model by Maranan et al. (2016) are RMSE = 974.97 kN, MAE = 677.80 kN, AAE = 
0.86, and SD = 1.53. These statistical indicators demonstrate that this model has low accuracy 
and high dispersion of the estimation values. In summary, this model provides similar 
observations as the Tobbi et al. (2014) model. 

 

 
Figure III.14: Assessment results of Maranan et al. (2016) model of FRP-RC compressive 

members. 
 

III.4.12. Khan et al. model 

Figure III.15 compares the predicted axial capacity values using the expression by Khan et 
al. (2016) with the developed 308 test results reported in Appendix A, where P(u,pred) 
represents the predicted values and P(u,exp) represents the experimental values. As evident from 
the model evaluation results, the R² of the model developed by Khan et al. (2016) is 0.70, 
which is far from 1 and smaller than 0.8. This indicates a poor correlation between the 
predicted and experimental values. The RMSE and MAE values of Khan et al. (2016) model 
are 925.94 kN and 662.47 kN, respectively, with the majority of data points located in the 
error range of 0-40%. This suggests low accuracy. Additionally, the AAE and SD of this 
model are 0.83 and 1.48, respectively. These indicators show a high dispersion of the data 
points. Consequently, the observations from the assessment of this model are similar to the 
observations of the previous models studied in this section, except for the Tobbi et al. (2012) 
model, Afifi et al. (2014a) and (2014b) models. 
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Figure III.15: Assessment results of Khan et al. (2016) model of FRP-RC compressive 

members. 

 

III.4.13. Hadhood et al. model 

The statistical evaluation of the Hadhood et al. (2017) model is conducted using the 
collected dataset. The results obtained are depicted in Figure III.16. According to this figure, 
the value of R² = 0.34, indicates a poor correlation between the estimated and test values. This 
observation is clearly illustrated by the distribution of the majority of the data points below 
the diagonal 45° line. Additionally, the RMSE and MAE provide high values of 1380.89 kN 
and 960.00 kN, respectively, confirming the low accuracy of this model in predicting the 
experimental values. Moreover, this model exhibits a random scatter of points below the 45° 
diagonal and outside the upper limit line of 40%. This observation can be explained by the 
high values of AAE = 1.00 and SD = 1.70. The statistical indices indicate the weak 
performance of this model, which remains significantly lower compared to all other models. 
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Figure III.16: Assessment results of Hadhood et al. (2017) model of FRP-RC compressive 

members. 
 

III.4.14. Mohammed et al. model 

Mohammed et al. (2014a) model is evaluated using the developed database. The outcomes 
are depicted in Figure III.17. According to this figure, the ALCC model's performance yields 
an R² value of 0.70, indicating a weak correlation between predicted and experimental values. 
This finding is evident from the dispersion of most points over the 45° diagonal. Similarly, 
the other statistical indices of RMSE = 909.17 kN and MAE = 662.19 kN present very high 
values; this indicates a poor and random distribution of the model, as indicated by AAE = 
0.80 and SD = 1.44. Therefore, the performance of this model remains better than the Tobbi et 
al. (2012), Afifi et al. (2014a) and (2014b), Hadhood et al. (2017) models, and similar to the 
others previously mentioned. 
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Figure III.17: Assessment results of Mohammed et al. (2014a) of FRP-RC compressive 

members. 

III.4.15. Mohammed et al. model 

Figure III.18 presents the assessment of the axial capacity model developed by Mohammed 
et al. (2014b) using the 308 test results compiled from the literature. From this figure, it can 
be observed that this model provides relatively similar statistical index values as the 
Mohammed et al. (2014b) model (see Figure III.17). Consequently, we can deduce that the 
performance of the Afifi et al. (2014b) model is also better than the Tobbi et al. (2012), Afifi 
et al. (2014a), Afifi et al. (2014b) and Hadhood et al. (2017) models, and similar to the others 
previously mentioned. 

 

 
Figure III.18: Assessment results of Mohammed et al. (2014b) of FRP-RC compressive 

members. 
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III.4.16. Xue et al. model 

In 2018, Xue et al. introduced a novel expression to compute the ALCC of FRP-RC 
compressive members. This section evaluates the performance of this model using 308 
experimental data, as depicted in Figure III.19. The figure indicates an R² value of 0.70 
alongside higher values of indicators such as RMSE = 909.17 kN, MAE = 652.19 kN, AAE = 
0.80, and SD = 1.44. Additionally, the empirical prediction points may display an uneven 
distribution on both sides of the ideal line. These indices collectively signify the weak 
performance of this model, which aligns closely with the performance observed in all ALCC 
models assessed previously, except for the Tobbi et al. (2012), Afifi et al. (2014) a and b and 
Hadhood et al. (2017) models. 

 

 
Figure III.19: Assessment results of Xue et al. (2018) model of FRP-RC compressive 

members. 
 
From this section, it can be concluded that all 15 existing models predict the ALCC of 

FRP-RC compressive members significantly higher compared to that of tests. In other words, 
the previous models predict the ALCC of FRP- RC compressive members more 
conservatively. Moreover, the results obtained from these models have a large Scattering with 
small values of R² ranging from 0.34 to 0.70 and low accuracy with high values of errors. 
This discrepancy is likely due to the effects of eccentricity was not considered in the 
published formulas. 
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III.5. DEVELOPING THE NEW PREDICTIVE AXIAL LOAD-CARRYING 
CAPACITY MODELS  

III.5.1. Confinement mechanism of FRP-RC columns 

The transverse confinement stress (𝑓2) which is uniform throughout the external surface of the 
samples due to continuous confinement, delivered by the lateral ties or spirals is enhanced 
proportionately with the hoop rupture strain till damage of ties or spirals. Figure III.20 shows 
the confinement stress derived by considering the mechanism of the lateral confinement of 
FRPs. Thus, the confinement stress (𝑓2) can be expressed by Eq. (III.21). 
 

𝑓2 =
2𝐴)$𝑓)$
𝑠𝑑-

 (III.21) 

Where 𝐴)$ is the cross-sectional area of GFRP spirals, 𝑓)$ is the ultimate strength of FRP 
spirals, 𝑑- is the diameter of concrete core confined with FRP spirals, and ‘𝑠’ is the center to 
center spacing of FRP spirals. 

 
Figure III.20: Lateral stress due to FRP-transverse reinforcement. 

 
The FRP spirals or ties provide non-uniform lateral confinement along with the height of 

the columns like FRP spiral strip-confinement or FRP ring-confinement for the concrete 
columns acting as an arching effect along the longitudinal axis of the members. Figure III.21 
shows the arching action along with the height of the columns. The parameter 𝑓2 due to lateral 
confinement of FRP ties or spirals can be specified for the effective region of the core only 
dividing the whole core material into two different areas; first is the effectively confined area 
and the second is ineffective confined area. The slope of the curve for the arching effect of the 
effectively confined area of the core is usually taken as 45o from the horizontal axis as shown 
in Figure III.21 (Mander et al. 1988, Sheikh and Uzumeri 1980). The lateral arching 
mechanism lies between the successive turns of the FRP spirals or ties defining a new 

fl

dc
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coefficient known as the effective coefficient (𝑘+) that can be described as the ratio of 
effective confinement area (𝐴-) to the ineffective confinement area between the FRP spirals 
or ties (𝐴--). The relationships for the coefficient 𝑘+ and areas 𝐴- and 𝐴-- are represented by 
Eqs. (III.22-III.24), respectively. 

 

𝑘5 =
𝐴6
𝐴##

=

⎩
⎪
⎨

⎪
⎧ J1 − 73

894
K
8

(1 − 𝜌##)
M ; 	for	tied	column

J1 − 73

894
K
(1 − 𝜌##)

M 	; 	for	spiral	column

 (III.22) 
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8
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𝜋
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𝑠"
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 (III.23) 

 

𝐴## =
𝜋
4
𝑑#8(1 − 𝜌##) (III.24) 

 

  
(a) (b) 

Figure III.21: Arching effect of lateral FRP-reinforcement (a) spiral column (b) tied column 
(Berradia et al. 2023). 

III.5.2. Developing the predictive model using general regression analysis 
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This research primarily concentrates on formulating an empirical model to predict the 
ultimate axial capacity of FRP-RC compressive members under concentric and eccentric 
compression loads. Prior research has introduced several models for predicting the peak axial 
load-carrying capacity (ALCC) of FRP-RC compressive members. It's noteworthy that the 
concrete contribution to the empirically determined ALCC of FRP-RC compressive members 
remains consistent across all the proposed formulas. In essence, the variations in the 
empirically determined values of 𝑃! for FRP-RC compressive members primarily stem from 
the differing concepts used in the various formulations to evaluate the contribution of FRP 
main bars. Among these models, fifteen formulations were taken from the literature and 
reported in Table III.1. For example, ACI 440.1R-15 provided no recommendations for the 
contribution of longitudinal FRP bars. The CSA S806-12 allows for the longitudinal 
reinforcement of concrete compressive members with FRP bars. However, it recommends 
ignoring the influence of the FRP bars when capturing the peak ALCC of FRP-RC 
compressive members. Nevertheless, numerous research studies have found that neglecting 
the contribution of FRP main bars in compression could lead to a significant disparity 
between the empirically calculated ALCC and the experimentally obtained one for FRP-RC 
compressive members (Tobbi et al. 2012, Afifi et al. 2014 and Hadi et al. 2016). Thus, 
several researchers suggested including the contribution of FRP main bars in the peak axial 
capacity of FRP-RC compressive members through different methods. One method is to 
obtain the stress in the FRP bars by assuming a linear stress-strain relationship (that is 𝜎'($ 	=
	𝐸	'($ ×	𝜀'($). Maranan et al. (2016) Eq. (III.9), Xue et al. (2018) Eq. (III.10), and 
Mohammed et al. (2014) (a and b) Eq. (III.11 and III.12), Samani and Attard (2012) Eq. 
(III.13), and Hadhood et al. (2017) Eq. (III.15) have been estimated the axial load supported 
by FRP main bars based on the axial strain (𝜀'($) in the FRP bars as well as their stiffness 
(𝐸'($), given by 𝜀'($ 𝐸'($ 𝐴'($. However, Maranan et al. (2016), Xue et al. (2018), 
Mohammed et al. (2014) (a and b) suggested taking 𝜀'($ = 0.002, Samani and Attard (2012) 
recommended taking 𝜀'($ = 0.0025, and Hadhood et al. (2017) suggested taking 𝜀'($ =
0.0035. Whereas, other researchers such as Tobbi et al. (2012) Eq. (III.5), Afifi et al. 
(2014a), and Afifi et al. (2014b) Eq. (III.7 and III.8) have considered the contribution of FRP 
main bars by adding the axial load supported by FRP main bars, given by 𝛼'($ 𝑓'($ 𝐴'($, 

where 𝑓'($  is the tensile strength of the FRP bars, and 𝛼'($ is the reduction factor that shows 
the ratio between the strength of the FRP bar under compression and the tension strength of 
the FRP bars. Tobbi et al. (2012) and Afifi et al. (2014b) suggested taking 𝛼'($ = 0.35, and 

Afifi et al. (2014a) recommended taking 𝛼'($ = 0.25. It should be noted that several research 
studies have proposed different models for the ALCC, all based on a limited set of test data. 
Consequently, there is no consensus among previous research studies regarding a unified 
model to predict the ultimate ALCC of FRP-RC compressive members. This diversity can 
also be attributed to variations observed in the response of FRP bars when subjected to axial 
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compression. On the other hand, no model exists in the literature to capture the axial capacity 
of FRP-RC compressive members under both concentric and eccentric compression loads. In 
this section, a new and simple model was developed to estimate the peak ALCC of FRP-RC 
compressive members based on regression analysis. Considering that the confinement effect 
of internal FRP bars on core concrete varies under different core concrete strengths, section 
forms, restraint levels, and concentric and eccentric compression loads (Ma et al. 2022). This 
method was employed to simulate the relationship between the input parameters (independent 
variables) and the output parameter (ALCC of FRP-RC compressive members), which is the 
dependent variable. It should be noted that linear regression is one of the most commonly 
used equations in statistical procedures. In this context, the general form of linear regression 
that can be used to fit the independent and dependent variables is expressed as follows: 
 

𝒀 = 𝒂𝒐 + 𝒂𝟏𝑿𝟏 + 𝒂𝟐𝑿𝟐 + 𝒂𝟑𝑿𝟑 +⋯+ 𝒂𝒏𝑿𝒏 (III.25) 

Or, 

𝒀 = 𝒂𝒐 + 𝒂𝑿 (III.26) 

Where 𝑌 is the output parameter (i,e., the dependent variable), 𝑋,, 	𝑋8, 	𝑋9, … 	𝑋/  are the 
input parameters (i,e., independent variables), 𝑎. and 𝑎 are the regression coefficients 
(Berradia et al. 2021, Berradia et al. 2022 and Berradia et al. 2023). 

Where 𝑎 = [𝑎,	𝑎8	𝑎9… . 𝑎/] 

Microsoft Office Excel (Version 10) was used to propose the new expression. To assess 
the optimal model, five performance indices, which include goodness of fit (R²), root mean 
square error (RMSE), mean absolute error (MAE), Average absolute error (AAE), and 
standard deviation (SD), were used to measure the accuracy of the predictive model, as was 
done to evaluate the fifteen existing models. The expressions of these indicators are given by 
Eqs. (III.16-III.20). 

The general form of the developed ALCC model was expressed by the following 
expression: 

 
𝑷𝒖 = 𝜶𝒇;𝒄O𝑨𝒈 − 𝑨𝒇𝒓𝒑R + 𝜺𝒓𝒆𝒈𝑬𝒇𝒓𝒑𝑨𝒇𝒓𝒑 (III.27) 

 
Where 𝛼 is the reduction factor indicating the ratio between the strength of the FRP bar 

under compression and the tension strength of the FRP bas, 𝜀(%& represents the axial strain in 
the FRP bar, 𝐴& is the area of cross-section, 𝐴'($ is the cross-sectional area of the FRP 
reinforcing bar. 
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A regression analysis has been conducted based on the available experimental data with 
eccentricity equal to 0, reported in Table III.2 to obtain the reduction factor 𝛼 and the optimal 
strain value 𝜀(%& for the use in Eq. (III.27)  

The regression analysis yielded 𝛼 and 𝛽 values of 0.85 and 0.0037, respectively. These 
values were used in Eq. (III.27) to calculate the carrying capacity of FRP-reinforced concrete 
compressive members under concentric compression loads. The final formula is expressed as 
follows: 

 
𝑷𝒖 = 𝟎. 𝟖𝟓𝒇;𝒄O𝑨𝒈 − 𝑨𝒇𝒓𝒑R + 𝟎. 𝟎𝟎𝟑𝟕𝑬𝒇𝒓𝒑𝑨𝒇𝒓𝒑 (III.28) 

 
In this second part, the peak axial capacity was calculated for FRP-reinforced concrete 

compressive members at different eccentricity levels based on regression analysis. The 
calculation was applied on 294 FRP-RC compressive member samples reported in Table III.2 
(14 FRP-RC compressive member samples were ignored). For this calculation, the Eq. 
(III.28) developed for the concentric compressive member was adopted. 

According to Mahmoudabad et al. (2024) work, the increment in the eccentricity value 
reasonably decreased the axial capacity of the samples. For this reason, the proposed unified 
expression (model II) for calculating the peak axial capacity of FRP-RC compressive 
members at different eccentricity levels is formulated as follows: 

 
𝑷𝒖 = 𝟎. 𝟖𝟓𝒇;𝒄O𝑨𝒈 − 𝑨𝒇𝒓𝒑R + 𝟎. 𝟎𝟎𝟑𝟕𝑬𝒇𝒓𝒑𝑨𝒇𝒓𝒑 − 𝜸(𝒆/𝒉) × 𝜹 × 𝒏 (III.29) 

 
Where (𝑒 ⁄ ℎ) is the eccentricity-sample dimension ratio and n is the number of FRP bars. 
Through regression analysis of the experimental data with eccentricity-sample dimension 

ratio (𝑒/ℎ) ranges from 0 to 1, reported in Table III.2, the coefficient 𝛾 and 𝛿 values were 
obtained. 

The final expression for calculating the peak axial capacity of FRP-reinforced concrete 
compressive members at different eccentricity levels is expressed as follows: 

 
𝑷𝒖 = 𝟎. 𝟖𝟓𝒇;𝒄O𝑨𝒈 − 𝑨𝒇𝒓𝒑R + 𝟎. 𝟎𝟎𝟑𝟕𝑬𝒇𝒓𝒑𝑨𝒇𝒓𝒑 − 𝟓, 𝟎𝟐𝟐(𝒆/𝒉) × 𝟏𝟎𝟎 × 𝒏 (III.30) 

 
Figure III.22 compares the predicted values of the peak axial capacity of FRP-RC samples 

with (𝑒/ℎ	 = 	0) and FRP-RC samples with (𝑒/ℎ) ranges from 0 to 1 obtained by Eq. (III.28) 
and Eq. (III.30), respectively, and the experimental values. From this figure, it can be seen 
that the equality line (black line) is surrounded by most of the data points. The model I has R² 
= 0.97, RMSE = 387.27 kN, MAE = 214.20 kN, AAE = 0.10, and SD = 0.15 and the model II 
has R² = 0.88, RMSE = 635.75 kN, MAE = 405.08 kN, AAE = 0.31, and SD = 0.52. These 
indicator values show that the predicted value of the carrying capacity of the compressive 
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members is in good agreement with the experimental value, which indicates that the models 
of carrying capacity proposed in this work have good predictability. 

 

  
a- Sample with (𝒆 𝒉⁄ = 𝟎) Sample with (𝒆 𝒉⁄ ) ranges from 0 to 1 

Figure III.22: Comparison between the predicted value and the experimental value of the 
carrying capacity of samples. 

 

III.5.3. Developing the predictive model using eXtreme Gradient Boosting approach 

III.5.3.1. Description of the eXtreme Gradient Boosting approach 
XGBoost, short for eXtreme Gradient Boosting, is an ensemble machine-learning 

algorithm rooted in decision trees, essentially a composite predictor formed from numerous 
smaller predictors (Chen and Guestrin 2016). XGBoost consists of a collection of 
classification and regression trees, representing one of the most advanced and effective 
machine learning techniques developed in recent years. XGBoost constructs a sequential 
sequence of weak learners, with each learner trying to complement the others and correct any 
errors in the predictions made by preceding learners. XGBoost can manage missing data and 
utilizes regularization techniques to mitigate overfitting in individual predictors. It boasts a 
speedy implementation and achieves cutting-edge accuracy in both regression and 
classification tasks. Ultimately, XGBoost proves to be a potent approach for modeling 
nonlinear relationships (Bakouregui et al. 2021). The mathematical development model of 
XGBoost is shown as follows. 

XGBoost represents an advanced enhancement of Friedman's original gradient-boosted 
trees model Friedman (2001). It employs an additive approach, wherein, for a dataset with n 
samples and m features denoted as 𝑫 = {(𝑿𝒊, 𝒀𝒊)}, the prediction is expressed as follows: 

𝒚n𝒊 =o𝒇𝒌

𝒌

𝒌D𝟏

(𝑿𝒊), 𝒇𝒌 ∈ 𝑭 (III.31) 
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Where F is the space of the regression tree, given by the following expression: 

𝑭 = r𝒇(𝑿) = 𝒘𝒒(𝒙)u (III.32) 

and 𝒌 is the number of trees, Each 𝒇𝒌 corresponds to an independent tree structure 𝒒	 and leaf 
weights 𝒘. 

The aim formulation is 

𝑳 = 	o𝒍(𝒚n𝒊, 𝒚𝒊)
𝒊

+o𝛀(𝒇𝒌)
𝒌

 (III.33) 

The prediction of the 𝒊 − 𝒕𝒉 instance at the 𝒕 − 𝒕𝒉 iteration is 

𝒚n𝒊
(𝒕) = 𝒚n𝒊I𝟏

(𝒕I𝟏) + 𝒇𝒍(𝑿𝒊) (III.34) 

Therefore, the aim formulation can be expressed as follows: 

𝑳(𝒕) =o𝒍}𝒚𝒊, 𝒚n𝒊
(𝒕I𝟏) + 𝒇𝒕(𝑿𝒊)~

𝒏

𝒊D𝟏

+𝛀(𝒇𝒌) (III.35) 

Where 

𝛀(𝒇𝒌) = 𝜸𝑻 +
𝟏
𝟐𝝀o𝒘𝒋

𝟐
𝑻

𝒋D𝟏

 (III.36) 

XGBoost utilyzes second-order Taylor approximation to optimize the aim formulation: 

𝑳(𝒕) ≃o�𝒍 �𝒚𝒊, 𝒚n𝒊
(𝒕I𝟏) + 𝒈𝒊𝒇𝒕(𝑿𝒊) +

𝟏
𝟐𝒉𝒊𝒇𝒕

𝟐(𝑿𝒊)��
𝒏

𝒊D𝟏

+𝛀(𝒇𝒌) (III.37) 

Where 

𝒈𝒊 =
𝝏𝒍}𝒚𝒊, 𝒚n𝒊

(𝒕I𝟏)~

𝝏𝒚n𝒊
(𝒕I𝟏)  (III.38) 

And 

𝒉𝒊 =
𝝏𝟐𝒍}𝒚𝒊, 𝒚n𝒊

(𝒕I𝟏)~

𝝏𝒚n𝒊
(𝒕I𝟏)  (III.39) 

The final aim formulation is given as follows: 

𝑳� (𝒕) =o��𝒈𝒊𝒇𝒕(𝑿𝒊) +
𝟏
𝟐𝒉𝒊𝒇𝒕

𝟐(𝑿𝒊)��
𝒏

𝒊D𝟏

+ 𝜸𝑻 +
𝟏
𝟐𝝀o𝒘𝒋

𝟐
𝑻

𝒋D𝟏

 (III.40) 
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𝑳� (𝒕) =o��o𝒈𝒊
𝒊∈𝑰𝒋

�𝒘𝒋 +
𝟏
𝟐�o𝒉𝒊 + 𝝀

𝒊∈𝑰𝒋

�𝒘𝒋
𝟐�

𝑻

𝒋D𝟏

+ 𝜸𝑻 (III.41) 

The optimal weight 𝒘𝒋
∗ and the corresponding optimal value 𝑳� (𝒕)(𝒒) leaf j are, respectively, 

𝒘𝒋
∗ = −

∑ 𝒈𝒊𝒊∈𝑰𝒋

∑ 𝒉𝒊 + 𝝀𝒊∈𝑰𝒋
 (III.42) 

 

𝑳� (𝒕)(𝒒) = −
𝟏
𝟐o

}∑ 𝒈𝒊𝒊∈𝑰𝒋 ~
𝟐

∑ 𝒉𝒊 + 𝝀𝒊∈𝑰𝒋

𝑻

𝒋D𝟏

+ 𝜸𝑻 (III.43) 

 
It's important to acknowledge that there are numerous programs available for data science and 
machine learning, with Python emerging as one of the most widely used programming 
languages. In this study, we employed the Python XGBoost library (Chen and Guestrin 2016) 
for tasks ranging from data preprocessing to model training and testing. Additionally, all data 
were initially arranged in Excel format (.xlsx) and subsequently imported and analyzed in 
Python utilizing the pandas package (Bakouregui et al. 2021). 

III.5.3.2. Detail of modeling 
eXtreme Gradient Boosting (XGBoost) technique was utilized to obtain a meanihful 

relationship between the axial capacity of FRP-reinforced concrete compressive members and 
numerical and categorical variables presented in Table III.2. It should be noted that the 
XGBoost algorithm is suitable for processing numerical values. For this work, categorical 
independent parameters such as cross-section type of concrete (𝑺𝒕𝒚𝒑𝒆), form of tie bar 

(𝑭𝒐𝒓𝒎), type of longitudinal FRP reinforcement (𝒍𝒕𝒚𝒑𝒆) and type of transverse FRP 
reinforcement (𝒕𝒕𝒚𝒑𝒆) were changed into new numerical independent parameters with the one 
hot encoding process before the start of the training and testing processes. 

The XGBoost algorithm's basic model was chosen to be decision trees. The experimental 
dataset was divided into two groups at random to improve the model's capacity for 
generalization and reduce frequent problems such as overfitting. The testing group (20% or 61 
FRP-RC samples) was set aside to evaluate the performance of the final XGBoost model on 
unobserved data, whereas the training group (80% or 247 FRP-RC samples) was used for 
modeling. The XGBoost methodology is shown in Figure III.23. 

A statistical evaluation was conducted to assess the performance and agreement of 
XGBoost model predictions using different statistical indicators such as coefficient of 
determination (R²), root mean square error (RMSE), mean absolute error (MAE), average 
absolute error (AAE), and standard deviation (SD) given by Eqs. (III.16-III.20). Then after, 
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the best XGBoost model was derived by measuring statistically the goodness of fit and error 
values. 

 

 
Figure III.23: Flow chart of XGBoost methodology. 

 

III.5.3.3. Discussion of research findings 
The regression results for the XGBoost model are illustrated in Figure III.24 and Table 

III.4. It can be seen from this figure that there is a strong correlation coefficient (R²) (0.98 for 
training, 0.96 for testing, and 0.98 for whole) between the calculated and experimental values. 
In addition, the developed model is accurate enough to predict the axial capacity of FRP-
reinforced concrete compressive members at different eccentricity levels. The developed 
XGBoost model presented the statistical indicators of RMSE = 222.52 kN, MAE = 
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123.97 kN, AAE = 0.10, SD = 0.13 for the training process, RMSE = 370.01 kN, MAE = 
225.26 kN, AAE = 0.14, SD = 0.18 for the testing process, and RMSE = 259.05 kN, MAE = 
144.36 kN, AAE = 0.11, SD = 0.14 for the whole datasets, as reported in Table III.4. 

 

  

 
Figure III.24: Grid regression diagram after training. 

 
Table III.4: A summary of performance indicators of the XGBoost algorithm. 

Training set Testing set All set 
R² 0.98 R² 0.96 R² 0.98 
RMSE (kN) 222.52 RMSE (kN) 370.01 RMSE (kN) 259.05 
MAE (kN) 123.97 MAE (kN) 225.26 MAE (kN) 144.36 
AAE 0.10 AAE 0.14 AAE 0.11 
SD 0.13 SD 0.18 SD 0.14 

 
Figures III.25 (a)-(c) compare the predicted values (𝑃$(%0) of the peak axial capacity of the 

FRP-RC compressive members obtained by the optimized XGBoost model and experimental 
values (𝑃%Q$). As it is presented in these figures, the relative difference between the predicted 
values (both from training, testing and whole sets) and the experimental values are very small, 
indicating a perfect agreement. Consequently, the prediction performance of the XGBoost 
model is excellent.  
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(a)  

 
(b)  

 
(c)  

Figure III.25: Comparison between XGBoost predicted value 𝑷𝒑𝒓𝒆𝒅 and 
experimental value 𝑷𝒆𝒙𝒑: (a) training data set, (b) testing data set, and (c) whole 

data set. 
 
From Figure III.26, the prediction capability of the developed model in terms of the 

normalized value (𝑃!,$(%0 𝑃!,%Q$⁄ ) vs. the experimental axial capacity ((𝑃!,UVW)) values can be 
illustrated. A ±20% error band is given in the graphic to show how the model's predictions and the 
experimental data differ from one another. As a reference point, the normalized value of 1.0 
denotes an ideal estimation. The data primarily forms a tight cluster around this ideal line, 
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indicating a close match between the experimental results and the predictions of the XGBoost 
model. 

 

 
Figure III.26: Prediction capability of the XGBoost model in terms of the normalized 

value vs. the experimental axial capacity value. 
 

III.5.3.4. Comparison of XGBoost and empirical models with existing models 
In Table III.5 and Figures III.27(a)-(e), the performance indicators R², RMSE, MAE, AAE, 

and SD of the models developed in this study and the previous research works (Table III.1) in 
predicting the peak axial capacity of FRP-reinforced concrete compressive members were 
compared. Table III.5 and Figure 27a visualizes that the proposed models have a better correlation 
between the predicted and experimental values (high R² values and very close to 1). On contrary, 
the other models give a low coefficient of determination R² values, ranging from 0.34 to 0.71. 
These findings show that the proposed models offer the best correlation compared to all of the 
other existing models. Table III.5 and Figure 27(b)-(e) illustrate the comparison between the error 
values between the proposed models and the fifteen existing models. Form these figures, it can be 
noted the RMSE values of ACI 440.1R-15, CSA S806-02, CSA S806-12, AS-3600, Tobbi et 
al.(2012), Tobbi et al.(2014), Afifi et al. (2014a), Afifi et al. (2014b), Maranan et al. (2016), Xue 
et al. (2018), Mohammed et al. (2014a), Mohammed et al. (2014b), Samani and Attard (2012), 
Khan et al. (2016), Hadhood et al. (2017) models are 909.12 kN, 909.12 kN, 846.58 kN, 909.18 
kN, 909.19 kN, 1128.73 kN, 1145.82 kN, 974.97 kN, 909.17 kN, 909.17 kN, 974.97 kN, 909.18 
kN, 925.94 kN, 1380.89 kN, respectively, whereas that of whole set of XGBoost and empirical 
models are only 259.05 kN and 635.75 kN, respectively. Similar to the RMSE results, the 
proposed models have much lower MAE, AAE and SD values compared to the findings obtained 
from the other expressions. According to these indicators, it can be noted that the calculated 
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results of the proposed models have a close agreement with the experimental results, which 
indicate the better accuracy of the proposed models in the prediction of the axial capacity of FRP 
bars reinforced concrete compressive members when compared to the existing expressions. 
Particularly, the XGBoost model exhibited outstanding performance with a high R²value of 0.98 
and minimal RMSE, MAE, AAE, and SD values of 259.05 kN, 144.36 kN, 0.11, and 0.14 
respectively, indicating excellent efficiency and accuracy compared to both the empirical model 
proposed and other existing models. This outcome highlights the ability of machine learning 
models to estimate the axial capacity of FRP-RC compressive members. Consequently, the 
XGBoost model offers a viable alternative method to empirical models for design applications. 

 
Table III.5: Performance indicators of existing design formulations. 

 
 
 
 

Model R² RMSE 
(kN) 

MAE 
(kN) AAE SD 

XGBoost model proposed 0.98 259.05 144.36 0.11 0.14 

Empirical model proposed 0.88 635.75 405.08 0.31 0.52 

ACI 440.1R-15 0.70 909.12 662.19 0.80 1.44 

CSA S806-02 0.70 909.12 662.19 0.80 1.44 

CSA S806-12 0.71 846.58 651.92 0.74 1.33 

AS-3600 0.70 909.18 662.19 0.80 1.44 

Tobbi et al. (2012) 0.61 1245.82 861.72 1.10 1.86 

Tobbi et al. (2014) 0.70 909.19 662.19 0.80 1.44 

Afifi et al. (2014a) 0.63 1128.73 754.62 1.00 1.74 

Afifi et al. (2014b) 0.61 1145.82 861.72 1.10 1.86 

Maranan et al. (2016) 0.70 974.97 677.80 0.86 1.53 

Xue et al. (2018) 0.70 909.17 652.19 0.80 1.44 

Mohammed et al. (2014a) 0.70 909.17 662.19 0.80 1.44 

Mohammed et al. (2014b) 0.70 974.97 677.80 0.86 1.53 

Samani and Attard (2012) 0.70 909.18 662.19 0.80 1.44 

Khan et al. (2016) 0.70 925.94 662.47 0.83 1.48 

Hadhood et al. (2017) 0.34 1380.89 960.00 1.00 1.70 
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(a) 

 
(b) 

 
(c) 

Figure III.27: Continued. 
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(d) 

 
Figure III.27: Comparison of performance indicators of developed and existing models in 
predicting the ultimate axial capacity of FRP-reinforced concrete compressive members. 
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III.5.4. Developing the predictive model using random forest (RF) regression 

In this section, a machine learning model was employed to predict the axial load-carrying 
capacity of FRP-reinforced concrete columns, categorized into tree-based models. The tree-
based category included the Random Forest (RF) regression (Abda et al. 2022, Huang and 
Hsieh 2020). To identify the accuracy of proposed model for predicting the load-carrying 
capacity of FRP-reinforced concrete columns, the results from RF model was compared with 
fifteen empirical models, as shown in Table III.1. 

III.5.4.1. Description of the random forests regressor  
Random Forests are a machine learning method primarily used for classification and 
regression. They are based on building a collection of decision trees, each trained on a random 
subset of the data. The RF has three working principles: 

1- Bootstrap Sampling: 
Bootstrap sampling in Random Forest regression involves creating multiple random 

samples of the training dataset through sampling with replacement. Each sample is used to 
train an individual decision tree, allowing for diversity in the training data and helping to 
mitigate overfitting. In this stage, for each decision tree, a random sample of data is drawn 
with replacement (bootstrap method). Let 𝐷 be the original dataset. For each tree 𝑖, a subset 
𝐷1 	s created 

𝐷1 = {𝑥,, 𝑥8, 𝑥9, … . . , 𝑥/	}	ouˋ	𝑥X ∼ D										 (III.44) 

2- Tree Construction: 
• Each decision tree is constructed using a random subset of features at each split, which 

introduces diversity among the trees and helps prevent overfitting. 
• The splitting criteria for regression trees often use mean squared error (MSE) to 

minimize prediction error. 

3- Prediction: 
• The aggregation of predictions in Random Forest regression refers to combining the 

output of all individual trees to produce a final prediction. This is done by averaging 
the predictions from each tree, which helps to smooth out errors and provides a more 
accurate and stable estimate of the target variable. For a given input	𝑥, each tree in the 
forest produces a prediction	𝑓(𝑥). The final prediction is the average of all individual 
tree predictions: 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 =
1
𝑇 (III.45) 

Where 𝑇 is the total number of trees. 
The RF methodology is shown in Figure III.28. 
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Figure III.28: Random Forests: Training and test processes. 

III.5.4.2. Discussion of research findings 
Figure III.29 illustrates the relationship between the measured and predicted values of the 

axial load-carrying capacity (ALCC) of FRP-RC columns laterally strengthened with FRP ties 
or spirals. The visualization reveals a strong alignment between the measured data and the 
outputs predicted by the RF model, indicating a high degree of agreement. This confirms that 
the RF model is effective in accurately predicting the ALCC of FRP-RC columns reinforced 
with FRP ties or spirals. 

  
Figure III.29: Performance of RF model. 

The results in Table III.6 reveal significant differences in the predictive accuracy of the 
various models for estimating the axial load-carrying capacity (ALCC) of FRP-reinforced 
concrete columns. The developed Random Forest (RF) model stands out with an 
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exceptionally high R² value of 0.98, indicating a strong correlation between predicted and 
actual values and demonstrating that it accounts for nearly all the variability in the data. In 
contrast, the empirical formulas exhibit R² values ranging from 0.34 to 0.71, with the highest 
value reflecting only a moderate correlation, suggesting that these formulas fail to capture the 
underlying data trends consistently (Table III.6). Furthermore, the Root Mean Square Error 
(RMSE) for the RF model is 282.11 kN, indicating relatively accurate predictions, whereas 
the empirical formulas show significantly higher RMSE values, with the worst performer 
(Hadhood et al. 2017) reaching 1380.89 kN (Table III.6). This discrepancy highlights the 
unreliability of the empirical models. Similarly, the Mean Absolute Error (MAE) for the RF 
model is 131.32 kN, suggesting that the absolute differences between predicted and actual 
values are minimal. In contrast, the MAE for the empirical formulas varies widely, with 
values as low as 652.19 kN and as high as 961.00 kN, further emphasizing the RF model's 
superior performance (Table III.6). The superior performance of the RF model is clearly 
shown by the concentration of data points closer to the 45° diagonal (Figure III.30). Overall, 
these results underscore the effectiveness of machine learning approaches, particularly the RF 
model, in providing more accurate and reliable predictions compared to traditional empirical 
methods. 

 
Table III.6: Predictive accuracy of machine learning model, design codes and exiting 

empirical formulas. 

Models Statistical metrics 
R² RMSE 

(kN) 
MAE 
(kN) 

AAE SD 
Developed RF model 0.98 282.11 131.32 0.12 0.07 
ACI 440.1R-15  0.70 909.12 662.19 0.80 1.44 
AS-3600   0.70 909.18 662.19 0.80 1.44 
CSA S806-02  0.70 909.12 652.19 0.80 1.44 
CSA S806-12  0.71 846.58 651.92 0.74 1.33 
Tobbi et al. (2012) 0.61 1245.82 861.72 1.10 1.86 
Tobbi et al. (2014) 0.70 909.19 662.19 0.80 1.44 
Afifi et al. (2014a) 0.63 1128.73 754.62 1.00 1.74 
Afifi et al. (2014b) 0.61 1145.82 861.72 1.10 1.86 
Maranan et al. (2016) 0.70 974.97 677.80 0.86 1.53 
Xue et al. (2018) 0.70 909.17 652.19 0.80 1.44 
Mohammed et al. (2014a) 0.70 909.17 662.19 0.80 1.44 
Mohammed et al. (2014b) 0.70 974.97 677.80 0.86 1.53 
Samani and Attard. (2012) 0.70 909.18 662.19 0.80 1.44 
Khan et al. (2016) 0.70 925.94 662.47 0.83 1.48 
Hadhood et al. (2017) 0.34 1380.89 960.00 1.00 1.70 
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(a) ACI 440.1R-15 (b) AS-3600  (c) CSA S806-02  

   
(d) CSA S806-12  (e) Tobbi et al. (2012) (f) Tobbi et al. (2014) 

   
(g) Afifi et al. (2014a) (h) Afifi et al. (2014b) (i) Maranan et al. (2016) 

   
(j) Xue et al. (2018) (k) Mohammed et al. 

(2014a) 

(l) Mohammed et al. 
(2014b) 

Figure III.30 : Continued 
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(m) Samani and Attard. 

(2012) 
(n) Khan et al. (2016) (o) Hadhood et al. (2017) 

 

 

 

 (p) Developed RF model  
Figure III.30 : Evaluation of all considered predictive models. 

Figure III.31 (a-d) presents a comparison of the accuracy metrics RMSE, MAE, AAE, and 
SD, defined in Eqs. (8-11), respectively, for both the proposed RF model and 15 existing 
formulas used to predict the axial capacity of FRP-RC columns laterally strengthened with 
FRP ties or spirals. The histogram in Figure III.31a shows the RMSE values for the RF model 
compared to the 15 empirical formulas previously discussed. From this, it can be observed 
that the RF model yields the lowest RMSE value of 282.11 kN, indicating that it provides the 
best fit. 

FigureIII.31b compares the MAE values of the proposed RF model with those of the 15 
existing formulas for predicting the ultimate capacity. The histogram shows that the RF model 
achieves an MAE of 131.32 kN, whereas the MAE values for the existing formulas range 
from 652.19 kN to 960.00 kN, confirming the high accuracy of the RF model. 

Similarly, Figure III.31c highlights the AAE values of the RF model in comparison with 
the 15 existing formulas. The RF model achieves a minimum AAE of 0.12, while the AAE 
values of the existing formulas range from 0.74 to 1.10. This further supports the accuracy of 
the RF model in estimating the peak load of FRP-RC columns strengthened with FRP ties or 
spirals. 

Additionally, Figure III.31d compares the standard deviation (SD) values between the RF 
model and the 15 empirical formulas. The RF model has the lowest SD of 0.07, while the SD 
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values of the existing formulas range from 1.33 to 1.86. This demonstrates that the RF model 
provides a better dispersion between the actual and predicted data. 

In conclusion, the RF regression model shows superior performance in predicting the 
ultimate capacity of FRP-RC columns laterally confined with FRP ties or spirals. It excels in 
correlation, precision, fit, and error dispersion compared to the 15 existing empirical 
formulas. 

 

 
Figure III.31: Comparison of obtained statistical indicators of all considered models. 

 
The Taylor diagram presented in the Figure III.32 provides a comprehensive comparison 

of the predictive performance of the developed Random Forest (RF) model and various 
empirical formulas for estimating the axial load-carrying capacity (ALCC) of FRP-reinforced 
concrete columns. The RF model, depicted as a black square, stands out as the best-
performing approach, exhibiting the highest correlation coefficient and the standard deviation 
closest to the actual data represented by the black star. This demonstrates the superior ability 
of the RF model to accurately capture the underlying relationships in the data, outperforming 
the empirical formulas shown. Among the empirical models, the ACI 440.1R-15, AS-3600, 
CSA S806-02, and CSA S806-12 formulas show relatively better performance, with higher 
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correlation coefficients and standard deviations closer to the actual data compared to the other 
empirical approaches. However, these formulas still fall short of the RF model's exceptional 
predictive accuracy. 

In contrast, the empirical formulas proposed by Tobbi et al. Afifi et al. and Hadhood et al. 
exhibit lower correlation and higher standard deviation compared to the top-performing 
models, indicating their limited ability to reliably estimate the ALCC of FRP-reinforced 
concrete columns. The clear visual representation provided by the Taylor diagram highlights 
the significant advantage of the developed RF model over the traditional empirical methods, 
underscoring the potential of machine learning techniques in enhancing predictive modeling 
in structural engineering applications. 

 

 
Figure III.32: Comparing predictive performance of machine learning and empirical models 

for FRP-reinforced concrete column axial load capacity. 
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III.6. CONCLUSION 

The present study aimed to assess the load-carrying capacity of reinforced concrete (RC) 
compressive members reinforced with FRP bars at varying eccentricity levels, using both 
empirical modelling and the eXtreme Gradient Boosting (XGBoost) algorithm. A comprehensive 
dataset comprising 308 test results on FRP-RC compressive members subjected to concentric and 
eccentric compression loads was analyzed. Utilizing this dataset, new empirical models and an 
XGBoost algorithm were developed to predict the load-carrying capacity of FRP-RC compressive 
members. These models are applicable to cases with eccentricity ratios (e/h) ranging from 0 to 1.  

The key conclusions drawn from this investigation are as follows: 
1. A statistical evaluation of 15 existing models for predicting axial load-carrying capacity 

(ALCC) in FRP-reinforced concrete compressive members revealed that these models 
tend to overestimate capacity compared to test results, showing conservative estimates. 
Additionally, the predictions from these models displayed significant variability, with low 
R² values ranging from 0.34 to 0.70 and high error rates. This discrepancy is likely due to 
the lack of consideration for eccentricity effects in the existing formulas. 

2. A regression analysis was conducted to derive new, simplified equations for calculating 
ALCC in FRP-RC compressive members. First, an expression specific to members under 
concentric compression was developed, incorporating the impact of FRP bars' axial strain 
(εfrp) and stiffness (Efrp). Then, a unified expression for both concentric and eccentric 
compression loads (e/h from 0 to 1) was created, accounting for eccentricity effects. 

3. The proposed empirical models demonstrated robust predictive performance over the test 
dataset. The first model, designed for concentric loading, achieved R² = 0.97, RMSE = 
387.27 kN, MAE = 214.20 kN, AAE = 0.10, and SD = 0.15, indicating high precision and 
consistency. The second model, suitable for both concentric and eccentric loading, 
showed R² = 0.88, RMSE = 635.75 kN, MAE = 405.08 kN, AAE = 0.31, and SD = 0.52, 
highlighting its effective predictability across a wider range of load conditions. 

4. The proposed XGBoost model exhibited exceptional predictive capability for the load-
carrying capacity of FRP-RC compressive members, achieving an R² value of 0.98 and 
low error values (RMSE = 259.05 kN, MAE = 144.36 kN, AAE = 0.11, SD = 0.14). This 
indicates the model’s superior precision and reliability in comparison to empirical models. 

5. When compared to existing formulas, the XGBoost model consistently outperformed 
empirical models in accuracy. This suggests that both the empirical and XGBoost models 
developed here offer reliable predictions for the load-carrying capacity of FRP-reinforced 
concrete compressive members under both concentric and eccentric loads, making them 
valuable tools for structural analysis and design applications. 

Our study contributes to a more nuanced understanding of the behavior of FRP-reinforced 
concrete (FRP-RC) compressive members by demonstrating the effectiveness of machine learning 
techniques, specifically the XGBoost model, in predicting peak axial capacity. This predictive 



Chapter III: Predicting the load-carrying capacity of concrete columns internally confined with FRP bars 

125 
 

accuracy advances our understanding of FRP-RC behavior under varying eccentricity levels by 
providing reliable and data-driven estimates for complex structural scenarios that traditional 
empirical models may struggle to capture. The findings underscore the potential for machine 
learning to handle nonlinear relationships and variability in FRP-RC performance, offering 
insights that could lead to improved design codes and standards for FRP-reinforced members. 

The same study set out to answer whether machine learning, specifically Random Forest 
(RF) regression, could accurately predict the axial load-carrying capacity (ALCC) of FRP-
reinforced concrete (FRP-RC) columns reinforced laterally with FRP ties or spirals, 
outperforming traditional empirical models. Through analyzing a dataset of 308 records, the 
RF model used eleven key input variables to predict the ultimate capacity of these columns 
with high precision. 

The results affirmatively answer the research question: the RF model not only closely 
aligned with actual test data but also outperformed fifteen existing empirical formulas, 
achieving a robust R² of 0.98 and lower errors across multiple metrics (e.g., RMSE of 282.11 
kN). These findings confirm that RF regression provides a reliable, more accurate approach to 
ALCC prediction, offering a practical tool for structural engineers and advocating for the 
broader integration of machine learning in civil engineering applications.  

The next chapter discusses the prediction of the axial load-carrying capacity of externally 
FRP-confined concrete-filled steel tube columns using hybrid deep learning models. 
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IV.1. INTRODUCTION 

The aim of the present chapter is to investigate the behavior of hybrid FRP-confined 
concrete filled-steel tube (CFST) columns with circular cross-sections. The study was carried 
out by gathering information through literature, which resulted eight existing design models 
and 250 experimental data. Moreover, advanced hybrid deep learning predictive models were 
developed to accurately predict the axial load-carrying capacity (ALCC) of FRP-confined 
CFST columns under compression loads. BiLSTM and CNN-BiLSTM were utilized for the 
developed ALCC models. The suggested models were validated against developed 
experimental database and previously suggested empirical equations to assess their accuracy 
and reliability. 

IV.2. REVIEW OF EXISTING MODELS OF FRP-CONFINED CFST COLUMNS 

In the last few decades, the behavior of FRP confined circular concrete filled steel tube 
columns was extensively investigated and various empirical models were developed to predict 
the axial load carrying capacities (Nu) of columns. In this section, eight existing design 
models suggested by Tao et al. (2007), Park et al. (2011), Che et al. (2012), , Lu et al. (2014), 
Dong et al. (2017), Ding et al. (2018), Tang et al. (2020), Ma et al. (2022), and are presented. 
It should be noted that all of these existing models function with two unified parameters, 
namely the confinement index of the steel tube (ξs) and the confinement index of the PRF 
wraps (ξf), which makes the comparison of these models convenient. The tow confinement 
indexes are calculated as follows: 

 

𝝃𝒔 =
𝑨𝒔𝒇𝒚
𝑨𝒄𝒇𝒄𝒐

 (IV.1) 

  

𝝃𝒇 =
𝑨𝒇𝒇𝒇
𝑨𝒄𝒇𝒄𝒐

 (IV.2) 

Where 𝑨𝒔= the steel tube section area, 𝒇𝒚= the yield strength of the steel tube, 𝑨𝒄= the area 

of the core concrete, 𝒇𝒄𝒐= the compressive strength of unconfined concrete, 𝑨𝒇= the FRP 

section area, 𝒇𝒇	= the tensile strength of FRP. 
Concerning the collected existing design expressions, more comprehensive clarifications 

are presented below. 
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IV.2.1. Tao et al. model 

To calculate the load-bearing capacity of CFRP confined CFST stub columns, Tao et al. 
(2007) developed a new model based on the expression suggested by Han et al. (2004) for 
circular CFST stub column and the expression proposed by Yu (2002) for CFRP-confined 
concrete. The new model developed is given by the following expression: 
 

𝑁& = (1 + 1.02𝜉')𝑓()𝐴'( + 1.15𝜉*𝑓()𝐴( (IV.3) 

Where 

𝐴'( = 𝐴' + 𝐴( (IV.4) 

 

IV.2.2. Park et al. model 

Park et al. (2011) compared two axial design formulas. For The first formula, by using the 
ACI 440R-96 codes, the expression for (𝑁&) of CFST confined by FRP is determined by the 
following expression: 

 
𝑁& = 𝐴'𝑓' + 𝐴(0.85𝑓′(( (IV.5) 

 
Where 𝒇′𝒄𝒄 = the compressive strength of confined concrete, it can be calculated by the 
equation suggested by Mander et al. (1988), which was originally developed for confinement 
provided by steel jacket. This equation is given as follows: 
 

𝒇′𝒄𝒄 = 𝒇𝒄𝒐 4𝟐. 𝟐𝟓7𝟏 + 𝟕. 𝟗
𝒇𝒍
𝒇𝒄𝒐

− 𝟐
𝒇𝒍
𝒇𝒄𝒐

− 𝟏. 𝟐𝟓< (IV.6) 

𝑓, = the lateral confining pressure provided by FRP and steel tube, given by: 
 

𝑓, =
2𝑡*𝑓*
𝑑 +

2𝑡'𝑓'
𝑑  

(IV.7) 

Where, d = the diameter of infilled concrete. 
For the second formula, the authors utilized a modify formula suggested by ACI 440R-96 
codes with ignored the coefficient 0.85. The modify formula can be expressed as follow:  
 

𝑁& = 𝐴'𝑓' + 𝐴(𝑓′(( (8) 
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For calculating the 𝒇′𝒄𝒄, they used a simplified confined concrete model in accordance with 

previous researches of Richard et al. (1928) and Lam and Teng (2002). The 𝒇′𝒄𝒄 was given as: 
 

𝑓′((
𝑓()

= 1 + 𝑘
𝑓,
𝑓()

 
(IV.9) 

Where, k = the confinement effectiveness coefficient, which calibrated based on 11 tests data 
on the compressive strength of FRP strengthened circular CFT columns from researches of 
Xiao et al. (2005) and Park et al. (2009). The simplified formula was expressed as follows: 
 

𝑓′((
𝑓()

= 1 + 2.86
𝑓,
𝑓()

 
(IV.10) 

 
IV.2.3. Che et al. model 

Che et al. (2012) developed a constitutive expression to predict the load bearing capacity of 
concrete filled circular CFRP-steel tube columns using regression analysis, with considering 
the strength improvement factors related to the steel confinement index, 𝜉' and FRP 
confinement index, 𝜉*. The new expression was given as follows: 

 
𝑁& = 𝐴'(𝑓(& (IV.11) 

  
𝑓(& = A1 + 1.02B𝜉' + 3𝜉*DE𝑓() (IV.12) 

Where 𝐴'( = the cross-sectional area of the specimens. 
 
IV.2.4. Lu et al. model 

Lu et al. (2014) thought that the combined effect of the steel tube and FRP wrap was 
unnecessary to be considered for calculating the strength of FRP-confined (CFST) columns. 
In this context, the researchers were decomposed the ultimate load capacity (𝑁&) of FRP-
confined (CFST) columns into the ultimate load of steel tube (𝑁'), the ultimate load of 
unconfined concrete (𝑁()), the ultimate load of concrete under the circumferential constrain 
of steel tube (𝑁('), and the ultimate load of concrete under the circumferential constrain of 
FRP (𝑁(*): 

 
𝑁& = 𝑁' + 𝑁() + 𝑁(' + 𝑁(* (IV.13) 
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To consider the effect of the steel tube on the ultimate load of FRP-confined (CFST) 
columns, the researchers based on the theoretical design model proposed by Han et al. (2004) 
for the ultimate load of concrete-filled steel tube columns; while, for considering the influence 
of FRP on the ultimate load of FRP-confined (CFST) columns, the researchers based on the 
design model proposed for the ultimate load of FRP confined concrete columns by Yu (2002). 
The ultimate axial load capacity for FRP-confined concrete-filled steel tube columns can be 
developed as follow:  

 
𝑁& = (1 + 1.8𝜉' + 1.15𝜉*)𝑓()𝐴( (IV.14) 

 
IV.2.5. Dong et al. model 

Dong et al. (2017) suggested a new formulation for predicting the load bearing capacity of 
FRP-confined concrete filled steel tube columns. The proposed formulation was calibrated 
using a regression analysis on large database of FRP-confined concrete filled steel tube 
columns under axial compression loading collected from the literature. The proposed 
formulation can be expressed as follows: 
 

𝑁& = [0.95 + 𝑓, +𝑚𝑖𝑛(𝑓-, 𝑓.)]𝐴(𝑓() + 𝐴'𝑓' (IV.15) 

  

𝑓, = 0.49(𝐴'𝑓'/𝐴(𝑓())/.12 (IV.16) 

  

𝑓- = 0.00085(𝑘)/.3/(𝑓())4/.-5 (IV.17) 
  

𝑓. = 0.60B𝑘𝜀6&7D
/.38(𝑓())4/.15 (IV.18) 

  

𝑘 =
2𝐸*𝑡*
𝐷  

(IV.19) 

Where 𝒌 = the confinement stiffness of the FRP, 𝑬𝒇 = the elastic modulus of the FRP. 

 
IV.2.6. Ding et al. model 

Based on the limit equilibrium and elastoplastic methods, Ding et al. (2018) determined a 
simplified formulation for the ultimate load (𝑵𝒖) of CFRP-confined CFT stub columns, which 
considered its relation to the longitudinal bearing capacity of the steel tube and the bearing 
capacity of the concrete confined by both external CFRP wraps and the steel tube. This 
relationship is given as follows: 

 
𝑁& = 𝑓((𝐴( + 𝜎:,'𝐴'							 (IV.20) 
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Where 𝑨𝒄 and 𝑨𝒔 = the cross-sectional area of concrete and the cross-sectional area of steel 
tube, respectively. 𝒇𝒄𝒄 = the axial strength of CFRP-confined CFT stub columns, expressed as 
follows:  
 

𝑓(( = 𝑓( + 3.4𝜎6,( (IV.21) 

𝝈𝒓,𝒄 = the circumferential banding force of concrete, calculated by the following expression: 
 

𝜎6,( =
𝜌

2(1 − 𝜌) 𝜎=,' +
𝜌2

2(1 − 𝜌) 𝑓(*									 
(IV.22) 

𝝈𝜽,𝒔 = the perimeter stress provided by the steel tube, 𝒇𝒄𝒇 = the tensile strength of 

CFRP, 𝝆	= the steel ratio is defined as the ratio of the cross-sectional area of the steel tube to 
the sum of the cross-sectional areas of both the steel tube and the concrete core, 𝝆𝟏 = The 
CFRP ratio is described as the proportion of the combined cross-sectional area of CFRP and 
the concrete core to the total cross-sectional areas of both the steel tube and the concrete core, 
𝝈𝑳,𝒔 = the axial stress of steel tube, given as follows:  

 

𝜎:,' = 471 −
3
𝜉'-
Y
𝜎6,(
𝑓()

−
𝜉*
2 Z

-

−
1
𝜉'
Y
𝜎6,(
𝑓()

−
𝜉*
2 Z< 𝜉'								 

(IV.23) 

To predict the ultimate load-bearing capacity of CFRP-confined CFT stub columns, Ding 
et al. (2018) incorporated Eqs. (IV.22) and (IV.23) into Eq. (IV.20). Subsequently, they took 
the derivative of the resulting formulation. In this context, the maximum ultimate load-
bearing capacity of the CFRP-confined CFT stub column can be calculated using the 
following expression: 

 
𝑁& = 𝑓()𝐴(B1 + 1.7𝜉' + 1.7𝜉*D (IV.24) 

  
𝑓() = 0.4𝑓(&

A/8 (IV.25) 

Where 𝒇𝒄𝒖 = compressive strength of cube concrete. 
 
IV.2.7. Tang et al. model 

Tang et al. (2020) developed an increase index of capacity (𝜂(C7) to assess the 
contribution of the FRP wrap on the enhancement of the bearing capacity of the FRP confined 
filled stainless steel tube columns. This index (𝜂(C7) can be determined by the following 
expression: 
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𝜂(C7 =
𝑁& − 𝑁
𝑁 × 100 (IV.26) 

Where 𝑁&= the ultimate loads of the FRP confined concrete filled stainless steel tube 
columns, 𝑁 = the unconfined concrete filled stainless steel tube columns. 

For predicting the ultimate load caring capacity (𝑁&) of FRP-confined CFSST columns 
under axial compression, Tang et al. (2020) proposed a simplified theoretical model based on 
regression analysis. The expression of the proposed model was given as follow: 
 

𝑁& = (1 + 𝜂(C7)(1.27𝐹𝐴' + 0.85𝑓()𝐴() (IV.27) 
  

𝐹 = 𝑚𝑖𝑛(𝑓D + 0.7𝑓&) (IV.28) 
  

𝜂(C7 = 0.42
𝜉*67
𝜉'

 
(IV.29) 

Where 𝑓& = the ultimate tensile strength of the steel tube, 𝜂(C7 = the simplified rise index; 
 
IV.2.8. Ma et al. model 

Ma et al. (2022) suggested new nonlinear formulations to calculate the ultimate bearing 
capacity of CFRP-confined CFST short columns with square and circular cross-sections, by 
considering the confinement effect coefficient of CFRP and based on more experimental data 
collected from the existing literature combined with their own experimental data, as given by 
the following relation: 

 

𝑁EFGH = 𝑓()𝐴(B1 + 𝑎𝜉' + 𝑏a𝜉'D (IV.30) 
  

𝑁FEFGH = ΩB𝜉*D𝑁EFGH (IV.31) 
  

ΩB𝜉*D = 1 + 𝑐𝜉*
𝑓()
𝑓E./

 (IV.32) 

With 𝒄 = 𝟎. 𝟐𝟐𝟎 for circular cross-section. 
The coefficient values a et b of circular cross-section are obtained through regression 

analysis of the experimental data. The final expression developed by Ma et al. (2022) for 
calculating the load bearing capacity of CFRP-confined CFST short columns is given as 
follows:  

 

𝑁FEFGH = f1 + 0.220𝜉*
𝑓()
𝑓E./

g B1 + 1.311𝜉' + 0.556a𝜉'D𝑓()𝐴( (IV.33) 
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The formulas developed by the various researchers have been systematically are summarized 
in Table IV.1.  
 

Table IV.1. Summary of existing axial load-bearing capacity models for FRP - CFST 

columns. 

Model Formulas of axial load-bearing capacity 𝑵𝒖		(𝒌𝑵) 

Tao et al. (2007) 
𝑵𝒖 = (𝟏 + 𝟏. 𝟎𝟐𝝃𝒔)𝒇𝒄𝒐𝑨𝒔𝒄 + 𝟏. 𝟏𝟓𝝃𝒇𝒇𝒄𝒐𝑨𝒄 

𝑨𝒔𝒄 = 𝑨𝒔 + 𝑨𝒄 

Park et al. (2011) 

Eq (5) 

𝑁& = 𝐴'𝑓' + 𝐴(0.85𝑓′(( 

𝒇′𝒄𝒄 = 𝒇𝒄𝒐 4𝟐. 𝟐𝟓7𝟏 + 𝟕. 𝟗
𝒇𝒍
𝒇𝒄𝒐

− 𝟐
𝒇𝒍
𝒇𝒄𝒐

− 𝟏. 𝟐𝟓< 

𝑓, =
2𝑡*𝑓*
𝑑 +

2𝑡'𝑓'
𝑑  

Park et al. (2011) 

Eq (8) 

𝑵𝒖 = 𝑨𝒔𝒇𝒔 + 𝑨𝒄𝒇′𝒄𝒄 

𝒇′𝒄𝒄
𝒇𝒄𝒐

= 𝟏 + 𝟐. 𝟖𝟔
𝒇𝒍
𝒇𝒄𝒐

 

Che et al. (2012) 𝒇𝒄𝒖 = A𝟏 + 𝟏. 𝟎𝟐B𝝃𝒔 + 𝟑𝝃𝒇DE𝒇𝒄𝒐 

Lu et al. (2014) 𝑵𝒖 = (𝟏 + 𝟏. 𝟖𝝃𝒔 + 𝟏. 𝟏𝟓𝝃𝒇)𝒇𝒄𝒐𝑨𝒄 

Dong et al. (2017) 

𝑁& = [0.95 + 𝑓, +𝑚𝑖𝑛(𝑓-, 𝑓.)]𝐴(𝑓() + 𝐴'𝑓' 

𝑓, = 0.49(𝐴'𝑓'/𝐴(𝑓())/.12 

𝑓- = 0.00085(𝑘)/.3/(𝑓())4/.-5 

𝑓. = 0.60B𝑘𝜀6&7D
/.38(𝑓())4/.15 

𝑘 =
2𝐸*𝑡*
𝐷  

Ding et al. (2018) 
𝑁& = 𝑓()𝐴(B1 + 1.7𝜉' + 1.7𝜉*D 

𝑓() = 0.4𝑓(&
A/8 

Tang et al. (2020) 
𝑁& = (1 + 𝜂(C7)(1.27𝐹𝐴' + 0.85𝑓()𝐴() 

𝐹 = 𝑚𝑖𝑛(𝑓D + 0.7𝑓&) 
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𝜂(C7 = 0.42
𝜉*67
𝜉'

 

Ma et al. (2022) 𝑁FEFGH = f1 + 0.220𝜉*
𝑓()
𝑓E./

g B1 + 1.311𝜉' + 0.556a𝜉'D𝑓()𝐴( 

IV.3. COLLECTED TEST DATASET 

The performance of FRP confined circular CFST columns was experimentally investigated 
in several research studies. In this present study, totally 250 data of FRP-confined concrete 
filled steel tubes (CFST) columns under axial compression loads are assembled from 20 
different existing experimental studies published between the year 2004 and 2022 and are 
listed in Table IV.2. Ten parameters of the assembled specimens, ie., compressive strength of 
unconfined concrete 𝑓(), Diameter of the specimen cross section 𝐷, High of columns 𝐻, 
thickness of steel tube 𝑡', yield strength of steel tube 𝑓D, FRP elastic modulus 𝐸*, ultimate 
tensile strength of FRP 𝑓*, thickness of FRP 𝑡* and ultimate tensile strain of FRP 𝜀* are served 
as the input parameters. The ultimate load 𝑁& of FRP-confined circular concrete columns-
filled steel tube is served as the output parameter. The adequacy of the tested results was 
evaluated by using a set of carefully established selection criteria to ensure the reliability and 
the consistency of the database. These selection criteria are given as follows:  

1) There is no database for relevant research on concrete beams; this work is only 
focused on analyzing FRP wraps and steel tube-strengthened circular columns;  

2) The chosen concrete columns were not steel bar reinforced; instead, the emphasis was 
on how FRP affected the axial load-bearing capacity of unreinforced concrete;   

3) Concrete columns that are completely confined using steel tubes and fiber-reinforced 
polymer (FRP) wraps are among the chosen specimens; those that are just partially 
confined, such as using FRP strips, are not included; 

4) The chosen specimens consist of concrete columns wrapped with composite material 
made with carbon, glass or basalt fibers reinforced polymers (CFRP / GFRP / BFRP); 

5) All the specimens opted for the dataset were tested experimentally under monotonic 
axial loading; 

6) Only samples with the height-to-diameter 𝐻/𝐷 ratios ranges from 2 to 4 were included 
in this database.  

It should be noted that the database of FRP-confined concrete filled steel tube columns 
having the compressive strength of unconfined concrete 𝑓() ranging from 14.15 MPa to 140.3 
MPa with the average (AVG) of 43 MPa, the diameter of the specimen cross section 𝐷 ranges 
from 114 mm to 305 mm with an AVG of 156.37 mm, the High of columns 𝐻 varies from 
250 mm to 900 mm with an AVG of 466.52 mm, the 𝐻/𝐷 range from 2 to 4 with an AVG of 
3.05, the thickness of steel tube 𝑡' varies from 1 mm to 7.5 mm with an AVG of 4.28 mm, the 
𝐷/𝑡' ranges from 16.28 to 202 with an AVG of 49.06, the yield strength of steel tube 𝑓D 
ranges from 226 MPa to 369 MPa with an AVG of 306.99 MPa, the FRP elastic modulus 𝐸* 
ranges from 35 MPa to 275 MPa with an AVG of 189.84 MPa, the ultimate tensile strength of 
FRP 𝑓* varies from 897 MPa to 4500 MPa with an AVG of 3100.87 MPa, the thickness of 
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FRP 𝑡* ranges from 0.111 mm to 5.6 mm with an AVG of 0.43 mm, the ultimate tensile strain 
of FRP 𝜀* ranges from 0.0032 to 0.026 with an AVG of 0.018, and The test result of ultimate 
load 𝑁& varies from 654.11 kN to 6407 kN with an AVG of 2420.06 kN. 
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Table IV.2: Dataset and results of tests on FRP-confined CFST columns. 

Reference No. 
𝒇𝒄𝒐	 

(𝑴𝑷𝒂) 
𝑫 

(𝒎𝒎) 
𝑯	 

(𝒎𝒎) 𝑯/𝑫 
𝒕𝒔	 

(𝒎𝒎) 𝑫/𝒕𝒔 
𝒇𝒚	 

(𝑴𝑷𝒂) 
𝑭𝑹𝑷 
𝑻𝒚𝒑𝒆 

𝑬𝒇𝒓𝒑	 
(𝑮𝑷𝒂) 

𝒇𝒇𝒓𝒑 
	(𝑴𝑷𝒂) 

𝒕𝒇𝒓𝒑	 
(𝒎𝒎) 

𝜺𝒇𝒓𝒑 
𝑵𝒖𝒆 
	(𝒌𝑵) 

Wei et al. (2014) 16 31.2;34.7 133 400 3.0 
3.0;4.5
;6.0;7.

5 

17.7;22.2
;29.6;44.

3 
365.0 CFRP 

BFRP 91.4;240 2370; 
4067 

0.111; 
0.222 

0.017; 
0.026 

1179.0-
2363.0 

Liu et al. (2010) 10 30.1;36.3
;40.2 

126;12
8;130 400 3.1; 

3.2 
3.0;4.0

;5.0 
26.0;32.0

;42.0 248.0 CFRP- 
GFRP 

109.0;25
0.0 

2930; 
3550 

0.111;0.
222;0.50

7 

0.013; 
0.026 

1300.0-
1845.0 

Park et al. (2011) 7 37.5 140 620 4.4 3.2;4.5
;6.6 

21.2;31.1
;43.8 

301.0;33
4.0;365.0 CFRP 35.0;52.5

;105.0 3500 0.111-
0.333 0.0210 1409.2-

2274.6 

Hu et al. (2011) 9 35.9;42.2 202;20
3;204 400 2.0 1.0;1.5

;2.0 
102.0;13
5.3;202.0 

226.0;23
1.0;242.0 GFRP 80.1 1826 0.170-

0.680 0.023 1878.0-
2561.0 

Gu et al. (2004) 8 40.15 127-
133 400 3.1 1.5-4.5 29.6-84.7 310.0; 

350.0 CFRP 230.0 1260 0.167 0.0210 1086.0-
1798.8 

Xiao et al. (2005) 4 46.6 152 304 2.0 2.95 51.5 356.0 CFRP 64.9 897 2.800; 
5.600 0.007 2233.0-

3439.0 

Tao et al. (2007) 4 32 156;25
0 470;750 3.0 3.0 52.0;83.3 230.0 CFRP 255.0 4212 0.170; 

0.340 0.017 1890.0-
4790.0 

Liu et al. (2018) 16 38.3;44.8 200;26
0 600;760 2.9; 

3.0 2.0 100.0; 
130.0 264.3 CFRP 235.0 3400 0.334; 

0.668 0.0160 2607.0- 
5374.0 

Lu et al. (2014) 10 30.1;36.3
;40.2 

128;13
0 400 3.1 4.0 26.0;32.0

;42.0 
242.0;24
3.0;248.0 

CFRP; 
GFRP 

109.0;25
0.0 

2930;35
50 

0.111;0.
169;0.22
2;0.333 

- 1300.0-
1845.0 

Che et al. (2012) 10 36.2 
127;12
9;131; 
133;13

6 

381;387; 
393;408 3.0 

1.5; 
2.5; 

3.5;4.5
;6.0 

22.7;29.6
;37.4;51.

6;84.7 
330.0 CFRP 228.0 4500 0.167; 

0.334 0.02 1018.0-
2105.0 
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Table IV.2 Continued 

Wei et al. (2021) 36 64.0 133 400 3.01 4.5;6.0
;7.0 

19.0;22.2
;29.6;30.

2 

306.4;31
1.9;328.5 

BFRP; 
CFRP 

74.8;240.
0 

1642.8; 
3331.7 

0.334;0.
501;0.66

8 

0.014; 
0.022 

1934.0-
3322.0 

Ding et al. (2018) 12 33.4; 
48.79 300 900 3.0 3.70-

3.87 77.5-81.7 311.0 CFRP 245.0 3481.0 
0.167;0.
334;0.50

1 
0.017 4498.0-

7407.0 

Zhang et al. (2020) 36 43.8 133 400 3.0 4.5;6.0
; 7.0 

19.0;22.2
;29.6 

306.4;31
1.9;328.5 

BFRP; 
CFRP 74.8;240 1642,8; 

3331.7 

0.334;0.
501;0.66

8 
0.022 1768.0-

2982.0 

Suliman et al. 
(2013) 6 44.0;60.0 114; 

167 250;350 2.1; 
2.2 

3.1;3.6
;5.6 

20.4;31.7
; 53.9 350.0 GFRP 72.0 3400.0 0.352  1268.0; 

2048.0 

Cao et al. (2020) 4 140.3 133 400 3.0 4.0 33.3 340.0 CFRP; 
GFRP - 1582.0; 

2471.0 

0.334;0.
668;0.33
8;0.676 

0.017; 
0.02 

2628.0- 
3662.0 

Tang et al. (2020) 18 24.8 114 400 3.5 3.0;5.0
;7.0 

16.3; 
22.8; 
38.0 

279.0;34
0.0;355.0 CFRP 243.0 3814.0 

0.017;0.
334;0.50

1 
0.017 871.5-

1659.0 

Ma et al. (2022) 12 14.15; 
42.44 114 400 3.5 2.0 57.0 236.9 CFRP 232.0 3425.0 0.166; 

0.332 0.016 654.1-
1429.2 

Chen et al. (2022) 15 31.8 152 600 3.9 5.0 30.4 369.0 CFRP 240.0 3667.5 
0.167;0.
334;0.50

1 
0.015 2203.0- 

2985.0 

Zhao et al. (2020) 12 46.2;47.9
;30.1 255 510 2.0 1.37;2.

25;2.54 
100.4;11
3.3;186.1 

272.7;28
4.0;302.5 CFRP 275.0 4050.0 0.150; 

0.300 - 3002.0; 
4453.0 

Na et al. (2018) 5 38.0 128 588- 
2688 

3.5- 
16 6.0 28.0 243.0 CFRP 250.0 3550.0 0.222  1513.04- 

2358.31 
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IV.4. HYBRID DEEP LEARNING BASED-MODELS 

IV.4.1. Convolutional Neural Networks-Bidirectional Long Short-Term Memory  

The Convolutional Neural Networks-Bidirectional Long Short-Term Memory (CNN-
BiLSTM) model is an advanced hybrid deep learning architecture that combines the 
capabilities of Convolutional Neural Networks (CNNs) and Bidirectional Long Short-Term 
Memory (BiLSTM) networks (Gandhi et al. 2021, Lu et al. 2021, Méndez et al. 2023). The 
BiLSTM's dual processing paths enable the model to capture complex dependencies in the 
data that a standard LSTM might miss (Siami-Namini et al. 2019). This is particularly useful 
in tasks where the context from both past and future data points is crucial for making accurate 
predictions. In the CNN-BiLSTM model, the CNN layers first perform feature extraction by 
identifying key patterns in the input data. These extracted features are then passed to the 
BiLSTM layers, which process the sequence bidirectionally to understand the temporal 
dynamics and dependencies (Sun et al. 2024). The pooling layers in the CNN further reduce 
the dimensionality of the data, ensuring that the most significant features are retained while 
reducing computational complexity (Guo et al. 2024). This combination of CNN and 
BiLSTM allows the model to leverage the strengths of both architectures: the CNN's ability to 
capture intricate spatial features and the BiLSTM's capacity to understand complex temporal 
relationships (Sun et al. 2024). The mathematical description of the model architecture were 
described as follow: 

1. Input Layer 

• Let the input data be represented as 𝑿 = [𝒙𝟏, 𝒙𝟐, … , 𝒙𝑻], where 𝑻 is the sequence 
length and 𝒙𝒕 is the input feature vector at time step 𝒕. For a single feature vector, 
𝒙𝒕	𝝐	ℝ𝑭	where 𝑭 is the number of features. 

2. Convolutional Layer (Conv1D) 

• The 1D convolutional layer applies a convolution operation over the input sequence to 
extract local features. 

• The convolution operation is defined as: 
 

𝒉𝒕
(𝒄) = 𝐑𝐞𝐋𝐔	(y𝔀𝒇

𝑭

𝒇P𝟏

	 . 𝒙𝒕Q𝒇4𝟏 + 𝐛)		 (IV.45) 

Where: 𝔀𝒇are the convolutional filters (weights), b is the bias term, 𝒉𝒕
(𝒄)is the output of 

the convolutional layer at position t, and 𝐑𝐞𝐋𝐔 is the activation function: 𝐑𝐞𝐋𝐔(𝐳) =
𝐦𝐚𝐱(𝟎, 𝐳)				 
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3. Max Pooling Layer (MaxPooling1D) 

• The max-pooling layer reduces the dimensionality of the convolutional output by 
taking the maximum value over a specified window. 

• The max-pooling operation is defined as 
 

𝒉𝒕
(𝒑) = 𝐦𝐚𝐱	(𝒉𝒕

(𝒄), 𝒉𝒕Q𝟏
(𝒄) , … . , 𝒉𝒕Q𝒌4𝟏

(𝒄)  (IV.46) 

Where: k is the pooling size, 𝒉𝒕
(𝒑) = is the pooled feature at position t. 

4. Bidirectional LSTM (BiLSTM) Layer 

• The BiLSTM layer processes the pooled features in both forward and backward 
directions to capture long-term dependencies in the sequence. 

For the forward pass:  
 

𝒉𝒕𝒍����⃗ = 𝐋𝐒𝐓𝐌	 f𝒉𝒕4𝟏
(𝒍)��������⃗ , 𝒉𝒕

(𝒑)g (IV.47) 

The forward LSTM processes the input sequence from the beginning to the end, 

maintaining a hidden state 𝒉𝒕𝒍����⃗  
For the backward pass: 
 

𝒉𝒕
(𝒍)	�⃖������� = 𝐋𝐒𝐓𝐌	((𝒉𝒕Q𝟏

(𝒍) )�⃖������������, 𝒉𝒕
(𝒑)														 (IV.48) 

The backward LSTM processes the input sequence from the end to the beginning, 

maintaining a hidden state	𝒉𝒕𝒍�⃖��� 

The BiLSTM output at time step t is the concatenation of the forward and backward LSTM 
outputs: 

 

𝒉𝒕
(𝑩𝒊𝑳𝑺𝑻𝑴) = �𝒉𝒕𝒍����⃗ ,			𝒉𝒕𝒍�⃖���� (IV.49) 

5. Fully Connected (Dense) Layer 

• The BiLSTM output is passed through a fully connected layer to produce the final 
output. 

• The dense layer output is computed as 
 

𝒚𝒕 = 𝝈	(𝑾𝒅. 𝒉𝒕
(𝑩𝒊𝑳𝑺𝑻𝑴) + 𝒃𝒅) (IV.50) 
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Where: 𝑾𝒅. Is the weight matrix for the dense layer, 𝒃𝒅 is the bias term, and 𝝈 is the 

activation function, often a linear function for regression tasks. The model is trained by 
minimizing the loss function, typically Mean Squared Error (MSE) for regression tasks: 

6. Optimization 

• The model parameters (weights and biases) are updated during training using an 
optimization algorithm such as Adam, defined by: 

 
𝜽𝒕Q𝟏 = 𝜽𝒕4𝜼𝑱(𝜽) (IV.51) 

Where, 𝜽 represents the model parameters, 𝜼 is the learning rate, 𝑱(𝜽)is the loss function, 
and 𝛁𝜽 is the gradient of the loss function with respect to 𝜽 

This mathematical framework describes the operations of a hybrid CNN-BiLSTM model, 
capturing the local features with CNN, reducing dimensionality with max pooling, and 
learning temporal dependencies with the BiLSTM layer, ultimately leading to the final output 
through the dense layer. 

 
Figure IV.1: Representation of (a) BiLSTM and (b) hybrid CNN-BiLSTM model 

architecture. 
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IV.4.2. CNN-BiLSTM Model architecture and hyperparameters  

The model architecture outlined in Table IV.3 is a carefully designed sequence of layers 
optimized for predicting the target variable, 𝑵𝒖	(𝒌𝑵). The model begins with an Input Layer 
that takes in the features of the dataset, with each feature represented in a 1-dimensional 
space. The Conv1D layer, which is the first processing layer, applies 64 filters with a kernel 
size of 1, utilizing the ReLU activation function. This layer is crucial for capturing local 
patterns and dependencies in the data. The small kernel size indicates that the model is 
focused on learning fine-grained details from each feature. 

Following the convolutional layer, the MaxPooling1D layer is employed to down sample 
the output from the Conv1D layer. This reduces the dimensionality, helping the model 
generalize better by focusing on the most prominent features. The pooling size of 1 suggests 
that this operation is minimal, potentially retaining most of the convolutional output for 
subsequent layers. 

The architecture then incorporates a BiLSTM (Bidirectional Long Short-Term Memory) 
layer with 50 units, again using the ReLU activation function. This layer is pivotal in 
capturing sequential patterns and temporal dependencies in the data, which is particularly 
useful in cases where the order or sequence of features plays a role in the prediction. The 
bidirectional nature of this LSTM allows the model to learn from both past and future 
information within the sequence, offering a comprehensive understanding of the input data. 

Finally, the model concludes with a Dense layer that serves as the output layer, with a 
single unit to predict the target variable. The simplicity of this layer ensures that the model’s 
predictions are directly related to the learned features from the preceding layers. 

Table IV.4 details the hyperparameters that guide the training process of this model. The 
Adam optimizer is selected, known for its efficiency and adaptability in adjusting learning 
rates during training, which contributes to faster convergence. The choice of Mean Squared 
Error (MSE) as the loss function aligns with the goal of minimizing the difference between 
predicted and actual values, making it suitable for regression tasks like predicting 𝑵𝒖	(𝒌𝑵). 

The model is trained for 100 epochs, allowing sufficient exposure to the data for the model 
to learn patterns without overfitting. The batch size of 32 strikes a balance between 
computational efficiency and the ability to generalize, as smaller batches help smooth out 
noise during the training process. 

Regarding the data distribution, the model is trained on 70% of the data and tested on the 
remaining 30%, a standard split that ensures the model is well-evaluated on unseen data while 
being trained on a substantial portion of the dataset. This split also helps in assessing the 
model’s generalizability and robustness. 

In conclusion, the architecture and hyperparameters are thoughtfully chosen to maximize 
the model’s ability to learn from the dataset and accurately predict the target variable, 
𝑵𝒖	(𝒌𝑵). The combination of convolutional and LSTM layers, along with the Adam 
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optimizer and MSE loss function, provides a strong foundation for achieving high predictive 
performance in this research. 

 
Table IV.3: Define CNN-BiLSTM model architecture. 

Layer Name Type Parameters 

Input Layer - Input Shape: (number of features, 1) 

Conv1D Convolutional 1D Filters: 64, Kernel Size: 1, Activation: ReLU 

MaxPooling1D Max Pooling 1D Pool Size: 1 

BiLSTM Bidirectional LSTM Units: 50, Activation: ReLU 

Dense Fully Connected Units: 1 (Output Layer) 

 
Table IV.4: Define model hyperparameters. 

Hyperparameter Optimizer Loss 
Function 

Number 
of 

Epochs 

Batch 
Size 

Input 
Features 

Training 
Set Size 

Testing 
Set Size 

Value Adam (MSE) 100 32 10 70% 30% 

 

Several performance metrics were utilized to assess model effectiveness, including Mean 
Absolute Error (MAE), Root Mean Square Error (RMSE), Nash-Sutcliffe Efficiency (NSE), 
the Correlation Coefficient (R), and the Kling-Gupta Efficiency (KGE). Below are concise 
explanations of each performance measure. 

 

𝑀𝐴𝐸 ==
1
𝑁y[�𝑁&),Z� − �𝑁&',Z�]

[

ZP2

				 (IV.52) 

  

𝑅𝑀𝑆𝐸 = �
1
𝑁y��𝑁&),Z� − �𝑁&',Z��

-
[

ZP2

	 (IV.52) 

  

𝑁𝑆𝐸	 = 1 −	
∑ ��𝑁&),Z� − �𝑁&',Z��

-
[
ZP2

∑ �𝑄𝑁&),Z −	𝑁&)������
-

[
ZP2

	 

 
 
 

(IV.53) 
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𝑅 = 	
∑ �𝑁&),Z −	𝑁&)������		�𝑁&',Z −	𝑁&'������	[
ZP2

�∑ (𝑁&)\',Z −	𝑁&)\'�������)- 		∑ (𝑁&',Z −	𝑁&'�����)-[
ZP2 					[

ZP2 		
 (IV.54) 

  
𝐾𝐺𝐸 = 1 − a(𝑟 − 1)- + (𝛽 − 1)- + (𝛾 − 1)-		 (IV.55) 

Where: 

𝛽 =
𝑁&'�����

𝑁&)�����		 (IV.56) 

  

𝛾 =

𝑆𝑇𝐷[+]
𝑁&'������

𝑆𝑇𝐷[+)
𝑁&)������

				 (IV.57) 

In these equations,	𝑁&o,i and 𝑁&s,i represent the observed and simulated observations, 
respectively. N is the sample size of the time series. 𝑁&)�����, 𝑁&'�����	, 𝑆𝑇𝐷[+), and	𝑆𝑇𝐷[+' represent 

the mean values and standard deviation of the observed and simulated observations, 
respectively 

IV.5. RESULTS OF DEEP LEARNING MODELS FOR 𝑵𝒖(𝒌𝑵) PREDICTION 

In this section using 12 scenarios with progressively more features to predict 𝑵𝒖	(𝒌𝑵) 
(Target) based on BiLSTM and CNN-BiLSTM. Before developing the predictive models, the 
database is divided into training and testing sets. Of those 168 samples (70%) are selected 
randomly of the training process, and 73 remaining samples (30%) are used for testing the 
performance of predictive models. Each model incorporates a different combination of 
features to see how they impact the prediction. The Table IV.5 below a summary of the 
models (M1 to M12) and their feature sets: 

Table IV.5. Summary of the proposed inputs combinations suggested for 𝑵𝒖	(𝒌𝑵) prediction. 
Model Features Scenarios Impact on 𝑵𝒖	(𝒌𝑵) 

M1 Feature1 𝑓"#	(𝑀𝑃𝑎) 

Higher compressive strength typically 
results in higher structural capacity, 
which would influence the predictive 
model for 𝑁&	(𝑘𝑁). It’s likely to be 
one of the most significant predictors 
in your model. 

M2 Feature2 𝑓"#	(𝑀𝑃𝑎), 𝐷	(𝑚𝑚) 

The diameter affects the load-bearing 
capacity and stiffness of the element. 
Larger diameters generally correlate 
with higher load capacities, making 
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this an important feature for 
predicting structural performance. 

M3 Feature3 𝑓"#	(𝑀𝑃𝑎), 𝐷	(𝑚𝑚),𝐻	(𝑚𝑚) 

The height influences the buckling 
behavior and overall stability of the 
structure. In slender columns, the 
height-to-diameter ratio (slenderness 
ratio) is a key factor in determining 
the load capacity, and thus 𝑁&	(𝑘𝑁). 

M4 Feature4 𝑓"#(𝑀𝑃𝑎), 𝐷	(𝑚𝑚),𝐻	(𝑚𝑚),		 
𝐻/𝐷 

Higher H/D ratios typically indicate 
greater susceptibility to buckling, 
especially in slender columns. This 
ratio is essential in stability analysis 
and directly influences the prediction 
of load-bearing capacity 𝑁&	(𝑘𝑁). 

M5 Feature5 𝑓"#	(𝑀𝑃𝑎), 𝐷	(𝑚𝑚),	
𝐻	(𝑚𝑚),𝐻/𝐷, 𝑡$	(𝑚𝑚) 

Thicker FRP layers generally provide 
greater confinement and strength to 
the concrete element, which could 
significantly enhance the load 
capacity and influence the prediction 
of 𝑁&	(𝑘𝑁). 

M6 Feature6 
𝑓"#	(𝑀𝑃𝑎), 𝐷	(𝑚𝑚),	
𝐻	(𝑚𝑚),𝐻 𝐷⁄ , 𝑡$	(𝑚𝑚),	 
𝐷/𝑡$ 

Lower D/ts ratios usually indicate 
better confinement, as a thicker FRP 
layer relative to the element's 
diameter improves the structural 
performance, leading to higher 
𝑁&	(𝑘𝑁) values. 

M7 Feature7 
𝑓"#		(𝑀𝑃𝑎), 𝐷	(𝑚𝑚),	
𝐻	(𝑚𝑚),𝐻/𝐷, 	𝑡$	(𝑚𝑚),	 
𝐷/𝑡$, 	𝑓%	(𝑀𝑃𝑎) 

Higher yield strength steel can 
significantly enhance the load-bearing 
capacity and ductility of the structural 
element, making it a key feature in 
predicting 𝑁&	(𝑘𝑁) 

M8 Feature8 
𝑓"#		(𝑀𝑃𝑎), 𝐷	(𝑚𝑚),	
𝐻	(𝑚𝑚),𝐻/𝐷, 𝑡$	(𝑚𝑚),	 
𝐷/𝑡$, 𝑓%	(𝑀𝑃𝑎), 𝐹𝑅𝑃	𝑡𝑦𝑝𝑒 

The type of FRP influences the 
effectiveness of the strengthening, 
with certain types (e.g., Carbon FRP) 
providing superior strength and 
stiffness compared to others (e.g., 
Glass FRP). This feature is important 
for capturing the variability in the 
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performance of different FRP 
systems. 

M9 Feature9 

𝑓"#		(𝑀𝑃𝑎), 𝐷	(𝑚𝑚),	

𝐻	(𝑚𝑚),
𝐻
𝐷
, 𝑡$	(𝑚𝑚), 𝐷/𝑡$,

𝑓%	(𝑀𝑃𝑎), 𝐹𝑅𝑃	𝑡𝑦𝑝𝑒, 𝐸&'(	(𝑀𝑃𝑎) 

A higher modulus of elasticity means 
that the FRP is stiffer, providing 
greater resistance to deformation and 
improving the load-bearing capacity 
of the element. This feature will 
likely have a strong influence on the 
prediction of𝑁&	(𝑘𝑁). 

M10 Feature10 

𝑓"#		(𝑀𝑃𝑎), 𝐷	(𝑚𝑚),	
𝐻	(𝑚𝑚),𝐻 𝐷⁄ , 𝑡$	(𝑚𝑚), 𝐷 𝑡$⁄ ,
𝑓%	(𝑀𝑃𝑎), 𝐹𝑅𝑃	𝑡𝑦𝑝𝑒, 	𝐸&'(	(𝑀𝑃𝑎) 
𝑓&'(	(𝑀𝑃𝑎) 

FRP with higher ultimate strength 
will contribute to greater overall 
capacity, affecting the prediction of 
𝑁&	(𝑘𝑁) by providing additional 
strength and ductility. 

M11 Feature11 

𝑓"#		(𝑀𝑃𝑎), 𝐷	(𝑚𝑚),	
𝐻	(𝑚𝑚),𝐻 𝐷⁄ , 𝑡$	(𝑚𝑚), 𝐷 𝑡$⁄ ,
𝑓%	(𝑀𝑃𝑎), 𝐹𝑅𝑃	𝑡𝑦𝑝𝑒, 𝐸&'(	(𝑀𝑃𝑎) 
𝑓&'(	(𝑀𝑃𝑎), 𝑡&'(	(𝑚𝑚) 

The thickness of each laminate layer 
can influence the bonding and overall 
effectiveness of the FRP system, 
thereby impacting the load-bearing 
capacity and the predicted 𝑁&	(𝑘𝑁). 

M12 Feature12 

𝑓"#		(𝑀𝑃𝑎), 𝐷	(𝑚𝑚),	
𝐻	(𝑚𝑚),𝐻 𝐷⁄ , 𝑡$	(𝑚𝑚), 𝐷 𝑡$⁄ ,
𝑓%	(𝑀𝑃𝑎), 𝐹𝑅𝑃	𝑡𝑦𝑝𝑒, 𝐸&'(	(𝑀𝑃𝑎) 
𝑓&'(	(𝑀𝑃𝑎), 𝑡&'(	(𝑚𝑚), 	𝜀&'( 

The strain in the FRP provides insight 
into how much the FRP is deforming 
under load, which is crucial for 
understanding the load transfer 
mechanisms between the FRP and the 
concrete. It’s an important feature for 
predicting	𝑁&	(𝑘𝑁), particularly in 
scenarios involving high levels of 
deformation. 

Each feature in this dataset plays a crucial role in predicting the ultimate load capacity 
𝑵𝒖	(𝒌𝑵) of the structural element. The features related to material properties (e.g., 
compressive strength, yield strength, modulus of elasticity) and geometric dimensions (e.g., 
diameter, height, thickness) are particularly important as they directly influence the structural 
behavior under load. 

• Material Properties (𝒇𝒄𝒐, 𝒇𝒚, 𝑬𝒇𝒓𝒑, 𝒇𝒇𝒓𝒑, 𝜺𝒇𝒓𝒑): These properties define the strength and 

stiffness of the materials involved (concrete, steel, FRP), which are critical for 
accurate load capacity predictions. 
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• Geometric Dimensions (𝑫,𝑯, 𝒕𝒔, 𝒕𝒇𝒓𝒑): These dimensions determine the size, shape, 

and slenderness of the structural element, which affect stability and buckling behavior. 
• Derived Ratios (𝑯/𝑫, 𝑫/𝒕𝒔): These ratios provide insight into the stability and 

effectiveness of the structural design, influencing the element’s capacity to bear loads. 
By carefully analyzing and understanding these features, you can improve the accuracy 

and reliability of your predictive models for 𝑵𝒖	(𝒌𝑵). 

In the comprehensive analysis of features for predicting the ultimate axial capacity of 
concrete columns reinforced with fiber-reinforced polymer (FRP), represented as 𝑵𝒖	(𝒌𝑵), 
several insights were gained regarding the relationships between input variables. Feature 2 
(compressive strength of concrete, (𝒇𝒄𝒐) and Feature 3 (column diameter, D) emerged as the 
most influential predictors, demonsrating strong positive correlations with the target variable, 
𝑵𝒖	(𝒌𝑵) (Figure IV.2). This suggests that the compressive strength of the concrete and the 
diameter of the column are critical factors in determining the axial load-carrying capacity. 
However, these features also exhibit high inter-correlations with each other and with Feature 
6 (H/D ratio and the thickness of the concrete cover), indicating potential multicollinearity. 
Such high inter-correlations suggest that these features may carry overlapping information, 
which could lead to redundancy in the predictive model. To address this, dimensionality 
reduction techniques or careful feature selection may be necessary to enhance model 
performance and prevent overfitting (Figure IV.2). 

Feature 1 (𝒇𝒄𝒐, the concrete compressive strength in MPa) also shows a positive correlation 
with 𝑵𝒖	(𝒌𝑵), though to a lesser extent than Feature 2 and Feature 3. Interestingly, Feature 1 
has low correlations with other features, indicating that it may provide unique information to 
the model that is not captured by other predictors. This uniqueness could be valuable in 
improving the model's ability to generalize to new data. 

Conversely, Feature 4 (the height-to-diameter ratio, 𝑯/𝑫) and Feature 12 (the FRP elastic 
modulus, 𝑬𝒇𝒓𝒑) show weak negative correlations with the target variable, implying that they 

have minimal inverse impacts on 𝑵𝒖	(𝒌𝑵). This could suggest that while these features are 
part of the structural characteristics of the column, their direct influence on the axial capacity 
might be less significant compared to other variables (Figure IV.2). Feature 5 (the thickness 
of the concrete cover, 𝒕𝒔), despite a moderate negative correlation with Feature 6, appears to 
have a relatively low direct influence on the target variable. This might indicate that the 
concrete cover thickness, while important for durability and protection of reinforcement, may 
not be a primary factor in determining the axial load capacity. 

Feature 11 (the type of FRP reinforcement, FRP type), although weakly correlated with the 
target, may still offer unique insights. Its generally low correlations with other features 
suggest that it could introduce additional variability into the model that is not accounted for 
by more strongly correlated features (Figure IV.2). This indicates the potential value of 
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including such features in the model, as they might capture aspects of the problem that are not 
immediately apparent from the more dominant predictors. 

Overall, this analysis underscores the importance of balancing strong predictors with the 
potential for redundancy, ensuring that the model leverages the most informative variables 
while avoiding over-reliance on highly correlated features. Additionally, it highlights the need 
to consider the unique contributions of less correlated features, as they may capture important 
aspects of the relationship between the structural characteristics of the column and its axial 
capacity that are not evident from the more prominent predictors. By carefully selecting and 
possibly reducing features, the predictive model for 𝑵𝒖	(𝒌𝑵) can be optimized for both 
accuracy and robustness, ensuring reliable performance across a range of conditions. 

 
Figure IV.2: Pearson correlation heat map between suggested inputs combination and target. 

 
The Root Mean Square Error (RMSE) results for the BiLSTM models reveal a clear trend 

in model performance improvement with the inclusion of more features (Table IV.6). Initially, 
Model M1, using only 𝒇𝒄𝒐	(𝑴𝑷𝒂),	shows high RMSE values of 1421.92 for training and 
1452.667 for testing, indicating poor predictive accuracy. As additional features are 
introduced, starting with 𝑫	(𝒎𝒎) in Model M2 (training RMSE: 852.955, testing RMSE: 
840.129) and continuing through 𝑯	(𝒎𝒎) in Model M3 (training RMSE: 650.116, testing 
RMSE: 600.584), 𝑯/𝑫 in Model M4 (training RMSE: 788.934, testing RMSE: 736.923), 𝒕𝒔 
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(mm) in Model M5 (training RMSE: 804.694, testing RMSE: 786.178), 𝑫/𝒕𝒔 in Model M6 
(training RMSE: 609.933, testing RMSE: 537.899), 𝒇𝒚	(𝑴𝑷𝒂) in Model M7 (training RMSE: 

609.428, testing RMSE: 547.444), 𝑭𝑹𝑷	𝒕𝒚𝒑𝒆 in Model M8 (training RMSE: 569.28, testing 
RMSE: 505.02), 𝑬𝒇𝒓𝒑	(𝑴𝑷𝒂) in Model M9 (training RMSE: 525.481, testing RMSE: 

473.508), 𝒇𝒇𝒓𝒑	(𝑴𝑷𝒂) in Model M10 (training RMSE: 539.219, testing RMSE: 486.46), 

𝒕𝒇𝒓𝒑	(𝒎𝒎) in Model M11 (training RMSE: 418.206, testing RMSE: 401.494), and 𝜺𝒇𝒓𝒑 in 
Model M12 (training RMSE: 402.212, testing RMSE: 387.94), there is a noticeable decrease 
in RMSE for both training and testing datasets. This trend suggests that each additional 
feature contributes valuable information, helping the model capture the underlying patterns 
more effectively. 

By Model M12, which incorporates all 12 features, the RMSE values reach their lowest 
point, demonstrating the highest accuracy in predictions. This model's close training and 
testing RMSE values indicate that it generalizes well and is not overfitting. The improvements 
across models reflect the importance of including diverse and comprehensive features to 
enhance predictive performance. The final model, M12, effectively utilizes the complete set 
of features to make the most accurate predictions for 𝑵𝒖	(𝒌𝑵), highlighting the significance 
of each feature in achieving optimal results. 

The RMSE results for the CNN-BiLSTM models demonstrate a clear trend of improving 
performance as more features are incorporated. Model M1, which uses only 𝒇𝒄𝒐	(𝑴𝑷𝒂), 
shows high RMSE values of 1145.455 for training and 1141.844 for testing, indicating limited 
predictive accuracy with minimal features. As additional features are added, such as 𝑫	(𝒎𝒎) 
in Model M2, RMSE values drop significantly to 431.687 for training and 475.457 for testing. 
Further inclusion of 𝑯	(𝒎𝒎) in Model M3 improves performance even more, with training 
and testing RMSEs of 323.604 and 380.175, respectively (Table .6). The trend continues with 
models M4 through M10, which progressively enhance predictive accuracy, with notable 
improvements in Models M9 and M10, where training RMSE reaches 277.751 and 275.48, 
and testing RMSEs are 381.925 and 331.812, respectively. The best performance is achieved 
with Model M11, which includes 𝒕𝒇𝒓𝒑	(𝒎𝒎), showing the lowest RMSE values of 129.469 
for training and 204.555 for testing, indicating the highest accuracy. Model M12, which adds 
𝜺𝒇𝒓𝒑, shows slightly higher RMSE values of 138.174 for training and 220.497 for testing but 
still maintains strong performance (Table 6). Overall, these results illustrate that incorporating 
a comprehensive set of features significantly enhances the CNN-BiLSTM model's ability to 
accurately predict 𝑵𝒖(𝒌𝑵), with Model M11 proving to be the most effective in capturing 
complex patterns and minimizing errors. 
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Table IV.6: Analysis of RMSE Results for BiLSTM and hydride CNN-BiLSTM models. 

 BiLSTM CNN-BiLSTM 

Model Training Testing Training Testing 

M1 1421.92 1452.667 1145.455 1141.844 

M2 852.955 840.129 431.687 475.457 

M3 650.116 600.584 323.604 380.175 

M4 788.934 736.923 327.327 411.927 

M5 804.694 786.178 300.169 391.748 

M6 609.933 537.899 301.683 432.32 

M7 609.428 547.444 299.815 408.281 

M8 569.28 505.02 317.284 436.525 

M9 525.481 473.508 277.751 381.925 

M10 539.219 486.46 275.48 331.812 

M11 418.206 401.494 129.469 204.555 

M12 402.212 387.94 138.174 220.497 
 

The analysis of the RMSE improvement percentages for CNN-BiLSTM models compared 
to BiLSTM models reveals significant gains in predictive accuracy. The data demonstrates 
that the integration of convolutional layers with BiLSTM architecture substantially enhances 
performance, with improvements ranging from 13.56% to 69.04% in training RMSE and from 
19.34% to 50.17% in testing RMSE (Figure IV.3). This substantial reduction in RMSE 
underscores the effectiveness of combining convolutional and bi-directional LSTM layers, 
which allows the model to better capture both complex spatial patterns and temporal 
dependencies within the data. 

Specifically, models that include a more extensive set of features, such as Models M5, 
M10, M11, and M12, exhibit the most significant improvements. Model M11 stands out with 
the highest reductions, achieving a 69.04% decrease in training RMSE and a 49.05% 
reduction in testing RMSE. This model’s performance highlights how integrating a full range 
of features with the CNN-BiLSTM architecture maximizes the model’s ability to accurately 
predict 𝑵𝒖	(𝒌𝑵). Similarly, Model M12, while slightly less effective than M11, still shows 
considerable improvements with a 65.65% reduction in training RMSE and a 43.16% 
reduction in testing RMSE (Figure IV.3). 

Models with fewer features also show notable improvements, indicating that even modest 
additions of convolutional layers can enhance predictive accuracy. For instance, Model M5 
achieves a 62.70% reduction in training RMSE and a 50.17% reduction in testing RMSE, 
reflecting the value of adding CNN layers to the BiLSTM framework. The consistent trend of 
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improvement across various models highlights the hybrid CNN-BiLSTM approach's 
capability to leverage both spatial and temporal information more effectively than BiLSTM 
alone. 

Overall, the results clearly demonstrate that the CNN-BiLSTM models significantly 
outperform their BiLSTM counterparts in terms of RMSE reduction. This hybrid model 
excels in providing more accurate predictions by integrating convolutional layers, which 
capture intricate feature interactions, with bi-directional LSTMs that handle temporal 
dependencies. The most substantial gains are observed with models that incorporate a 
comprehensive set of features, confirming the advantage of using a robust CNN-BiLSTM 
architecture for superior predictive performance. 

 

 
Figure IV.3: The analysis of RMSE improvement percentages for the CNN-BiLSTM models 

compared to BiLSTM. 
 
Performance criteria are critical for evaluating and comparing the effectiveness of different 

deep learning models (Table 7). Key metrics include Root Mean Square Error (RMSE) and 
Mean Absolute Error (MAE), which measure the accuracy of predictions by quantifying the 
average magnitude of errors. The Nash-Sutcliffe Efficiency (NSE) assesses the predictive 
power of the model relative to the variance of the observed data, where values closer to 1 
suggest higher predictive accuracy. The Pearson correlation coefficient (R) reflects the 
strength and direction of the linear relationship between predicted and observed values, with 
values near 1 indicating strong correlation. The Kling-Gupta Efficiency (KGE) is a composite 
metric that balances bias, variance, and correlation, providing a holistic view of model 
performance. The comparative analysis of performance metrics reveals that the CNN-
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BiLSTM Model M11 significantly outperforms the BiLSTM Model M12 across all evaluated 
criteria. For training, CNN-BiLSTM Model M11 achieves a remarkable RMSE of 129.469 
and an MAE of 96.588, with an NSE of 0.988, an RRR value of 0.995, and a KGE of 0.975, 
indicating exceptional predictive accuracy and reliability. In contrast, BiLSTM Model M12 
has higher RMSE and MAE values of 402.212 and 255.728, respectively, with lower NSE, 
RRR, and KGE scores of 0.888, 0.95, and 0.798. The testing performance of the CNN-
BiLSTM Model M11 is also superior, with an RMSE of 204.555 and an MAE of 150.589, 
maintaining high NSE (0.972), R (0.99), and KGE (0.924) values. Although these metrics are 
slightly lower than the training results, they still demonstrate strong generalization 
capabilities. Overall, the CNN-BiLSTM model provides a more accurate and reliable 
predictive performance compared to the BiLSTM model, highlighting the benefits of 
integrating convolutional layers with bi-directional LSTMs for improved model efficacy. 

Table IV.7: Comparative analysis of the performance metrics for the BiLSTM and CNN-
BiLSTM models. 

  Model RMSE MAE NSE R KGE 

BiLSTM  
Training M12 402.212 255.728 0.888 0.95 0.798 

Testing M12 387.94 238.561 0.899 0.952 0.853 

CNN-
BiLSTM  

Training M11 129.469 96.588 0.988 0.995 0.975 

Testing M11 204.555 150.589 0.972 0.99 0.924 

The analysis of RMSE percentage improvement reveals that the CNN-BiLSTM Model 
M11 substantially outperforms the BiLSTM Model M12. In training, Model M11 achieves a 
remarkable 67.81% reduction in RMSE compared to Model M12, reflecting a significant 
enhancement in predictive accuracy. For testing, the CNN-BiLSTM Model M11 shows a 
47.27% improvement in RMSE over the BiLSTM Model M12. These improvements 
underscore the effectiveness of the CNN-BiLSTM approach in reducing error rates and 
enhancing model performance across both training and testing phases. The substantial 
reductions in RMSE highlight the CNN-BiLSTM model’s superior capability to accurately 
predict 𝑁&	(𝑘𝑁), leveraging its advanced architecture to achieve more reliable and precise 
results. 

To assess the performance of the BiLSTM and CNN-BiLSTM models, a detailed statistical 
comparison was conducted against the actual dataset. This comparison included the 
evaluation of maximum and minimum values, mean, variance, standard deviation, coefficient 
of variation, skewness, and kurtosis (Table IV.8). 

The maximum value predicted by the CNN-BiLSTM model (7634.391) was slightly higher 
than the actual maximum (7309), suggesting that this model tends to predict extreme values 
more aggressively. Conversely, the BiLSTM model predicted a maximum value of 5151.561, 
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which is significantly lower than the actual maximum, indicating a more conservative 
approach in extreme value prediction. The minimum values predicted by both models were 
close to the actual minimum (849.8), with BiLSTM predicting a slightly lower minimum 
(799.9428) and CNN-BiLSTM a slightly higher one (807.7654) (Table IV.8). This suggests 
that both models maintain a reasonable approximation of the lower bounds but differ in their 
approach to the upper bounds. Mean: The mean values predicted by both models were close 
to the actual mean of 2451.244. The CNN-BiLSTM model provided a mean of 2481.973, 
which is marginally higher and closer to the actual data than the BiLSTM model’s mean of 
2384.736. This indicates that the CNN-BiLSTM model captures the central tendency of the 
data more accurately, whereas the BiLSTM model slightly underestimates it (Table IV.8). 

Variance and standard deviation (STD) are critical metrics for understanding the spread 
and variability of the predictions. The actual data exhibited a variance of 1,485,179 and a 
standard deviation of 1,218.679. The CNN-BiLSTM model, with a variance of 1,734,362 and 
a standard deviation of 1,316.952, demonstrated greater variability than the actual data, 
suggesting that this model's predictions are more dispersed around the mean. In contrast, the 
BiLSTM model showed lower variance (1,150,528) and standard deviation (1,072.627), 
indicating more consistent and tightly clustered predictions. This difference in variability may 
reflect the CNN-BiLSTM model’s ability to capture a broader range of the data distribution, 
albeit with more fluctuation. This is well represented by the violin plot of the actual data 
values and predicted values based on BiLSTM and CNN-BiLSTM (Figure IV.4) 

The coefficient of variation (CV), which normalizes the standard deviation relative to the 
mean, provides insight into the relative variability of the predictions. The CV of the actual 
data was 0.497168. The CNN-BiLSTM model had a slightly higher CV of 0.530607, 
indicating a greater relative spread in its predictions compared to the actual data. The 
BiLSTM model, with a CV of 0.449788, exhibited lower relative variability, suggesting more 
consistent predictions relative to its mean. 

Skewness measures the asymmetry of the distribution. The actual data exhibited a 
skewness of 1.555615, indicating a positive skew with a tail towards higher values. The CNN-
BiLSTM model had a skewness of 1.646201, which closely mirrors the actual data's 
skewness, implying that this model captures the asymmetry in the distribution effectively. The 
BiLSTM model showed a lower skewness of 0.952724, indicating that its predictions are 
more symmetrically distributed around the mean, potentially underrepresenting extreme 
values. Kurtosis provides information about the "tailedness" of the distribution. The actual 
data had a kurtosis of 2.869253, suggesting a moderate level of peakedness. The CNN-
BiLSTM model, with a kurtosis of 2.800561, closely approximated this characteristic, 
indicating that its predictions capture the distribution's peakedness and the likelihood of 
extreme values quite well. In contrast, the BiLSTM model had a significantly lower kurtosis 
of 0.402579, indicating a flatter distribution with fewer extreme outliers. The Figure IV.2 well 
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explain the correlation between the actual and predicted 𝑁& output using BiLSTM, and CNN-
BiLSTM for the best models, which clearly indicates that the CNN-BiLSTM well estimated 
the extreme values compared to BiLSTM model. 

The comparison reveals that while both models provide reasonable approximations of the 
actual data, they differ in their statistical characteristics. The CNN-BiLSTM model tends to 
produce predictions that are more variable and closely aligned with the actual data in terms of 
skewness and kurtosis, making it better suited for capturing the distribution's shape and 
spread. On the other hand, the BiLSTM model offers more conservative and consistent 
predictions with lower variability and a more symmetric distribution. This suggests that the 
choice between these models should be informed by the specific requirements of the 
application, such as the need for capturing extreme values or maintaining consistent 
predictions. 

Table IV.8: Comparison of statistical metrics between actual data, BiLSTM, and CNN-
BiLSTM Models. 

 Max Min Mean Variance STD CV Skewness Kurtosis 

Actual 7309 849.8 2451.244 1485179 1218.679 0.497168 1.555615 2.869253 

BiLSTM 5151.561 799.9428 2384.736 1150528 1072.627 0.449788 0.952724 0.402579 

CNN-
BiLSTM 7634.391 807.7654 2481.973 1734362 1316.952 0.530607 1.646201 2.800561 

 

To further evaluate the predictive performance of the BiLSTM and CNN-BiLSTM models, 
we employed a Taylor diagram analysis, which provides a comprehensive visual summary by 
considering standard deviation, correlation coefficient, and centered Root Mean Square Error 
(RMSE) (Figure IV.4). According to the table, the actual data exhibits a standard deviation of 
1218.679. The BiLSTM model has a lower standard deviation of 1072.627, indicating less 
variability in its predictions compared to the actual values. On the other hand, the CNN-
BiLSTM model shows a higher standard deviation of 1316.952, which is closer to the actual 
data but slightly overestimates the variability. 

In terms of correlation coefficient, which is represented by the angle on the Taylor 
diagram, the BiLSTM model achieves a strong correlation of 0.9068 with the actual values, 
demonstrating that its predictions are generally accurate but slightly less aligned with the 
observed data. In contrast, the CNN-BiLSTM model achieves a near-perfect correlation of 
0.9806, indicating that its predictions closely match the actual data, outperforming the 
BiLSTM model in this regard. 
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On a Taylor diagram, these observations would place the CNN-BiLSTM model closer to 
the actual data reference point, with a slightly larger radius (due to the higher standard 
deviation) but a smaller angular difference, reflecting its superior correlation. Meanwhile, the 
BiLSTM model, with its lower standard deviation, would appear further from the reference 
point in terms of correlation. This analysis confirms that the CNN-BiLSTM model offers 
better overall performance in terms of both capturing the variability of the data and providing 
more accurate predictions. 

 
Figure IV.4: Violin plot of the actual data values and predicted values based on BiLSTM and 

CNN-BiLSTM. 

Furthermore, the slope of the CNN-BiLSTM regression line being closer to 1 indicates that 
its predictions are more aligned with the actual values, with only a slight overestimation 
(Figure IV.5). The higher R2 value further highlights the superior accuracy of the CNN-
BiLSTM model, as it explains 98.06% of the variance in the actual values compared to the 
90.68% explained by the BiLSTM model. These results highlight the enhanced predictive 
capability of the CNN-BiLSTM model, making it a more reliable tool for capturing the 
underlying patterns in the data and providing more accurate predictions. 
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(a) 

  
(b) 

Figure IV.5: Correlation between the actual and predicted	𝑁& output using (a) BiLSTM, 
and (b) CNN-BiLSTM for the best models during test phase. 

IV.6. VALIDATION OF BILSTM AND CNN-BILSTM MODELS 

The comparative evaluation of prediction models for FRP confined CFST columns 
highlights the remarkable performance of deep learning models, particularly the CNN-
BiLSTM, when compared to traditional empirical models. The CNN-BiLSTM model 
demonstrates superior predictive accuracy, with a significantly lower RMSE of 204.555 and 
MAE of 150.589. Its performance is further validated by an impressive NSE of 0.972, a 
Pearson correlation coefficient (R) of 0.99, and a KGE of 0.924, indicating its robustness in 
modeling the complex behavior of FRP confined CFST columns (Table IV.8). 

In contrast, the empirical models show a wide range of predictive accuracy. The model by 
Tao et al. (2007) has the highest RMSE of 949.523 and MAE of 874.451, indicating a 
significant deviation from observed data and lower predictive accuracy. The models proposed 
by Park et al. (2011), particularly Eq. (IV.8), show better performance among the empirical 
models, with RMSE values of 244.609 and 356.856, respectively, and relatively high NSE 
and KGE values. However, they still fall short when compared to the CNN-BiLSTM model. 
Similarly, the models by Che et al. (2012) and Lu et al. (2014) demonstrate moderate 
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performance, with RMSE values of 454.864 and 668.714, respectively, indicating that while 
they may be reasonably accurate, they do not match the precision of the ML-based models 
(Table IV.9). 

The empirical model by Dong et al. (2017), with an RMSE of 1136.045 and MAE of 
1033.141, exhibits poor predictive capability, underscored by a low NSE of 0.131 and KGE 
of 0.164. Ding et al. (2018) similarly show limited accuracy, with an RMSE of 640.256 and a 
modest NSE of 0.724. Among the empirical models, the worst performance is observed in the 
model by Tang et al. (2020), which not only has an extremely high RMSE of 7474.803 but 
also a negative NSE of -36.620, reflecting a model that fails to capture the underlying patterns 
in the data effectively. Ma et al. (2022) also presents suboptimal performance, with an RMSE 
of 1023.082 and a low NSE of 0.295, further emphasizing the limitations of empirical 
approaches (Table IV.9).  

This comprehensive comparison underscores the effectiveness of deep learning models, 
particularly the CNN-BiLSTM, in predicting the behavior of FRP confined CFST columns 
with high accuracy. The substantial improvement in performance metrics across all indices, 
compared to empirical models, validates the CNN-BiLSTM model as a more reliable and 
precise tool for structural analysis and design in civil engineering. The empirical models, 
while valuable, are shown to be less capable of handling the complexities inherent in such 
predictions, thus supporting the transition towards advanced ML techniques in this domain. 

Table IV.9: Performance of prediction models for FRP confined CFST columns. 

Models 
Performance indices 

RMSE MAE NSE R KGE 

M
ac

hi
ne

 
le

ar
ni

ng
-  

ba
se

d 
m

od
el

s  

BiLSTM (M12) 387.94 238.561 0.899 0.952 0.853 

CNN-BiLSTM (M11) 204.555 150.589 0.972 0.99 0.924 

Em
pi

ric
al

 m
od

el
s 

Tao et al. (2007) 949.522 874.451 0.393 0.976 0.366 

Park et al. (2011) Eq. (IV.5) 356.856 286.170 0.914 0.976 0.852 

Park et al. (2011) Eq. (IV.8) 244.608 189.112 0.960 0.982 0.910 

Che et al. (2012) 454.863 399.161 0.860 0.961 0.856 

Lu et al. (2014) 668.713 600.272 0.699 0.983 0.614 

Dong et al. (2017) 1136.044 1033.141 0.131 0.953 0.164 

Ding et al. (2018) 640.255 575.203 0.723 0.982 0.645 

Tang et al. (2020) 7474.803 3672.756 -36.620 -0.033 -0.420 

Ma et al. (2022) 1023.082 906.900 0.295 0.943 0.316 
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The comparison of statistical metrics between the actual data and various empirical models 

reveals significant variations in how these models capture the characteristics of FRP confined 
CFST columns (Table IV.10). The actual data exhibits considerable variability with a mean of 
2451.3, a variance of 1,485,176, and a standard deviation of 1218.7, indicating a distribution 
with moderate relative variability (CV = 0.497), positive skewness (1.556), and kurtosis 
(2.869). Among the empirical models, the Park et al. (2011) Eq (IV.5) model closely mirrors 
the actual data with a high mean (2420.8), although it shows greater variability, as evidenced 
by its higher variance (2,034,875.4) and standard deviation (1426.5). On the other hand, 
models such as Tang et al. (2020) significantly deviate from the actual data, with extremely 
high maximum values and a variance (46,641,023.6) that far exceeds all other models, 
indicating a distribution with excessive relative variability (CV = 1.331) and extreme 
skewness (3.801) and kurtosis (16.912). Che et al. (2012) and Park et al. (2011) Eq (IV.8) 
also exhibit a closer alignment with the actual data in terms of mean values, but still show 
variations in terms of variance, skewness, and kurtosis, suggesting some discrepancies in 
capturing the distribution's tail behavior. In contrast, models like Dong et al. (2017) and Ding 
et al. (2018) present lower maximum values and reduced variability, which might limit their 
accuracy in predicting the actual data's broader range. This analysis highlights the strengths 
and limitations of various empirical models in modeling the behavior of FRP confined CFST 
columns, with certain models demonstrating better performance in capturing the central 
tendency while others struggle with representing the distribution's spread and extreme values 
(Table IV.10). 

The empirical models exhibit varied performance in comparison to the actual data, with 
some aligning more closely with the distribution characteristics and others diverging 
significantly. Notably, when compared to the BiLSTM and CNN-BiLSTM models, the 
empirical models generally fall short in capturing the distribution's accuracy and variability 
(Table IV.10). For instance, the BiLSTM model has a mean (2384.7) and standard deviation 
(1072.6) that are closer to the actual data than most empirical models, with lower skewness 
and kurtosis, indicating a more accurate representation of the data's central tendency and 
distribution shape (Table IV.10). The CNN-BiLSTM model further improves upon this, with 
a mean (2482.0) and standard deviation (1317.0) that not only match the actual data more 
closely but also exhibit skewness (1.646) and kurtosis (2.801) values that better capture the 
data's distribution tail behavior (Table IV.9). In contrast, empirical models like Tang et al. 
(2020) and Dong et al. (2017) show significant deviations in these metrics, with Tang et al. 
(2020) displaying extreme values and high variability, which starkly contrasts the more stable 
and accurate predictions provided by the BiLSTM and CNN-BiLSTM models. This 
comparison underscores the superior predictive capabilities of the deep learning models in 
representing the complex behavior of FRP confined CFST columns (Table IV.10 and Figure 
IV.6).  
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Table IV.10: Comparison of statistical metrics between actual data, BiLSTM, CNN-BiLSTM, 
and empirical models. 

 

  

  

Figure IV.6: Comparison of BiLSTM and CNN-BiLSTM models with existing empirical 
models. 

  Max Min Mean Variance STD CV Skewness Kurtosis 

Actual 7309 849.8 2451.3 1485176.0 1218.7 0.497 1.556 2.869 

BiLSTM 5151.6 799.9 2384.7 1150528.0 1072.6 0.450 0.953 0.403 

CNN-BiLSTM 7634.4 807.8 2482.0 1734362.4 1317.0 0.531 1.646 2.801 

Tao et al. (2007) 4957.2 418.2 1576.8 870476.3 933.0 0.592 1.596 2.217 

Park et al. (2011) Eq. (IV.5) 7769.4 664.7 2420.8 2034875.4 1426.5 0.589 1.659 2.551 

Park et al. (2011) Eq. (IV.8) 6634.4 696.0 2412.2 1257311.3 1121.3 0.465 1.369 2.257 

Che et al. (2012) 6590.8 623.2 2159.5 1585979.1 1259.4 0.583 1.480 1.928 

Lu et al. (2014) 5567.6 509.0 1851.0 1015304.9 1007.6 0.544 1.556 2.309 

Dong et al. (2017) 4580.6 355.7 1418.1 750843.1 866.5 0.611 1.784 3.130 

Ding et al. (2018) 5678.0 520.9 1876.0 1072372.4 1035.6 0.552 1.550 2.228 

Tang et al. (2020) 43853.0 363.7 5132.6 46641023.6 6829.4 1.331 3.801 16.912 

Ma et al. (2022) 4824.9 388.1 1544.4 820730.2 905.9 0.587 1.791 3.313 
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Figure IV.6: Continued 
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Figure IV.6: Continued 

In the comparative analysis of various prediction models for FRP confined CFST columns, 
a comprehensive evaluation was performed using key statistical metrics, including the R, 
STD, and RMSE. The Taylor diagram, an effective graphical representation, was utilized to 
visualize the performance of these models, providing insights into their predictive accuracy 
and reliability (Figure IV.7). The deep learning-based models, particularly the BiLSTM 
(M12) and CNN-BiLSTM (M11), demonstrated superior performance compared to empirical 
models. The CNN-BiLSTM model (M11) achieved the highest correlation coefficient (R = 
0.99), indicating an excellent agreement with the actual data, along with a moderate 
normalized standard deviation (1.08), suggesting a slight overestimation of variability. Its 
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RMSE of 204.555 further emphasizes its predictive accuracy, making it the most robust 
model in this study. In contrast, the empirical models displayed varied performance. For 
instance, the model by Tao et al. (2007) showed a relatively high correlation (R = 0.976) but 
was associated with a lower normalized standard deviation (0.77), indicating an 
underestimation of data variability, alongside a significantly higher RMSE (949.522). 
Similarly, the model by Park et al. (2011), using Equation (5), had a strong correlation (R = 
0.976) but exhibited the highest normalized standard deviation (1.17) among the empirical 
models, reflecting an overestimation of variability, although its RMSE (356.856) was notably 
lower than that of Tao et al. (2007) (Figure IV.7). 

Other empirical models, such as those by Che et al. (2012) and Lu et al. (2014), presented 
balanced performance, with Che et al. (2012) achieving a correlation of 0.961 and a 
normalized standard deviation close to unity (1.03), coupled with a moderate RMSE 
(454.864). Meanwhile, the model by Tang et al. (2020) markedly underperformed, with a 
negative correlation (R = -0.033) and an excessively high normalized standard deviation 
(5.61), reflecting significant predictive inaccuracy (Figure IV.7). This analysis underscores 
the efficacy of advanced deep learning models, particularly the CNN-BiLSTM, in capturing 
the complex behavior of FRP confined CFST columns. These models consistently 
outperformed traditional empirical approaches, offering more reliable and precise predictions. 
The results suggest that the integration of deep learning techniques, especially those 
incorporating bidirectional LSTMs and convolutional layers, can significantly enhance the 
prediction of structural performance, thereby advancing the field of civil engineering 
modeling. 

 
Figure IV.7: Violin plot for comparison of BiLSTM and CNN-BiLSTM models with existing 

empirical models. 
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IV.7. CONCLUSION 

The research work presented in this chapter offers a comprehensive investigation into the 
prediction of the axial load-carrying capacity (ALCC) of Fiber Reinforced Polymer (FRP)-
confined Concrete-Filled Steel Tubes (CFST) under axial compression using hybrid deep 
learning (HDL) approaches. A large dataset comprising 255 experimental results of FRP-
confined CFST samples subjected to axial compression loads was compiled from previous 
literature. Based on this database, deep learning models, specifically a hybrid CNN-BiLSTM 
model and a traditional BiLSTM model were developed to predict the ALCC of strengthened 
columns with a hybrid confinement system (FRP wraps–steel tube). 

The deep learning models, particularly the CNN-BiLSTM, outperformed the traditional 
BiLSTM model, demonstrating significant improvements in prediction accuracy. The CNN-
BiLSTM model achieved the lowest root mean square error (RMSE) of 204.555 and a mean 
absolute error (MAE) of 150.589, indicating its superior predictive capability compared to 
empirical models. For example, CNN-BiLSTM outperformed empirical models such as that 
proposed by Tao et al. (2007), which reported an RMSE of 949.523 and an MAE of 874.451, 
highlighting the advantage of advanced deep learning models in addressing complex 
prediction tasks. 

Empirical models, while valuable, exhibited greater deviations compared to deep learning 
models. For example, the model proposed by Park et al. (2011) (Eq. (8)) provided more 
accurate predictions than other empirical approaches but still fell short when compared to the 
CNN-BiLSTM results. 

The next chapter focuses on the finite element analysis of axially loaded FRP-confined 
concrete-filled steel tube columns in order to numerically simulate their structural response 
and examine the influence of key governing parameters. 
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V.1. INTRODUCTION 

Previous studies have primarily focused on predicting the axial strength and axial strain of 
FRP-confined concrete columns under concentric loading. However, limited research has 
been conducted on predicting the axial load-carrying capacity and ductility of hybrid FRP–
steel tube confined concrete columns. The present chapter aims to investigate the structural 
behavior of fiber-reinforced polymer (FRP) wrapped concrete-filled steel tube (CFST) 
columns under axial concentric loading by employing a finite element analysis (FEA) model 
capable of accurately predicting axial load-carrying capacity and ductility. To achieve this, a 
total of 40 experimental tests on FRP-confined CFST columns, collected from previous 
studies, were simulated using the ABAQUS software package. The FEA results were then 
compared with experimental data from the 40 FRP-confined CFST specimens. Additionally, a 
detailed parametric study was conducted using the FEA model to investigate the effects of 
two parameters such as diameter-to-thickness ratio (𝐷 𝑡!⁄ ) and height-to-diameter ratio 
(𝐻 𝐷⁄ ) ratio on the load-carrying capacity and ductility of the columns. 

In this chapter, the work was carried out in collaboration with Dr. Asma Yasseen Hamed 
from the Construction and Building Department, Higher Institute of Engineering and 
Technology, Luxor, Egypt. We express our sincere gratitude to her for the valuable guidance 
and support provided throughout the finite element analysis phase using ABAQUS software. 
Dr. Hamed generously offered detailed explanations and practical insights that greatly 
enhanced the quality of the modelling process. She assisted me, in understanding how to 
accurately simulate all the experimental specimens and extract reliable FE results. In addition, 
she provided several instructional videos to further illustrate the modelling steps and clarify 
essential procedures. Her contributions were instrumental in advancing the numerical analysis 
presented in this chapter, and her expertise significantly strengthened the methodological 
robustness of the study. 

V.2. EXPERIMENTAL TEST DATASET  

The experimental database used in this study is derived from the comprehensive dataset 
that was developed in Chapter IV, ensuring consistency in data structure and parameter 
selection. The final dataset includes 40 experimental results on FRP-wrapped CFST columns 
subjected to concentric axial loading, collected from five key references (Gu et al. 2004; Che 
et al. 2012; Wei et al. 2014; Ding et al. 2018; Na et al. 2018), as summarized in Table V.1. 
None of the specimens contained internal steel reinforcement. Each column is defined by its 
designation, FRP type (CFRP or BFRP), geometric properties (height 𝐻, diameter 𝐷, steel 



CHAPTER V: Finite Element Analysis of Axially Loaded FRP-Confined Concrete Filled Steel Tube 
Columns 

163 
 

tube thickness (𝑡!), FRP thickness (𝑡"#$), and number of layers (𝑛"), and material 
characteristics including steel yield strength (𝑓%), FRP tensile strength (𝑓"#$), FRP elastic 

modulus (𝑓"#$), and concrete compressive strength (𝑓&'). As presented in Table V.1, the 
concrete compressive strength varied between 31.2 and 57.4 MPa, while the steel tubes 
exhibited yield strengths of 310–365 MPa. The CFRP and BFRP materials used across the 
studies demonstrated tensile strengths ranging from 1260 to 4500 MPa, with single-layer FRP 
thicknesses between 0.111 and 0.167 mm. The diameter-to-thickness ratio (𝐷 𝑡!⁄ ) of the steel 
tubes ranged from 17.7 to 84.7, and the height-to-diameter ratio (𝐻 𝐷⁄ ) varied from 3.00 to 
16.00 across the entire dataset. 

 
Table V.1: Details of modeled FRP-confined CFST specimens. 

Specimen 
designation 

FRP 
type 

Geometric Properties Material Properties 

𝑯 𝑫 𝒕𝒔 𝑫
/𝒕𝒔 

𝑯
/𝑫 

𝒕𝒇 
𝒏𝒇 

Steel FRP Concrete 

mm mm mm mm 𝒇𝒚 
MPa 

𝒇𝒇 
MPa 

𝑬𝒇 
GPa 

𝒇𝒄%  
MPa 

Gu et al. (2004) 

1-1.5 CFRP 400 127 1.5 84.7 3.15 0.167 1 350 1260 230 40.15 

1-2.5 CFRP 400 129 2.5 51.6 3.10 0.167 1 350 1260 230 40.15 

1-3.5 CFRP 400 131 3.5 37.4 3.05 0.167 1 310 1260 230 40.15 

1-4.5 CFRP 400 133 4.5 29.6 3.00 0.167 1 310 1260 230 40.15 

2-1.5 CFRP 400 127 1.5 84.7 3.15 0.167 2 350 1260 230 40.15 

2-2.5 CFRP 400 129 2.5 51.6 3.10 0.167 2 350 1260 230 40.15 
2-3.5 CFRP 400 131 3.5 37.4 3.05 0.167 2 310 1260 230 40.15 

2-4.5 CFRP 400 133 4.5 29.6 3.00 0.167 2 310 1260 230 40.15 

Che et al. (2012)  

CSC A-2 CFRP 381 127 1.5 84.7 3.00 0.167 2 330 4500 228 36.2 
CSC B-1 CFRP 387 129 2.5 51.6 3.00 0.167 1 330 4500 228 36.2 

CSC B-2 CFRP 387 129 2.5 51.6 3.00 0.167 2 330 4500 228 36.2 

CSC C-2 CFRP 393 131 3.5 37.4 3.00 0.167 2 330 4500 228 36.2 

Wei et al. (2014)  

C-B1-3.0 BFRP 400 133 3.0 44.3 3.01 0.111 1 365 4067 239 31.2 

C-B2-3.0 BFRP 400 133 3.0 44.3 3.01 0.111 2 365 4067 239 31.2 

C-C1-3.0 CFRP 400 133 3.0 44.3 3.01 0.111 1 365 4067 239 31.2 

C-C2-3.0 CFRP 400 133 3.0 44.3 3.01 0.111 2 365 4067 239 31.2 

C-B1-4.5 BFRP 400 133 4.5 29.6 3.01 0.111 1 365 4067 239 34.7 

C-B2-4.5 BFRP 400 133 4.5 29.6 3.01 0.111 2 365 4067 239 34.7 

C-C1-4.5 CFRP 400 133 4.5 29.6 3.01 0.111 1 365 4067 239 34.7 
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C-C2-4.5 CFRP 400 133 4.5 29.6 3.01 0.111 2 365 4067 239 34.7 

C-B1-6.0 BFRP 400 133 6.0 22.2 3.01 0.111 1 365 4067 239 34.7 

C-B2-6.0 BFRP 400 133 6.0 22.2 3.01 0.111 2 365 4067 239 34.7 

C-C1-6.0 CFRP 400 133 6.0 22.2 3.01 0.111 1 365 4067 239 34.7 

C-C2-6.0 CFRP 400 133 6.0 22.2 3.01 0.111 2 365 4067 239 34.7 
C-B1-7.5 CFRP 400 133 7.5 17.7 3.01 0.111 1 365 4067 239 34.7 

C-B2-7.5 CFRP 400 133 7.5 17.7 3.01 0.111 2 365 4067 239 34.7 

C-C1-7.5 CFRP 400 133 7.5 17.7 3.01 0.111 1 365 4067 239 34.7 

C-C2-7.5 CFRP 400 133 7.5 17.7 3.01 0.111 2 365 4067 239 34.7 

Ding et al. (2018) 

C3ST1-A CFRP 900 299 3.7 79.7 3.01 0.167 1 311 3481 245 39.3 

C3ST1-B CFRP 900 305 3.7 80.9 2.95 0.167 1 311 3481 245 39.3 

C3ST2-A CFRP 900 300 3.6 81.7 3.00 0.167 2 311 3481 245 39.3 

C3ST2-B CFRP 900 299 3.7 80.8 3.01 0.167 2 311 3481 245 39.3 

C5ST1-B CFRP 900 300 3.7 80.4 3.00 0.167 1 311 3481 245 57.4 

C5ST2-A CFRP 900 299 3.7 79.9 3.01 0.167 2 311 3481 245 57.4 

C5ST2-B CFRP 900 300 3.6 81.5 3.00 0.167 2 311 3481 245 57.4 

Na et al. (2018) 

2C-3.5 CFRP 588 168 6.0 28.0 3.50 0.111 2 243 3550 250 38.0 

2C-6 CFRP 1008 168 6.0 28.0 6.00 0.111 2 243 3550 250 38.0 

2C-8 CFRP 1344 168 6.0 28.0 8.00 0.111 2 243 3550 250 38.0 
2C-12 CFRP 2016 168 6.0 28.0 12.0 0.111 2 243 3550 250 38.0 

2C-16 CFRP 2688 168 6.0 28.0 16.0 0.111 2 243 3550 250 38.0 

 

V.3. 3D FINITE ELEMENT SIMULATION 

In structural engineering research, three-dimensional (3D) finite element (FE) simulations 
play a pivotal role in interpreting experimental data and understanding the behavior of 
concrete compression members reinforced with FRP and steel tube materials. Accurate 
numerical models can predict the initiation and propagation of cracks, identify various failure 
modes, assess the influence of key governing parameters, and provide explanations for 
experimental observations that are difficult or impossible to measure directly. Realistic and 
reliable models must capture the complex behavior of concrete, including its nonlinear 
compressive response, post-cracking tensile behavior, and the bond-slip interactions at the 
FRP-steel-concrete interfaces. The primary objective of this chapter is to develop a 3D 
nonlinear finite element model capable of predicting the behavior of CFST columns 
externally strengthened with FRP wraps under axial compression. To achieve this goal, 
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commercial finite element analysis (FEA) software ABAQUS was employed. In this context, 
A detailed 3D model was developed, incorporating the column’s geometry, material 
properties, and boundary conditions. Experimentally obtained stress–strain relationships for 
FRP-wrapped CFST columns were incorporated into the model to ensure realistic material 
behavior under different loading conditions. The simulation was carefully designed to 
replicate the actual performance of the columns under axial loading. This analysis provided 
key insights into the structural behavior, including the ultimate axial capacity and the axial 
load–strain response, as reported by Thai et al. (2014) and Mansour et al. (2024). 

V.3.1. Types of elements and meshing strategy 

The behavior of FRP-confined CFST columns under axial compression loads was 
simulated using a finite element model developed in ABAQUS. The concrete core was 
simulated by 8-node linear brick elements (C3D8R), while the steel tubes and FRP wraps 
were simulated using 4-node doubly curved thin shell elements (S4R) Hassanein et al. (2018) 
and Mansour et al. (2024). The interaction between the inner steel tube surface and the outer 
concrete surface was modeled in ABAQUS using a surface-to-surface contact approach 
(Mansour et al. 2024). For the normal direction, a hard contact condition was applied to 
ensure complete transfer of compressive forces while preventing tensile stress transmission 
across the interface. The tangential behavior was defined using Coulomb friction, with a 
coefficient of 0.6, following the recommendations of Tao et al. (2013), Tam et al. (2023), and 
Mansour et al. (2024). Experimental observations indicated no debonding between the FRP 
strengthening sheets and the steel tube surfaces; therefore, a perfect bond (tie) interaction was 
used to connect the FRP to the steel, designating the steel as the master surface and the FRP 
as the slave surface.  

The performance of the proposed model, as well as the required computational time, 
strongly depends on the selection of the element type for each component of the FRP-
strengthened CFST columns. Moreover, an appropriate mesh size setting helps resolve 
convergence issues that could prevent the completion of the model and ensures effective load 
transfer Mansour et al. (2024). In the present model, the mesh size was set to approximately 
1/15 of the diameter of the CFST tubular column, in accordance with the recommendations of 
Tao et al. (2013) and Mansour et al. (2022). Details regarding the element types, mesh size, 
and boundary conditions are shown in Figure V.1. Additionally, the bottom surface of the 
column was fully restrained, preventing any translation or rotation to properly define the 
boundary conditions. The displacement at the reference point (RP2) was allowed only in the 
direction of axial loading, while displacements along the X and Y axes and all rotational 
degrees of freedom (URx, URy, URz) were fixed at zero; the axial displacement (Uz) 
remained free to vary. Using a displacement-controlled approach, a concentrically applied 
axial compressive force was introduced through the upper reference point (RP1). To ensure 
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uniform compression, this reference point was linked to the top surface of the uppermost tube. 
The axial displacement load was applied along the Z-axis at the reference point. 

 

 
a) Concrete, steel and FRP elements 

 
c) Boundary condition and loading 

Figure V.1: Detail of FE simulation of FRP-confined CFST columns.	

V.3.2. Material Modeling 

V.3.2.1. Confined concrete 
In CFST columns strengthened externally with FRP wraps, the concrete core must be 

simulated as confined concrete since it is restrained simultaneously by the combined effect of 
steel tube and the FRP wraps as seen in Figure V.2.  

The confined concrete stress–strain behavior was modeled following the approach 
proposed by Tao et al. (2011, 2013). To accurately capture the response of confined concrete, 
three distinct regions were defined, as illustrated in Figure V.2. The first region represents the 
linear elastic stage, corresponding to the initial elastic stress range from point O to point A. 
Within this stage, the concrete’s modulus of elasticity (𝐸&) and Poisson’s ratio (𝜐) must be 
specified. The value of 𝐸& was calculated using Eq. (V.1) in accordance with the ACI 
guidelines (ACI 2008), while 𝜐 was taken as 0.20, consistent with the findings of Tao et al. 
(2013). 

𝐸& = 4700/𝑓&( (V.1) 
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Where 𝑓&((𝑀𝑃𝑎) is the compressive strength of concrete cylinder. 

 
Figure V.2: confined concrete behavior 

 
In addition, within the first region, the confining influence of the steel tube and FRP 

wrap on the concrete was neglected, so the core concrete exhibited behavior similar to that of 
unconfined concrete. Accordingly, the ascending portion of the stress–strain curve, was 
defined using the model proposed by Samani and Attard (2012) (Eq. V.2). 

 

𝑓
𝑓&(

= 𝑓( 3
4)!
)"
5 𝑟

𝑟 − 1 + 4)!
)"
5
#: 

(V.2) 

  

𝑟 =
𝐸&

𝐸& − 4
"#
)"
5
 (V.3) 

Where,	𝑓	 is the compressive stress corresponding to compressive strain 	𝜀*; 𝑓(	and	𝜀& 
represent the peak stress of the confined concrete, and 𝜀( represent the peak strain of concrete 
under uniaxial compression for circular FRP-confined CFST columns, determined using the 
expression of (Nicolo et al. 1994): 
 

𝜀( = 0.00076 + /(0.626𝑓&( − 4.33) × 10+, (V.4) 

 
After reaching the peak compressive stress (𝑓&() at point A, the plateau stage (AB), the 

second zone, will be initiated. The plateau zone defines the plastic progress of the core 
concrete after reaching peak stress. Then, the stain continues to increase until the core 
concrete’s lateral expansion was stopped by steel tube and FRP wraps. At point (B), the strain 
is determined using the expression given by Eq (V.5) suggested by Samani and Attard (2012)  
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𝜀&&
𝜀&(

= 𝑒- 	,					𝑘 = (2.9224 − 0.00367𝑓&() I
𝑓.
𝑓&(
J
/.12345/.//3"$#

 (V.5) 

At point B, 𝑓. represents the confining stress acting on the concrete core due to the 
combined effects of the FRP wraps and the steel tube. Tao et al. (2013) provided the 
following equation to calculate the confining stress of the core concrete (𝑓.) 

 

𝑓. =
K1 + 0.027𝑓%L𝑒

+/./3%&

1 + 1.6𝑒+2/"$"'.)
 (V.6) 

 
After point B, the core concrete enters the softening phase, corresponding to the third 

region BC, as illustrated in Figure V.2. The stress–strain relationship in this stage is 
represented by an exponential function, following the formulation proposed by Binici (2005) 
and expressed as follows: 

 

𝜎 = 𝑓# + (𝑓&( − 𝑓#)𝑒𝑥𝑝 P− 4
𝜀* − 𝜀&&

𝛼 5
6
R 															𝜀 ≥ 𝜀&& 

(V.7) 

In this context, 𝑓# denotes the residual stress, while α and β are parameters that characterize 
defining the descending portion of the third region (BC). 

According to Tao et al. (2013 ), β is taken as 1.2, and the values of 𝑓#, α, 𝜉& are 
determined using the expressions below: 

 
𝑓# = 0.7K1 − 𝑒+2.178$L𝑓&( ≤ 0.25𝑓&( (V.8) 

  

𝛼 = 0.04 −
0.036

1 + 𝑒9./78$+1.4:
 (V.9) 

  
𝜉& = (𝑓"#$𝐴"#$ + 𝑓%!𝐴!)/𝑓&(𝐴& (V.10) 

Here, 𝜉& represents the confinement factor, 𝑓"#$ and 𝐴"#$	correspond to the tensile strength 
and cross-sectional area of the FRP, 𝑓%!	and 𝐴! denote the yield strength and cross-sectional 
area of the steel tube, and 𝐴& is the cross-sectional area of the concrete core. 

In ABAQUS, the behavior of the confined concrete was represented using the Concrete 
Damage Plasticity (CDP) model. The parameters necessary for defining the CDP model are 
listed in the following Table. 

 

 

 



CHAPTER V: Finite Element Analysis of Axially Loaded FRP-Confined Concrete Filled Steel Tube 
Columns 

169 
 

 

Table V.2: Concrete damage plasticity parameters (Mansour et al. 2024). 
Dilation 

angle 
Eccentricity Bi-axial to uniaxial 

compressive stress 
Shape factor Viscosoty 

parameter 
40 0.1 1.277 0.667 0.0005 

 
In addition, the tensile response of the confined concrete was described using the fracture 

energy approach. According to this criterion, the concrete’s fracture energy (𝐺")	 and its 
corresponding tensile strength (𝑓;) were determined using Eq. (V.11) (Tang et al. 2020) and 
Eq. (V.11) (ACI 2008), respectively. 

 
𝐺" = 2.5(10+1)𝛼(0.10𝑓&()/.,/ (V.11) 

  

𝑓; = 0.33/𝑓&( (V.12) 

where 	= 	1.25𝑑𝑚𝑎𝑥	 + 	10 , and 𝑑<=* is the diameter of coarse aggregate in the concrete. 
 
The analysis of the stress-strain relationship of confined concrete subjected to tension 

was conducted utilizing the tensile constitutive model. This was achieved through the 
application of the following equation. 

𝜎; = 𝑓; I
𝜀&;
𝜀*
J
/.7>

 
(V.13) 

  

𝜀!" =
#&
$'

   and   𝑓; = 0.26(1.25𝑓&()3 1⁄  (V.14) 

 

V.3.2.2. Steel tube Modeling 
To propose a steel stress-strain model, an elastic-plastic behavior characterized by 

multilinear hardening and a four-stage stress-strain relationship was employed, as proposed 
by Tao et al. (2013), and depicted in Figure V.3. This relationship is applicable to steel 
exhibiting yield strengths (𝑓%!) between 200 MPa and 800 MPa. The elastic constants, which 
include the modulus of elasticity (𝐸!) and Poisson's ratio, were specified as 2.1 GPa and 0.3, 
respectively. The elastic and plastic regions were identified using the following equations. 

 

𝜎 =

⎩
⎪
⎨

⎪
⎧
𝐸!𝜀																																																																						0 ≤ 𝜀 < 𝜀%
𝑓%																																																																								𝜀% ≤ 𝜀 < 𝜀$

𝑓@ − K𝑓@ − 𝑓%L a
𝜀@ − 𝜀
𝜀@ − 𝜀$

b
$

																														𝜀$ ≤ 𝜀 < 𝜀@

𝑓@																																																																																					𝜀 ≥ 𝜀@

 (V.15) 
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In which 𝑓@ is the ultimate strength; 𝜀% is the yield strain, 𝜀% 	= 	 𝑓%/𝐸!; 𝜀$ is the strain at 
the onset of strain hardening; 𝜀@ is the ultimate strain corresponding to the ultimate strength; 
𝑝 is the strain-hardening exponent, which can be determined by 

 

𝑝 = 𝐸$ a
𝜀@ − 𝜀$
𝑓@ − 𝑓%

b (V.16) 

 
In which 𝐸$ is the initial modulus of elasticity at the onset of strain-hardening, and can be 

taken as 0.02𝐸!. 𝜀$ and 𝜀@ are determined using Eqs. (V.17) and (V.18), respectively. 
 

𝜀$ = c
15𝜀%

d15 − 0.018K𝑓% − 300Lf𝜀%
𝑓% ≤ 300𝑀𝑃𝑎

																					300𝑀𝑃𝑎 ≤ 𝑓% ≤ 800𝑀𝑃𝑎 (V.17) 

  

𝜀@ = c
100𝜀%

d100 − 0.15K𝑓% − 300Lf𝜀%
𝑓% ≤ 300𝑀𝑃𝑎

																					300𝑀𝑃𝑎 ≤ 𝑓% ≤ 800𝑀𝑃𝑎 (V.18) 

 
A simplified illustration of this material model is provided in Figure V.3. As shown, the 

complete stress–strain response can be defined using only three fundamental parameters: the 
yield strength (𝑓%), the ultimate strength (𝑓@), and the elastic modulus (𝐸!). When the elastic 

modulus 𝐸! was not specified for a given specimen, a default value of 200,000 MPa was 
adopted in the numerical model. Similarly, in cases where the ultimate tensile strength 𝑓@ was 
not provided, it was estimated from the yield strength 𝑓% using the relationship proposed by 
Tao et al. (2013). 

 

𝑓@ = c
d1.6 − 2 × 10+1K𝑓% − 200Lf𝑓%

d1.2 − 3.75 × 10+4K𝑓% − 400Lf𝑓%

																					200𝑀𝑃𝑎 ≤ 𝑓% ≤ 400𝑀𝑃𝑎
																						300𝑀𝑃𝑎 ≤ 𝑓% ≤ 800𝑀𝑃𝑎 (V.19) 
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Figure V.3: Stress–strain behavior for structural steel as suggested by Tao et al. (2013). 
 

V.3.2.3. FRP Modeling 
In this FE analysis, the FRP jackets were modeled as an orthotropic material. Their 

substantial tensile capacity along the fiber direction was accounted for, while their 
compressive behavior was intentionally omitted. Consequently, the LAMINA material 
formulation was employed to specify the elastic modulus, shear modulus, and Poisson’s ratio 
of the FRP layers, using the mechanical properties reported in the experimental programs 
adopted for model validation (Mansour et al. 2024). Since experimental studies consistently 
showed that FRP jackets failed by tensile rupture, it was essential to incorporate appropriate 
damage parameters into the FE model. The degradation of the FRP material was characterized 
using its elastic modulus (𝐸"), tensile capacity (𝑓"), and the associated failure criteria. The 
directional strengths of the FRP both along and across the fibers were introduced based on 
manufacturer data and implemented using the Hashin failure model. According to Mansour et 
al. 2024, The corresponding damage evolution parameters adopted for the FRP layers are 
provided in Table V.3, following the recommendations of Hany et al. (2016) and Shi et al. 
(2012). 

Table V.3: Damage evolution of the FRP composites (Mansour et al. 2024). 
Longitudinal tensile 
fracture energy (N 

mm/mm²) 

Longitudinal 
compressive fracture 
energy  (N mm/mm²) 

Transverse tensile 
fracture energy 

(N mm/mm²) 

Transverse 
compressive fracture 
energy (N mm/mm²) 

91.6 79.9 0.22 1.1 
 

V.3.3. Validation of FEM with test specimens 

To assess the accuracy of the developed finite element model (FEM) via the ABAQUS 
software, an exhaustive validation investigation is performed through a comparative analysis 
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of simulation outcomes against experimental findings of five distinct research work namely; 
Gu et al. (2004), Che et al. (2012), Wei et al. (2014), Ding et al. (2018), and Na et al. (2018). 
All selected specimens were strengthened with FRP-steel tube and subjected to axial 
compression loads. The detail information of each experimental test was presented in Table 
V.1. The primary indices of performance for validation proceedings are the axial load 
bearing-capacity and the axial strain of the FRP-confined CFST columns. Table V.2 presents 
the calculated deviation for each FRP-confined CFST column, FEMs against experimental 
data in (Gu et al. 2004, Che et al. 2012, Wei et al. 2014, Ding et al. 2018, and Na et al. 2018) 
works. In general, the deviations in axial load predictions remain within a reasonable range, 
often below 5%, indicating good agreement between simulation and experimental results. 
Some specimens, such as CSC A-2 (10.22%), C-C2-3.0 (14.65%), and C5ST2-A (7.00%), 
show relatively higher deviations, which may be attributed to localized failure mechanisms or 
boundary conditions not fully captured by the FEM model. On the other hand, specimens like 
C-B1-4.5 (0.24%) and C-C2-6.0 (0.17%) display minimal discrepancies, confirming the FEM 
model's high accuracy in predicting peak axial capacity in specific configurations.  

For the axial strain results, the findings show more variation, with several specimens 
exhibiting deviations exceeding 10%. Examples include 1-1.5 (17.58%), CSC A-2 (21.01%), 
and C-C1-4.5 (27.21%). These differences are likely due to complexities in strain distribution, 
confinement effects, and the inability of the numerical model to fully replicate material 
damage and post-peak deformation behavior. Nevertheless, many cases show acceptable 
agreement in strain predictions, such as C3ST2-A (0.10%) and 2C-12 (1.13%), reflecting the 
model’s ability to capture deformation characteristics under certain conditions.  

Specifically, in the study by Gu et al. (2004), FEM results correlate well with experimental 
data, especially for axial load with most deviations under 4%. However, strain deviations such 
as 20.76% in specimen 1-3.5 indicate challenges in accurately simulating ductility and post-
peak responses. In Che et al. (2012), the FEM slightly overestimated axial load in CSC A-2 
and CSC B-2 with around 10% deviation, while strain deviations also indicated some 
sensitivity to composite interaction modeling. Wei et al. (2014) demonstrated consistent 
results between experimental and FEM data in most specimens. Yet, higher deviations in 
some cases, such as C-C2-3.0 and C-C1-4.5, suggest the need for improved confinement and 
material modeling in strain simulations. For Ding et al. (2018), FEM predictions are notably 
accurate for both axial load and strain, with deviations typically under 7%. This highlights the 
model’s robustness for thick-walled and highly confined CFST columns. Similarly, Na et al. 
(2018) showed a strong correlation between FEM and experimental outcomes in both axial 
load and strain, with deviations generally below 4%. Higher deviations in strain, such as in 
2C-16 (17.58%), could be due to localized effects such as buckling not fully represented in 
the simulations. 
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Table V.4: Ultimate axial load and axial strain for FRP confined CFST columns. 

xperimental 
study 

Specimen 
designation 

Experimental 
result   FEM result 

 
Deviation (%) 
 

Axial load 
(kN) 

Axial 
strain x 
103  

Axial 
load 
(kN) 

Axial 
strain x 
103 

Axial 
load 

Axial 
strain 

Gu et al. (2004) 1-1.5 1095.02 10.01 1112.27 8.25 1.58 17.58 
1-2.5 1313.43 12.96 1346.90 14.43 2.55 11.34 

 1-3.5 1329.59 11.32 1282.09 8.97 3.57 20.76 
 1-4.5 1682.71 16.44 1739.32 16.61 3.36 1.03 
 2-1.5 1285.33 16.49 1248.00 15.60 2.90 5.40 
 2-2.5 1531.98 17.34 1543.33 15.89 0.74 8.36 
 2-3.5 1573.74 16.45 1586.72 15.73 0.82 4.37 
 2-4.5 1798.80 19.59 1834.70 19.65 1.99 0.3 
Che et al. 
(2012) 

CSC B-1 1333.80 11.47 1294.44 10.91 2.95 4.88 
 CSC A-2 1395.48 13.04 1538.09 15.78 10.22 21.01 
 CSC B-2 1535.66 16.49 1685.12 16.74 9.73 1.52 
 CSC C-2 1869.03 14.53 2000.68 16.29 7.04 12.11 
Wei et al. 
(2014) 

C-B1-3.0 1174.74 14.48 1189.48 14.16 1.25 2.21 
 C-B2-3.0 1390.88 21.50 1374.86 20.11 1.15 6.47 
 C-C1-3.0 1447.07 17.86 1418.98 20.10 1.94 12.54 
 C-C2-3.0 1548.56 17.21 1775.48 18.60 14.65 8.08 
 C-B1-4.5 1670.41 16.18 1666.47 13.49 0.24 16.63 
 C-B2-4.5 1929.11 23.89 2036.54 26.35 5.57 10.30 
 C-C1-4.5 1785.46 11.98 1870.27 15.24 4.75 27.21 
 C-C2-4.5 1954.68 15.57 2050.84 18.93 4.92 21.58 
 C-B1-6.0 2025.27 22.12 1989.90 20.75 1.75 6.19 
 C-B2-6.0 2174.61 23.40 2095.22 19.63 3.65 16.11 
 C-C1-6.0 1858.96 14.21 1882.47 12.25 1.26 13.79 
 C-C2-6.0 2302.23 19.93 2306.05 18.30 0.17 8.18 
 C-B1-7.5 2156.69 20.00 2185.56 20.48 1.34 2.40 
 C-B2-7.5 2257.07 25.48 2271.62 25.90 0.64 1.65 
 C-C1-7.5 2085.67 23.50 2209.31 19.30 5.93 17.87 
 C-C2-7.5 2348.57 19.50 2329.91 18.04 0.79 7.49 
Ding et al. 
(2018) 

C3ST1-A 4497.85 7.02 4642.53 6.20 3.22 11.68 
 C3ST1-B 4506.11 6.15 4642.53 6.20 3.03 0.81 
 C3ST2-A 5526.51 10.13 5679.64 10.14 2.77 0.10 
 C3ST2-B 5543.24 9.55 5679.64 10.14 2.46 6.18 
 C5ST1-B 5849.83 9.57 5595.16 11.09 4.35 15.88 
 C5ST2-A 6872.66 10.72 7353.42 9.36 7.00 12.69 
 C5ST2-B 6892.41 8.52 7353.42 9.36 6.69 9.86 
Na et al. (2018) 2C-3.5 2358.31 17.44 2382.22 16.78 0.45 2.97 
 2C-6 2165.97 18.36 2162.12 17.39 0.33 5.91 
 2C-8 2012.92 16.73 2038.99 16.77 2.12 1.37 
 2C-12 1805.35 11.31 1909.95 11.61 3.77 1.13 
 2C-16 1513.04 2.88 1487.40 2.87 1.58 17.58 
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V.3.4. Comparison of finite element model simulation with experimental results 
of Gu et al.  

Figure V.4(a-d) compares the experimental axial load-axial strain results with those 
obtained through the FEA (finite element analysis) models for eight concrete specimens 
confined by both steel tubes and fiber-reinforced polymer (FRP) wraps (FRP-CFST), 
subjected to concentric axial loading, as tested by Gu et al. (2004). The continuous lines 
represent the experimental results, while the dashed lines indicate the FEM model predictions. 
The test parameters include column diameters (𝐷) of 127, 129, 131, and 133 mm, steel tube 
thicknesses (𝑡!) of 1.5, 2.5, 3.5, and 4.5 mm, FRP wrap thickness (𝑡"#$) of 0.167 mm, and the 
compressive strength of unconfined concrete (𝑓&') of 40.15 MPa. The designation "1" refers to 
specimens wrapped with a single layer of FRP (e.g., 1-1.5), while "2" corresponds to 
specimens wrapped with two layers of FRP (e.g., 2-1.5).  

The comparison of the results shows that increasing the number of FRP layers significantly 
enhances the axial load-carrying capacity, as evidenced by the higher peak load observed in 
the two-layer specimens compared to those with a single layer. This improvement is well 
captured by the FEM model, which closely matches the experimentally observed peak loads. 
Moreover, the post-peak behavior indicates improved ductility with two FRP layers, as both 
the experimental and numerical curves exhibit a more gradual load decline, reflecting better 
energy dissipation capacity.  

The FEM results also show good agreement in terms of initial stiffness and overall axial 
load-axial strain behavior. However, slight deviations are observed in the early inelastic 
region, likely due to the idealized assumptions of the numerical model. Overall, the FEM 
model accurately predicts both the strength and ductility of FRP-confined CFST columns, 
confirming its effectiveness for simulating and analyzing such composite systems. 
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(a)-	𝐷 = 127	𝑚𝑚, 𝑡! = 1.5	𝑚𝑚 

 
(b)- 𝐷 = 129	𝑚𝑚, 𝑡! = 2.5	𝑚𝑚 

 
 
 
 



CHAPTER V: Finite Element Analysis of Axially Loaded FRP-Confined Concrete Filled Steel Tube 
Columns 

176 
 

 
(c)- 𝐷 = 131	𝑚𝑚, 𝑡! = 3.5	𝑚𝑚 

 
(d)- 𝐷 = 133	𝑚𝑚, 𝑡! = 4.5	𝑚𝑚 

Figure V.4: Axial load-axial deformation verification FEMs and Gu et al. (2004).tests results 
with (𝑡" = 0.167	𝑚𝑚, 𝑓&' = 40.15𝑀𝑃𝑎). 
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V.3.5. Comparison of finite element model simulation with experimental results 
of Che et al.  

The Figure V.5(a-d) illustrates a comparative analysis between experimental results and 
Finite Element Method (FEM) predictions for FRP-confined concrete-filled steel tube (FRP-
CFST) specimens under concentric axial loading, and tested by Che et al. (2012). The 
parameters in the figures include column diameter (𝐷), steel tube thickness (𝑡!), FRP wrap 
thickness (𝑡"#$), and compressive strength of unconfined concrete (𝑓&'). The labels "1" and "2" 

denote the number of FRP layers, representing one and two layers, respectively. 

From the graphs, it is evident that the FEM results are in good agreement with the 
experimental curves in terms of both initial stiffness and peak load capacity. However, minor 
deviations are noticed in the post-peak region, particularly in the inelastic zone, likely due to 
idealized assumptions in the numerical modeling. 

For Specimen CSC A-2 (𝐷	 = 	127	𝑚𝑚, 𝑡! = 	1.5	𝑚𝑚), the FEM prediction follows the 
experimental curve quite well up to the peak load. The divergence becomes slightly more 
noticeable in the post-peak regime, but the overall trend and deformation behavior are well 
captured by the FEM. 

In Specimens CSC B-1 and B-2 (𝐷	 = 	127	𝑚𝑚, 𝑡! 	= 	2.5	𝑚𝑚), a more prominent 
difference is observed between one and two layers of FRP confinement. The specimen with 
two FRP layers (CSC B-2) exhibits significantly higher axial strength and enhanced ductility, 
indicated by a smoother post-peak decline and delayed failure. This clearly demonstrates the 
beneficial effect of additional FRP layers in improving the confinement efficiency and energy 
dissipation capacity. 

The FEM results for both CSC B-1 and CSC B-2 closely follow the experimental curves, 
successfully predicting the relative increase in strength and ductility associated with the 
second FRP layer. The model accurately reflects the impact of increased confinement due to 
the thicker steel tube and additional FRP layer, validating its reliability in simulating FRP-
CFST structural behavior. 

The thicker steel tube (𝑡! 	= 	3.5	𝑚𝑚) in CSC C-2 provides stronger confinement, which 
improves the specimen’s axial load capacity and ductility, as expected. However, the finite 
element model predicts more controlled behavior with a slower post-peak load decrease 
compared to the experimental results, where failure appears more abrupt. This discrepancy is 
likely due to factors like material imperfections, boundary effects, or localized instabilities 
that are difficult to capture in the idealized finite element model. In any case, the thicker steel 
tube should have contributed to better overall performance in CSC C-2, especially in terms of 
axial load-bearing capacity.. 
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(a) CSC A-2 (𝑡! = 1.5	𝑚𝑚 ) 

 
(b) CSC B-1 (𝑡! = 2.5	𝑚𝑚 ) 
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(c) CSC B-2 (𝑡! = 2.5	𝑚𝑚 ) 

 
(d) CSC C-2		(𝑡! = 3.5	𝑚𝑚) 

Figure V.5: Axial load-axial deformation verification FEMs and Che et al. (2012) tests 
results with (𝐷 = 127	𝑚𝑚, 𝑡" = 0.167	𝑚𝑚, 𝑓′& = 36.2	𝑀𝑃𝑎	)	 
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V.3.6. Comparison of finite element model simulation with experimental results 
of Wei et al.  

The presented Figure V.6(a-h) illustrates a comparison between experimental results of 
Wei et al. (2014) and finite element model (FEM) simulations. In these graphs, 𝐷 represents 
the diameter of the specimens, 𝑡! is the thickness of the steel tube, 𝑓	"#$ denotes the thickness 
of the FRP wraps, and 𝑓&' indicates the compressive strength of unconfined concrete. 
Additionally, the numeral ‘1’ corresponds to one layer of FRP wrap, whereas ‘2’ denotes two 
layers. 

In Figures V.6a and V.6b	(𝑡! = 3.00	𝑚𝑚, 𝑓&' = 31.2	𝑀𝑃𝑎), it is evident that the FEM 
results closely follow the experimental curves in terms of initial stiffness and ultimate axial 
load. Increasing the number of FRP layers from one (C-B1-3.0) to two (C-B2-3.0) clearly 
enhances both load-carrying capacity and ductility. Similarly, specimens C-C1-3.0 and C-C2-
3.0 demonstrate improved behavior with additional FRP confinement. Minor variations 
observed in the post-peak range can be attributed to idealizations in the FEM modeling 
process. However, with an increase in steel tube thickness to 4.5 mm (Figures V.6c and V.6d 
𝑡! = 4.50	𝑚𝑚, 𝑓&' = 34.7	𝑀𝑃𝑎), the specimens exhibit greater axial strength and stiffness. 
Specimens C-B2-4.5 and C-C2-4.5 with two layers of FRP wrap show a significant 
improvement in performance compared to their single-layer counterparts. FEM curves 
accurately capture this trend, validating the effectiveness of the numerical model in simulating 
enhanced confinement and post-peak behavior. Moreover, as the steel tube thickness increases 
further to 6.0 mm (Figures V.6e and V.6f 𝑡! = 6.00	𝑚𝑚, 𝑓&' = 34.7	𝑀𝑃𝑎), the confinement 
effect provided by the steel becomes more dominant. However, the addition of FRP layers 
continues to contribute positively to load resistance and energy dissipation. The FEM 
predictions remain consistent with the experimental trends, showing enhanced performance in 
specimens with two FRP layers (C-B2-6.0, C-C2-6.0), though slight discrepancies are noted 
in the plastic deformation region. In addition, at the highest steel thickness of 7.5 mm (Figure 
Figures V.6g and V.6h 𝑡! = 7.50	𝑚𝑚, 𝑓&' = 34.7	𝑀𝑃𝑎), all specimens demonstrate maximum 
axial load capacities. The role of FRP becomes more pronounced in enhancing ductility, as 
seen in the smoother and more gradual post-peak behavior in specimens with two layers of 
FRP (C-B2-7.5, C-C2-7.5). The FEM results align well with experimental curves, effectively 
reflecting the improved load capacity and deformation performance due to the combined 
confinement provided by steel and FRP. Consequently, the FEM simulation results show 
good agreement with experimental data across different steel tube thicknesses and FRP 
configurations. The axial load capacity and ductility are clearly influenced by the number of 
FRP layers and the thickness of the steel tube. Although slight deviations are observed in the 
post-peak region, FEM analysis proves to be a reliable tool for predicting the behavior of 
FRP-confined CFST columns under axial loading. 
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 (a) C-B1-3.0 and C-B2-3.0 	(𝑓&' = 31.2	𝑀𝑃𝑎) 

 
(b) C-C1-3.0 and C-C2-3.0	(𝑓&' = 31.2	𝑀𝑃𝑎) 
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(c) C-B1-4.5 and C-B2-4.5 	(𝑓&' = 34.7	𝑀𝑃𝑎) 

 
d) C-C1-4.5 and C-C2-4.5 	(𝑓&' = 34.7	𝑀𝑃𝑎) 
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(e) C-B1-6 and C-B2-6 	(𝑓&' = 34.7	𝑀𝑃𝑎) 

 
(f) C-C1-6 and C-C2-6 	(𝑓&' = 34.7	𝑀𝑃𝑎) 
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(d) 

(g) C-B1-7.5 and C-B2-7.5 	(𝑓&' = 34.7	𝑀𝑃𝑎) 

 
(h) C-C1-7.5 and C-C2-7.5 	(𝑓&' = 34.7	𝑀𝑃𝑎) 

Figure V.6: Axial load-axial deformation verification FEMs and Wei et al. (2014) tests 
results with (𝐷 = 133	𝑚𝑚, 𝑡" = 0.111	𝑚𝑚) 
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V.3.7. Comparison of finite element model simulation with experimental results 
of Ding et al.  

The Figure V.7(a-d) provides a comparative evaluation between the experimental 
outcomes of Ding et al. (2018) (solid lines) and the finite element method (FEM) simulations 
(dashed lines) for FRP-confined CFST specimens. The graphs reflect the axial load versus 
axial strain response for different configurations, where 𝐷, 𝑡!, 𝑡"#$ and 𝑓&' denote the diameter 
of the specimens, thickness of the steel tube, thickness of the FRP wraps, and compressive 
strength of unconfined concrete. Additionally, '1' corresponds to one layer of FRP, while '2' 
denotes two layers. 

In the Figure V.7a (C3ST1 series, 𝑓&' = 	39.3	𝑀𝑃𝑎, 𝑡! 	= 	3.7	𝑚𝑚), both experimental and 
FEM curves show a good agreement in terms of initial stiffness and ultimate load. It is evident 
that the FEM model effectively replicates the peak load and general deformation trend. Slight 
differences occur in the post-peak softening phase, which could be attributed to the 
simplifications inherent in the numerical model. Specimens C3ST1-A and C3ST1-B (one 
layer of FRP) exhibit similar load-bearing capacities, with minor variations in ductility. 
However, in the Figure V.7b (C3ST2 series, 𝑓&' 	= 	39.3	𝑀𝑃𝑎, 𝑡! 	= 	3.7	𝑚𝑚), the addition 
of a second layer of FRP wrap leads to noticeable improvements in axial strength and energy 
absorption. The FEM predictions closely follow the experimental trends, although a slightly 
stiffer response is observed in the post-peak region for FEM results. The overall performance 
enhancement due to the additional FRP confinement is well captured by the numerical 
simulations, validating the model's accuracy in assessing confinement effects. Moreover, in 
the Figure V.7c (C5ST1 series, 𝑓&' = 	57.4	𝑀𝑃𝑎, 𝑡! 	= 	3.7	𝑚𝑚), the influence of higher 
concrete strength is evident. The axial load capacity increases substantially, and the FEM 
simulations again align well with the experimental results. Both curves demonstrate a higher 
peak load and increased stiffness. However, minor deviations are observed in the post-peak 
region, potentially due to the limitations of the constitutive material models used in FEM 
analysis. Despite this, the FEM still reliably predicts the load–strain behavior. In addition, in 
the Figure V.7d (C5ST2 series, 𝑓&' 	= 	57.4	𝑀𝑃𝑎, 𝑡! 	= 	3.7	𝑚𝑚), the addition of a second 
layer of FRP wrap leads to noticeable improvements in axial strength and energy absorption. 
Consequently, the FEM results exhibit strong correlation with experimental data across 
varying FRP layers and concrete strengths. The increase in FRP layers enhances both load-
carrying capacity and ductility, while higher concrete strength contributes significantly to the 
overall axial resistance. Although some differences are noted in the post-peak zone, the FEM 
model demonstrates its effectiveness in simulating the axial behavior of FRP-confined CFST 
specimens. 
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(a)	𝑓′& = 39.3	𝑀𝑃𝑎 

 

(b)	𝑓′& = 39.3	𝑀𝑃𝑎 
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(c)	𝑓′& = 57.4	𝑀𝑃𝑎 

 

(d)	𝑓′& = 57.4	𝑀𝑃𝑎 

Figure V.7: Axial load-axial deformation verification FEMs and Ding et al. (2018) tests 
results with (𝐷 = 300	𝑚𝑚, 𝑡! = 3.70	𝑚𝑚, 𝑡" = 0.167	𝑚𝑚	). 
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V.3.8. Comparison of finite element model simulation with experimental results 
of Na et al.  

The experimental and finite element analysis (FEA) results for the axial load–strain 
behavior of FRP-confined concrete-filled steel tube (CFST) specimens with varying H values 
are compared in Figure V.7 (a–e). The specimens correspond to the following confinement 
parameters: 2C-3.5 (H = 588 mm), 2C-6 (H = 1008 mm), 2C-8 (H = 1344 mm), 2C-12 (H = 
2016 mm), and 2C-16 (H = 2688 mm). All specimens have a constant diameter of 168 mm 
and are confined with two layers of FRP wraps. The compressive strength of the unconfined 
concrete is 38 MPa, and the steel tube thickness and FRP wrap thickness are 6.0 mm and 
0.111 mm, respectively. 

The results indicate that both experimental and FEA data exhibit similar trends across all H 
levels, characterized by an initial linear elastic phase, followed by a nonlinear transition 
region, and finally a strain-hardening or plateau phase. In most cases, the experimental curves 
lie slightly above the FEA predictions, reflecting a slightly higher measured axial load 
capacity compared to the numerical model. This difference can be attributed to material 
heterogeneity, variations in bonding conditions, or conservative assumptions in the numerical 
simulation 

For specimens with lower H values (2C-3.5, H = 588 mm and 2C-6, H = 1008 mm) 
(Figure V.7a and b), there is excellent agreement between experimental and FEA results, 
suggesting that the confinement effects of the FRP wraps and steel tube are well captured by 
the numerical model. As H increases (2C-8, H = 1344 mm and 2C-12, H = 2016 mm) (Figure 
V.7c and d), the experimental results generally show higher axial load capacities than FEA 
predictions, indicating that the interaction between the FRP confinement and the steel tube at 
higher H levels is not fully represented in the simulation 

For the specimen with the highest H value (2C-16, H = 2688 mm) (Figure V.7e), both 
experimental and numerical results indicate a significant increase in axial load capacity; 
however, the axial strain at peak load is reduced relative to specimens with lower H values. 
This suggests that as H increases, the structural system becomes stiffer, and the contribution 
of FRP confinement to overall ductility diminishes, resulting in behavior that is increasingly 
dominated by the steel–concrete composite action. 

Overall, the comparison demonstrates that the FEA model provides a reasonable prediction 
of axial behavior for CFST columns across different H levels, particularly for specimens with 
lower H values. While experimental results show slightly higher load capacities, the 
effectiveness of FRP confinement decreases as H increases, highlighting the importance of 
optimizing the confinement parameter H to achieve a balanced strength–ductility response in 
hybrid CFST columns. 
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(a) 2C-3.5 (𝐻 = 588	𝑚𝑚) 

 

(b) 2C-6.0 (𝐻 = 1008	𝑚𝑚) 
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(c) 2C-8.0 (𝐻 = 1344	𝑚𝑚) 

 

(d) 2C-12.0 (𝐻 = 2016	𝑚𝑚) 
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(e) 2C-16.0 (𝐻 = 2688	𝑚𝑚) 

Figure V.8: Axial load-axial deformation verification FEMs and Na et al. (2018) tests results 
with (𝐷 = 168	𝑚𝑚, 𝑡A = 6.0	𝑚𝑚, 𝑡" = 0.111	𝑚𝑚, 		𝑓′& = 38.0	𝑀𝑃𝑎). 
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V.4. PARAMETRIC STUDY 

The FEA parametric study involves systematically varying key parameters to analyze their 
effects on the structural behavior of FRP-CFST system. This investigation focuses 
specifically on the diameter-to-thickness ratio (𝐷 𝑡!⁄ ) and height-to-diameter ratio (𝐻 𝐷⁄ ) in a 
parametric study. The aim is to understand how variation in these geometric ratios influences 
the structural performance of the FRP-confined CFST columns. 

In this parametric study, the material properties such as yield strength of the steel tube, 
tensile strength, elastic modulus, thickness, number of layers of FRP wrap and the 
compressive strength of the unconfined concrete are kept constant, as utilized in validated 
FEA models. The focus is on varying the diameter-to-thickness ratio (𝐷 𝑡!⁄ ) and height-to-
diameter ratio (𝐻 𝐷⁄ ). By holding the material properties of FRP, steel and concrete fixed, 
this study isolates the effects of the geometric variations on the structural behavior FRP-
confined CFST columns. 

This parametric study allows for an understanding of how changes in the 𝐷 𝑡!⁄  and (𝐻 𝐷⁄ ) 
ratios influence the column’s load carrying capacity. The 𝐷 𝑡!⁄  ratio is varied to observe how 
different steel tube thicknesses impact the confinement effect of columns. Meanwhile, 
variations in the (𝐻 𝐷⁄ ) ratio allow for the analysis of the column’s slenderness and its 
susceptibility to global buckling. The result can offer deeper insights into how these specific 
geometric changes affect the performance of FRP-confined CFST columns while keeping key 
material properties strength consistence. 

Table V.3 presents the geometric parameters used in a parametric study of FRP-confined 
CFST columns through FEA.  
 

Table V.5: Geometric details of the samples investigated in the parametric study. 

Specimen 
designation FRP type 𝑫 𝒕𝒔⁄  𝑯 𝑫⁄  Peak Axial  

Load (kN) 
Peak axial 
strain × 𝟏𝟎𝟑 

2C-3.5 CFRP 28.0 3.50 2382.22 16.78 
2C-6 CFRP 28.0 6.00 2162.12 17.39 
2C-8 CFRP 28.0 8.00 2038.99 16.77 
2C-12 CFRP 28.0 12.0 1909.95 11.61 
2C-16 CFRP 28.0 16.0 1487.40 2.87 
C-C1-3.0 CFRP 44.3 3.01 1418.98 20.10 
C-C1-4.5 CFRP 29.6 3.01 1870.27 15.24 
C-C1-6.0 CFRP 22.2 3.01 1882.47 12.25 
C-C1-7.5 CFRP 17.7 3.01 2209.31 19.30 
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Figure V.9 illustrates the peak axial load of FRP-confined CFST samples. From this figure, 
it should be observed that for an 𝐷 𝑡!⁄  ratio equal to 44.3 (C-C1-3.0), the peak axial load is 
1418.98 kN. As the 𝐷 𝑡!⁄  decrease to 29.6 (C-C1-4.5), the peak axial load increase to 1870.27 
Kn. The decrease of the 𝐷 𝑡!⁄  ratio of structure leads to an increase in load-carrying capacity 
due to an increase of steel tube thickness to resist the buckling. 

For 𝐷 𝑡!⁄  ratio equal 22.2 (C-C1-6.0), the peak axial load capacity further increase to 
1882.47 kN. The hybrid FRP-CFST becomes even stiffer and provides better reinforcement. 
For 𝐷 𝑡!⁄  ratio of 17.7 (C-C1-7.5), the peak axial load decrease further to 2209.31 kN, which 
indicates a further increase compared to the 𝐷 𝑡!⁄  ratios 22.2, 29.6 and 44.3. 

In conclusion, the thicker tubes provide better confinement for the concrete, enhancing the 
composite action between the FRP, steel and concrete. 

 

 
Figure V.9: Peak axial load of samples with varies 𝐷 𝑡!⁄ . 
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Figure V.10 illustrates the peak axial strain of FRP-confined CFST specimens. From this 
figure, it can be noted that for a specimen labeled C-C1-3.0 (𝐷 𝑡!⁄  ratio of 44.3), the peak 
axial strain reaches 20.1. As the confinement level changes to C-C1-4.5 (𝐷 𝑡!⁄  ratio of 29.6), 
the peak axial strain decreases to 15.24. Further reduction is seen in the C-C1-6.0 specimen 
(𝐷 𝑡!⁄  ratio of 22.2), where the peak axial strain drops to 12.25. However, with the specimen 
C-C1-7.5 (𝐷 𝑡!⁄  ratio of 17.7), the peak axial strain increases again to 19.3. This trend 
indicates that axial strain is highly influenced by the confinement configuration. The lower 
peak strain in C-C1-4.5 and C-C1-6.0 suggests a reduction in ductility, possibly due to less 
effective confinement. In contrast, the increased strain in C-C1-3.0 and C-C1-7.5 implies 
enhanced deformability and energy absorption capacity. The variation in peak axial strain 
values highlights the importance of optimizing confinement parameters to achieve the desired 
structural performance.  

In conclusion, higher axial strain values generally correspond to better confinement 
efficiency, enhancing the ductility of the composite column system through improved 
interaction among FRP wrap, steel tube, and concrete core. 

 

 
Figure V.10: Peak axial strain of samples with varies 𝐷 𝑡!⁄ . 
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Figure V.11 demonstrates the axial load–axial strain behavior of FRP-confined CFST 
columns with varying 𝐷 𝑡!⁄  ratios. The curves represent the mechanical response of 
specimens C-C1-3.0, C-C1-4.5, C-C1-6.0, and C-C1-7.5, each corresponding to different steel 
tube thicknesses, thereby altering the 𝐷 𝑡!⁄  ratios. 

From the figure, it is evident that the axial load capacity increases as the 𝐷 𝑡!⁄  ratios 
decrease. For the specimen C-C1-3.0, which corresponds to the highest 𝐷 𝑡!⁄  ratios, the axial 
load capacity is the lowest among all, indicating relatively lower confinement efficiency. As 
the 𝐷 𝑡!⁄  ratios decrease in specimens C-C1-4.5 and C-C1-6.0, a significant enhancement in 
both axial load capacity and strain ductility is observed. This improvement is attributed to the 
increased wall thickness of the steel tube, which provides stronger confinement and delays 
local buckling. 

Notably, the specimen C-C1-7.5, with the lowest 𝐷 𝑡!⁄  ratios, exhibits the highest axial 
load capacity and greater axial strain. This indicates superior composite action between the 
steel tube, FRP wrap, and concrete core. The enhanced confinement results in a more ductile 
response and higher energy absorption capability, improving the overall structural 
performance. 

In summary, a lower 𝐷 𝑡!⁄  ratios, which corresponds to a thicker steel tube, significantly 
improves the load-bearing and deformation capacity of FRP-confined CFST columns. The 
increased confinement effectiveness enhances structural integrity, delay of local instability, 
and better composite action among the constituent materials. 

 

 
 

Figure V.11: Axial load versus axial stain performance of samples with varies 𝐷 𝑡!⁄ . 
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Figure V.12 illustrates the variation in peak axial load for FRP-confined CFST specimens 
with different H/D ratios. The specimens labeled 2C-3.5, 2C-6, 2C-8, 2C-12, and 2C-16 
correspond to increasing H/D ratios, representing increasing column slenderness. 

From the figure, it is evident that as the H/D ratio increases, the peak axial load capacity 
decreases significantly. The specimen 2C-3.5, which has the lowest H/D ratio, achieves the 
highest peak axial load of 2382.22 kN, indicating a strong confinement effect and superior 
load-bearing capacity due to its squat geometry. As the H/D ratio increases to 6 and 8, the 
peak axial load drops to 2162.12 kN and 2038.99 kN, respectively. This reduction is 
attributed to the transition from a stubby to a more slender column, which reduces the 
effectiveness of confinement and increases the risk of global instability. 

Further increase in the H/D ratio to 12 and 16 results in a continued decline in peak axial 
load, reaching 1909.95 kN and 1487.4 kN, respectively. These results clearly demonstrate that 
slender columns exhibit lower axial load capacity, as their failure mode is more influenced by 
overall buckling rather than material crushing or confinement. 

In conclusion, as the H/D ratio increases, the axial load-carrying capacity diminishes due 
to the reduced confinement efficiency and increased slenderness effects. Therefore, shorter 
CFST columns (lower H/D ratio) exhibit superior performance in terms of peak axial load, 
benefiting more from the synergistic confinement effect of FRP, steel tube, and concrete. 

 

 
Figure V.12: Peak axial load of samples with varies 𝐻 𝐷⁄ . 
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Figure V.13 presents the variation in peak axial strain for FRP-confined CFST columns 
with different H/D ratios, represented by specimens 2C-3.5, 2C-6, 2C-8, 2C-12, and 2C-16. 

From the figure, it is observed that specimens with lower H/D ratios, such as 2C-3.5 
(16.78) and 2C-6 (17.39), exhibit higher peak axial strain, indicating greater ductility and 
deformation capacity before failure. This reflects the beneficial effect of a stubby geometry, 
where confinement provided by the FRP and steel tube is more effective, allowing the column 
to undergo larger strains under axial loading. 

As the H/D ratio increases, a clear decline in peak axial strain is observed. Although 2C-8 
(16.77) still maintains relatively high strain capacity, a significant drop occurs for 2C-12 
(11.61), and the lowest strain value is recorded for the most slender specimen, 2C-16 (2.87). 
This indicates that increased slenderness reduces ductility, leading to more brittle failure 
behavior due to global instability effects and reduced confinement effectiveness. 

In summary, lower H/D ratios enhance the strain capacity of FRP-confined CFST columns, 
improving their ductility and energy absorption characteristics. On the other hand, higher H/D 
ratios result in reduced peak axial strain, highlighting the adverse impact of column 
slenderness on deformation performance. 

 

 
Figure V.13: Peak axial strain of samples with varies 𝐻 𝐷⁄ . 
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Figure V.14 illustrates the axial load versus axial strain responses for FRP-confined CFST 
specimens with different H/D ratios, namely 2C-3.5, 2C-6.0, 2C-8.0, 2C-12, and 2C-16. The 
curves reflect the load-bearing capacity and deformation characteristics under axial 
compression. 

From the figure, it is evident that as the H/D ratio decreases, the columns exhibit a more 
pronounced strain-hardening behavior and attain higher axial load capacity. The specimen 
with the smallest H/D ratio (2C-3.5) displays the highest load-carrying capacity and a gradual 
increase in load even at higher strains, indicating enhanced confinement and improved 
structural performance. 

In contrast, as the H/D ratio increases, the peak axial load tends to decrease, and the curves 
become flatter, signifying reduced ductility and confinement effectiveness. Specimens 2C-12 
and 2C-16, having higher slenderness ratios, demonstrate lower load capacity and earlier 
strain plateauing, which may indicate a transition toward global instability or buckling effects. 

Furthermore, the post-peak behavior becomes less ductile with increasing H/D ratio. 
Slender columns experience a more brittle response, which compromises their energy 
absorption capacity under loading conditions. This behavior highlights the importance of 
geometric proportions in FRP-CFST design, where lower H/D ratios provide superior 
performance in both strength and deformation. 

 

 
Figure V.14: Axial load versus axial stain performance of samples with varies 𝐻 𝐷⁄ . 
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V.5. CONCLUSION 

The behavior of forty columns was simulated using a nonlinear tree-dimensional finite 
element analysis (FEA) model. By comparing the FEA simulation results and axial load-axial 
strain curves to the experimental data, the generated FEA model is validated. The geometry 
properties, such as diameter-to-thickness of steel tube ratio, height-to-diameter ratio, and 
material properties, such as yield strength of steel tube, thickness, tensile strength, thickness, 
and elastic modulus of FRP wraps were all taken on into consideration when analyzing forty 
FRP-confined CFST columns. The findings of the experiment demonstrated that the FEA 
model agrees with them well. Moreover, the following points can be drawn from the 
analytical study: 

1. The interaction between the FRP wraps, steel tube and concrete core improves 
load-carrying capacity , demonstrating the importance of hybrid confinement 
system (FRP-CFST); 

2. In general, the deviations in axial load predictions remain within a reasonable 
range, often below 5%. While in axial strain predictions remain within a range, 
often below 10%, indicating good agreement between FEA model and 
experimental results. This suggests that the FEA model conservatively accurate, 
which is beneficial for design safety margins; 

3. This study highlights the critical role material properties such as thickness of steel 
tube and number of FRP layer, compressive strength of unconfined concrete in 
predicting FRP-confined CFST column behavior. The model provides a reliable 
tool for understanding buckling and overall performance under axial load; 

4. Lower 𝐷 𝑡!⁄  ratios, which corresponds to a thicker steel tube, significantly 
improves the load-bearing and deformation capacity of FRP-confined CFST 
columns. The increased confinement effectiveness enhances structural integrity, 
delay of local instability, and better composite action among the constituent 
materials; 

5. The post-peak behavior becomes less ductile with increasing H/D ratio. Slender 
columns experience a more brittle response, which compromises their energy 
absorption capacity under loading conditions. This behavior highlights the 
importance of geometric proportions in FRP-CFST design, where lower H/D ratios 
provide superior performance in both strength and deformation. 
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This thesis has presented an analytical investigation and modeling of the structural 
behavior of FRP-reinforced concrete (FRP-RC) columns and FRP-confined concrete-filled 
steel tube (CFST) columns. Empirical and machine learning-based models for predicting axial 
load-carrying capacity of the FRP-RC concrete columns and hybrid deep learning-based 
models for predicting load-carrying capacity of FRP-confined CFST columns were also 
presented in this thesis. Furthermore, a finite element (FE) model for predicting the behavior 
of FRP-confined CFST columns was presented and verified with test results. 

1. Axial load-carrying capacity of reinforced concrete (RC) columns reinforced with 
FRP bars 

Chapter III presented the development of load-carrying capacity models of reinforced 
concrete (RC) columns reinforced with FRP bars at varying eccentricity levels, using both 
empirical modeling, eXtreme Gradient Boosting (XGBoost), and random forest (RF) 
algorithms. A comprehensive dataset comprising 308 test results on FRP-RC columns 
subjected to concentric and eccentric compression loads was analyzed. Utilizing this dataset, 
new empirical models, XGBoost, and RF algorithms were developed to predict the load-
carrying capacity of FRP-RC columns. These models are applicable to cases with eccentricity 
ratios (e/h) ranging from 0 to 1. Based on these empirical and machine learning models, the 
following conclusions were drawn: 

1. A statistical evaluation of 15 existing models for predicting axial load-carrying capacity 
(ALCC) in FRP-reinforced concrete columns revealed that these models tend to 
overestimate capacity compared to test results, showing conservative estimates. 
Additionally, the predictions from these models displayed significant variability, with low 
R² values ranging from 0.34 to 0.70 and high error rates. This discrepancy is likely due to 
the lack of consideration for eccentricity effects in the existing formulas; 

2. A regression analysis was conducted to derive new, simplified equations for calculating 
ALCC in FRP-RC compressive members. Firstly, specific expression to members under 
concentric compression was developed, incorporating the impact of FRP bars' axial strain 
(εfrp) and stiffness (Efrp). Subsequently, a unified expression for both concentric and 
eccentric compression loads (e/h from 0 to 1) was created, accounting for eccentricity 
effects; 

3. The proposed empirical models demonstrated robust predictive performance over the test 
dataset. The first model, designed for concentric loading, achieved R² = 0.97, RMSE = 
387.27 kN, MAE = 214.20 kN, AAE = 0.10, and SD = 0.15, indicating high precision and 
consistency. The second model, suitable for both concentric and eccentric loading, 
showed R² = 0.88, RMSE = 635.75 kN, MAE = 405.08 kN, AAE = 0.31, and SD = 0.52, 
highlighting its effective predictability across a wider range of load conditions; 

4. The proposed XGBoost model exhibited exceptional predictive capability for the load-
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carrying capacity of FRP-RC compressive members, achieving an R² value of 0.98 and 
low error values (RMSE = 259.05 kN, MAE = 144.36 kN, AAE = 0.11, SD = 0.14). This 
indicates the model’s superior precision and reliability in comparison to empirical models; 

5. When compared to existing formulas, the XGBoost model consistently outperformed 
empirical models in accuracy. This suggests that both the empirical and XGBoost models 
developed here offer reliable predictions for the load-carrying capacity of FRP-reinforced 
concrete compressive members under both concentric and eccentric loads, making them 
valuable tools for structural analysis and design applications; 

6. This study also investigates whether machine learning, specifically Random Forest 
(RF) regression, could accurately predict the axial load-carrying capacity (ALCC) of 
FRP-reinforced concrete (FRP-RC) columns reinforced laterally with FRP ties or 
spirals, outperforming traditional empirical models. By analyzing a dataset of 308 
records, the RF model used eleven key input variables to predict the ultimate capacity 
of these columns with high precision. The results affirmatively answer the research 
question: the RF model not only closely aligned with actual test data but also 
outperformed fifteen existing empirical formulas, achieving a robust R² of 0.98 and 
lower errors across multiple metrics (e.g., RMSE of 282.11 kN). These findings 
confirm that RF regression provides a reliable, more accurate approach to ALCC 
prediction, offering a practical tool for structural engineers and advocating for the 
broader integration of machine learning in civil engineering applications. 

Our study contributes to a more nuanced understanding of the behavior of FRP-reinforced 
concrete (FRP-RC) compressive members by demonstrating the effectiveness of machine learning 
techniques, in predicting peak axial capacity. This predictive accuracy advances our 
understanding of FRP-RC behavior under varying eccentricity levels by providing reliable and 
data-driven estimates for complex structural scenarios that traditional empirical models may 
struggle to capture. The findings underscore the potential for machine learning to handle nonlinear 
relationships and variability in FRP-RC performance, offering insights that could lead to 
improved design codes and standards for FRP-reinforced members. 

2. Axial load-carrying capacity of FRP-confined concrete-filled steel tube columns 

A comprehensive investigation into the prediction of the axial load-carrying capacity 
(ALCC) of Fiber Reinforced Polymer (FRP)-confined Concrete-Filled Steel Tubes (CFST) 
under axial compression, using hybrid deep learning (HDL) approaches, has been presented in 
chapter IV. A large dataset comprising 255 experimental results of FRP-confined CFST 
samples subjected to axial compression loads was compiled from previous literature. Based 
on this database, two deep learning models were developed: a hybrid CNN-BiLSTM model 
and a traditional BiLSTM model to predict the ALCC of strengthened columns with a hybrid 
confinement system (FRP wraps–steel tube). Based on deep learning modeling, the following 
conclusions were drawn: 
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1. The deep learning models, particularly the CNN-BiLSTM, outperformed the traditional 
BiLSTM model, demonstrating significant improvements in prediction accuracy. The 
CNN-BiLSTM model achieved the lowest root-mean-square error (an RMSE) of 204.555 
and a mean absolute error (an MAE) of 150.589, indicating its superior predictive 
capability compared to empirical models. For example, CNN-BiLSTM outperformed 
empirical models such as that proposed by Tao et al. (2007), which reported an RMSE of 
949.523 and an MAE of 874.451. This highlights the advantage of advanced deep learning 
models in addressing complex prediction tasks; 

2. Empirical models, while valuable, exhibited greater deviations compared to deep learning 
models. For example, the model proposed by Park et al. (2011) (Eq. (8)) provided more 
accurate predictions than other empirical approaches but still fell short when compared to 
the CNN-BiLSTM results. 

3. Finite element (FE) modeling of the behavior of FRP-confined concrete-filled steel 
tube columns 

Chapter V presents the FE simulation of forty FRP-confined concrete-filled steel tube 
(CFST) columns. The generated FEA model was validated by comparing the FEA simulation 
results, specifically axial load-axial strain curves, with the experimental data. The geometry 
properties, such as the diameter-to-thickness ratio and the height-to-diameter ratio of the steel 
tube, and the material properties, such as the yield strength and the thickness of the steel tube, 
and tensile strength, thickness, and elastic modulus of FRP wraps, were all taken into 
consideration when analyzing the forty FRP-confined CFST columns. The experimental 
findings demonstrated good agreement with the FEA model. Moreover, the following points 
can be drawn from the analytical study: 

1. The interaction between the FRP wraps, steel tube and concrete core improves 
load-carrying capacity , demonstrating the importance of hybrid confinement 
system (FRP-CFST); 

2. In general, the deviations in axial load predictions remain within a reasonable 
range, often below 5%. While in axial strain predictions remain within a reasonable 
range, often below 10%, this indicates good agreement between the FEA model and 
experimental results. This suggests that the FEA model is conservatively accurate, 
which is beneficial for design safety margins; 

3. This study highlights the critical role of material properties such as the thickness of 
the steel tube and the number of FRP layer, the compressive strength of unconfined 
concrete in predicting FRP-confined CFST column behavior. The model provides a 
reliable tool for understanding buckling and the overall performance under axial 
load; 

4. Lower 𝐷 𝑡!⁄  ratios, which corresponds to a thicker steel tube, significantly 
improves the load-bearing and deformation capacity of FRP-confined CFST 
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columns. The increased confinement effectiveness enhances structural integrity, 
delay of local instability, and better composite action among the constituent 
materials; 

5. The post-peak behavior becomes less ductile with increasing H/D ratio. Slender 
columns experience a more brittle response, which compromises their energy 
absorption capacity under loading conditions. This behavior highlights the 
importance of geometric proportions in FRP-CFST design, where lower H/D ratios 
provide superior performance in both strength and deformation. 

4. Further Research 

Considering the limitation of the proposed models, the input parameters are acceptable 
within the range provided in the databases. Future works are recommended to: 
1. Develop explainable machine learning and deep learning-based predictions of axial 

capacity of FRP-reinforced self-compacting geopolymer concrete compressive members. 
2. Develop analytical model for predicting the behavior of FRP-confined concrete-filled 

steel tube columns under combined axial compression and monotonic or cyclic lateral 
loading. 

3. Conduct an experimental investigation into the behavior of damaged concrete columns 
confined with both FRP wraps and bars under axial compression loads.  
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