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Abstract  Beam-column joints play a vital role in 

self-compacting concrete (SCC) structures as they transfer 

loads and ensure overall structural integrity. To achieve the 

most desirable structural properties, steel fibres are 

incorporated into SCC as combination design; the fibre 

type and the quantity introduced must all be meticulously 

considered. This study aims to employ artificial neural 

network (ANN) models to detect subtle changes in joint 

behaviour that could potentially indicate damage or 

degeneration. This study improves the methods of 

assessment of the behaviour of beam-column joints under 

varied load application and environmental factors. The 

proposed neural network model shows strong predictive 

performance with R and R² increasing by 9.3% and 17.9% 

and MAE, MSE, and RMSE decreasing by 31.7%, 67.7%, 

and 43.5%, respectively, for exterior joints without lateral 

reinforcement. For transversely reinforced joints, R and R² 

improved by 1.7% and 3.7%, while error metrics dropped 

up to 23.3%, confirming the model’s accuracy and 

reliability across all joint types evaluated. Employing 

structural health monitoring techniques, it is possible to 

constantly monitor the health state of these structures and 

get data on their performance over time that help in proper 

determination of failure indicators or necessity of 

maintenance. This integration enhances the effectiveness 

of structural monitoring by the removal of dependency on 

manual inspections as it cuts costs and chances of costly 

human errors. This research is novel in advancing the 

energy-efficiency and environmentally sustainable 

methods in construction and infrastructure industry. 

Keywords  Artificial Neural Network, Beam-Column 

Joints, Damage Detection, Self-Compacting Concrete, 

Steel Fibres, Structural Health Monitoring 

1. Introduction

Self-Compacting Concrete (SCC) provides the 

foundation for growth of infrastructure such as buildings, 

bridges, dams, among civil engineering structures. The role 

of ensuring that such entities are safe and sound from 

structures in support of society in functioning and 
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economic advancement cannot be overemphasized [1, 2]. It 

has been established that the Beam-column joints are very 

crucial in the support of SCC structures because of their 

responsibility in load transfer [3, 4]. The utility of these 

connections cannot be overemphasized in the case of 

ensuring the overall stability and permanence of the entire 

system, especially under conditions of immense load and 

deformation, including forces such as wind or the seismic 

forces [5]. Therefore, it becomes necessary to establish 

proper procedure of monitoring and maintaining stability 

of beam-column joints to prevent any failures and thus 

ensure the safety of structures [6]. This paper focuses on 

Structural Health Monitoring (SHM) and how the 

utilization of Artificial Neural Networks (ANNs) has been 

applied more innovatively in SCC beam-column junctions. 

ANNs offer a revolutionary way to simulate the dynamics 

of interactions within structural systems extolled by 

balancing the structure of the human brain [7, 8]. The focus 

of this research is to extend the capability of monitoring 

and forecasting the behavior of beam-column joints while 

subjected to various load applications and various 

environmental factors [9]. This will be accomplished with 

the use of ANNs in order to take advantage of the 

computational power within these systems [10]. This study 

is consistent with the current development in approaches to 

SHM where more emphasis is placed on the use of data in 

order to improve performance, durability and safety of 

infrastructures [11]. The objective of this work is to utilize 

ANN models for early identification of changes in joint 

dynamics that may be indicative of damage or 

degeneration [12, 13]. The objective is to optimize 

time-bound intercession and maintenance initiatives [14]. 

The goal of this research is to improve the resiliency and 

sustainability of SCC structures by expanding the 

knowledge base of SHM techniques. This will qualify 

these structures to divergent environmental and loading 

conditions. There exists potential for a substantial amount 

of information to be identified concerning the state and 

performance of SCC beam-column joints with the 

advantages of ANNs. This knowledge assists in taking 

right decisions as well as in taking precaution that will 

enable the equipment not to develop faults all the time. 

This research will describe the roles of the energy efficient 

monitoring of SCC structures for the precise examination 

of the consumption of energy throughout the maintenance 

and inspection processes by the application of automated 

SHM systems. It will lead to the pro-environment 

improvement as a result of more resource efficiency and 

longer lifespans which situates the study in the 

energy-environmental system. 

2. Materials and Methods 

Substances that are currently being studied are water, 

steel fibres, coarse aggregate recycled, natural coarse 

aggregate, fine aggregate and cement. This section is very 

important because it stresses on the need to critically assess 

and understand the unique features of every material that is 

used in the course of the subject. 

Adopting a systematic approach, we endeavour to 

identify those features and patterns that define these 

materials and explain their roles with respect to the 

findings of our study in detail. A vital part of the task is the 

extensive evaluation that is done to assess and measure the 

distinctive characteristics of each material. The different 

components that make up the current research project are 

steel fibres, aggregate coarse (CA), fine particles, water, 

cement and superplasticizer fly ash. Reinforcement 

significantly impacts the performance of the beam-column 

joint and it is illustrated in Figure 1. The frame's 

exceptional flexibility can be attributed to its construction 

from longitudinal tension steel. 

 

Figure 1.  Beam-column joint reinforcement 
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2.1. Fibre Reinforcement 

Fibre Reinforced SCC (FRSCC) has been the subject of 

much research to enhance its mechanical properties and 

decrease the likelihood of cracking. Scholars have 

investigated various fibre types—including steel, synthetic 

and composite fibres to determine their efficacy in 

enhancing the performance of SCC [15]. Scholarly 

investigations examine [16] the most recent advancements 

in fibre reinforcement for SCC and its steel fibres are 

illustrated in Figure 2. 

 

Aspect ratio of 50 (L=30mm, D=0.6mm) 

Figure 2.  Steel fibre 

The steel fibres used are with an aspect ratio of 50 

(L=30mm, D=0.6mm) to enhance mechanical properties 

such as tenacity and tensile strength. It demonstrates how 

fibres can enhance post-break behavior, durability and 

ductility. 

2.2. Sensors 

The discipline of monitoring vital infrastructures has 

made extensive use of sensors. All health monitoring 

techniques necessitate data values from the target structure 

to conduct analysis and ascertain the presence or likelihood 

of injury. While certain approaches merely necessitate 

visual or manual inspection data, procuring such 

information is laborious and expensive. However, it is 

important to note that this compilation of available sensor 

technologies is by no means exhaustive. The fundamental 

aim of this research endeavor is to construct novel SHM 

methodologies utilizing piezoceramic sensors as shown in 

Figure 3. Piezoelectric sensor transducer (PZT) used or this 

research is of 35mm diameter, resonance impedance of 200 

Ohms, resonance frequency: 4.6 Khz +/- 0.5 Khz, 

capacitance of 20nF +/- 30% at 1 Khz and operating 

temperature of -20 ℃ to +70 ℃, from Shokitech 

Innovations, Mumbai, India. Utilizing PZT sensors, the 

Electro-Mechanical Impedance (EMI) technique operates 

within a higher frequency range and can detect damage on 

a microscopic scale. Early damage detection is possible 

through the utilization of the EMI technique. The 

specifications for the device include an impedance of ≤ 500 

Ω, a voltage of ≤ 30 Vp-p, an operating temperature range 

from -20°C to +60°C, a storage temperature range from 

-30°C to +70°C and a strain sensitivity of 5 V/µƐ [14]. 

 

Figure 3.  Piezoelectric ceramic sensors 

2.3. Mix Design 

An essential phase in the production of SCC, mix design 

entails selecting the appropriate quantities and 

compositions of materials to impart the desired properties 

to the concrete mixture. Considerable research effort has 

been devoted to the development of SCC mix design to 

optimize its flowability, stability and strength while 

accommodating the diverse requirements of buildings. 

Table 1 shows the mix proportion for the specimens. The 

importance of mix design in SCC is emphasized in some 

researches [17]. It is recommended that factors such as 

aggregate grading, water-to-cementitious material ratio 

and chemical additive usage for optimal rheological 

properties be meticulously considered. 

Table 1.  Mix proportions 

Specimen/Mix ID Details 

NC 
Normal Concrete 

(No replacement) 

SCC1 50% of FA+50% of CA 

SCC2 60% of FA+40% of CA 

SCC3 70% of FA+30% of CA 

SCCSF-1 60% of FA+40% of CA with + 0.5% SF 

SCCSF-2 60% of FA+40% of CA with + 0.75% SF 

SCCSF-3 60% of FA+40% of CA with + 1.0% SF 

3. Results and Discussion 

3.1. Fresh State Tests on Self-Compacting Concrete 

The principal objective of the study was to identify the 

appropriate ratio of SCC and steel fibre reinforcement in 

order to achieve the predetermined level of flexural 

stiffness and fluidity. The initial mix prepared was of 

batching for concrete grade M30. Later alterations were 

made in response to the results of multiple new state 

examinations, which ultimately brought the mixture into 

compliance with SCC requirements. For many trials, 

different volumes of CA and SP were added into different 

batches of concrete. Some experiments which were 
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conducted included the Slump flow test, J-ring test, 

V-funnel test, T50 test and the L-box test. The EFNARC 

International standards have set the criteria with 

representative ASTM standards mentioned in the Table 2 

for achieving the SCC characteristics in its ‘as fresh’ form. 

Accordingly, by adopting this systematic approach, the 

combination percentage was accurately tuned to meet the 

SCC properties. 

Within this societal context, the SCC can be stated to 

meet the criteria set in previous reviews. From the tests 

done, it is proved that the slump flow test can be used to 

determine the flowability of SCC. 

Furthermore there was a decrease in flow spread in 

samples SCCSF-1, SCCSF-2 and SCCSF-3 when steel 

fibres were incorporated at 0.5%, 0.75% and 1.0%. In 

accordance with the EFNARC International standards, the 

flow spread may lie in between 500-800 millimeter by 

being most cautious while regulating the proportion of SP 

or by confining the proportion of SF in 1%. Some 

comparison of the actual slump flow measurements in the 

current study with the highest and the lowest values set by 

ASTM is illustrated in Figure 4. Figure 4 shows the spread 

of slump flow based on EFNARC standards and within 

range of 500 to 800mm. In the graph blue line shows the 

minimum value of ASTM and green line shows the 

maximum value of ASTM. The graph shows that all 

specimen has the flow characteristics within the range that 

is shown in the line between 500 and 800. Especially, in 

this study, the role and efficiency of the experiments for 

providing and sustaining the required flow properties of the 

SCC are examined. 

3.2. Hardened State Test on Beam-Column Joints 

By doing fresh properties test for SCCs, the specimen 

SCC2 mix shows the better performance in flow 

characteristics and taken SCC2 as normal mix, not NC. For 

improving the hardened properties, the SCC2 mix 

specimen is modified by incorporating steel fibres in ratios 

0.5, 0.75 and 1%. So the flexural properties are improved 

as compared with SCC2 as shown in Table 3. Based on the 

data from the compression tests, split tensile strength and 

flexural test on beam-column joints, the research observed 

that the compressive strength of SCC reduces as the 

proportion of CA content is reduced and SP is increased, 

which is valid. As may be noticed, all the SCC1, SCC2 and 

SCC3 specimens follow this trend. These failures can be 

attributable to a reduction in the volume of CA composite, 

which is a super-strengthening component and the higher 

fracturing power of SP. However, as observed in SCCSF-1, 

SCCSF-2 and SCCSF-3, the incorporation of steel fibre 

had a positive effect on the compressive strength. This 

research established the impact of CA as well as steel fibres 

on the density of SCC and underscored the necessity of 

preparing a good blend for the concrete to incorporate the 

right proportions of these materials in sustainable 

construction. This was to determine the proportion of steel 

fibre that should be incorporated so that the level of 

bending of the beam-column joint is minimized to that 

extent. The objective of this study was therefore to 

compare and determine behaviour and performance of 

SCC beam-column joints for different proportions of CA, 

SP and steel fibres added to the mixture. The results are 

presented in Table 3. 

Table 2.  Acceptance criteria 

Test Unit EFNARC Criteria ASTM Standard ASTM Criteria 

Slump flow Mm 500 – 800 ASTM C1611 500 – 760 

T50 Slump flow Sec 2 – 5 ASTM C1611 2 – 5 

J-ring Mm 0 – 10 ASTM C1621 ≤ 25 (difference from slump flow) 

V-funnel Sec 7 – 11 No direct ASTM — 

L-box (H2/H1) Ratio 0.7 – 1.0 No direct ASTM — 

 

Figure 4.  Comparison of slump flow value 
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Table 3.  Hardened state test result 

MIX ID Hardened state test 

Compression Strength 

(N/mm2) 

Flexural Strength 

(N/mm2) 

Split Tensile Strength 

(N/mm2) 

7 days 14 days 28 days 7 days 14 days 28 days  7 days 14 days 28 days 

NC 19.58 25.75 39.58 2.78 3.92 3.97 2.09 2.78 3.05 

SCC1 17.89 22.17 35.96 2.51 2.85 3.47 1.99 2.58 2.90 

SCC2 15.71 18.93 29.18 2.41 2.79 3.39 1.87 2.20 2.87 

SCC3 12.47 17.59 24.96 2.32 2.66 2.61 1.62 2.07 2.69 

SCCSF-1 18.92 24.33 31.75 2.69 2.99 3.52 2.03 2.69 3.03 

SCCSF-2 16.85 23.28 30.24 2.57 2.87 3.42 1.97 2.29 2.99 

SCCSF-3 13.96 19.39 27.87 2.48 2.75 3.31 2.05 2.13 2.97 

 

3.3. Durability and Impact Test Results 

This research assesses the durability properties of 

concrete specimens using different experimental methods. 

The mentioned methodologies include the alkalinity test 

where the pH of the mix is checked, as well as water 

permeability and the RCPT. The test on the 

construction-grade concrete is conducted through the 

utilization of the Ultrasonic Pulse Velocity (UPV) method. 

Besides, other tests like toughness or the concrete’s ability 

to resist the impact are also carried to determine other vital 

properties of concrete. In compliance with the guidelines 

and normative parameters, three experiments are 

performed for each combination of the experiments and the 

specified properties. Thus, the research explores the 

relationships between the durability characteristics and the 

compressive strength and defines the relationships between 

the mentioned characteristics. While presenting detailed 

findings especially about the effects of the impact test, the 

respective prognoses are not left out. 

4. Machine Learning Beam-Column 
Joint Models 

An even more specific type of Artificial Intelligence 

called “machine learning” (ML) helps computers utilize 

previously learned patterns of data in order to make 

predictions when provided with new data set. Unlike 

explicit coding, this kind of approach allows a 

computational algorithm to be trained and evolve to the 

targeted performance [18]. Understanding of the shear 

strength capability and the failure phenomenon in 

beam-column joints is continuing to use ML models more 

often. An empirical relationship enabled the determination 

of the shear strength capacity of joints using ML [19, 20]. 

A Multivariate Adaptive Regression Splines (MARS) 

algorithm-based joint shear strength model has been 

proposed [21] using an ANN, which predicted the tensile 

strength capacity of the exterior joints [22]. Utilizing ML 

techniques to analyze beam-column joints is an emerging 

and fruitful area of study. As stated in the studies, the 

prediction accuracies were comparable to those achieved 

with the physics-based joint models. For the convenience 

of the practical engineers to combine the joint modeling 

into the global frame analysis by using the 1D linear frame 

elements this work has suggested the beam-column joint 

modeling [23]. The initial biases and weights of a 

conventional ANN are completely random and are 

generated with very small random numbers usually in the 

range of 0 and 1 which will only generate wrong results. To 

improve the precision of the outcomes, it is necessary to 

train the ANN to modify its weights and biases. The ANN's 

training enables it to approximate solutions to 

difficult-to-solve intricate problems using conventional 

methods. Modular, recurrent, convolutional, feed-forward 

and Kohonen self-organizing are the primary 

classifications of ANNs [24]. The types of ANNs 

employed in this study are Feed-Forward Neural Networks 

(FFNNs), which are considered to form the fundamentals 

of ANNs. However, the conventional FFNN does not have 

a single hidden layer like which is present in deep FFNN 

and has only an input layer, a single hidden layer and an 

output layer. According to their names, as depicted in 

Figure 5, the information flows from inputs to outputs in a 

one-way process which is forward. The number of neurons 

(enclosed circles) in each of the k layers is also variable 

hence the boxes are attached to each circle. The basic 

structure of the network includes an input layer with nodes 

equal to the defined number of input variables (n) and an 

output layer with nodes equal to the number of defined 

output variables (m) for classification). Through a 

weighted connection (w), a neuron is linked to every 

neuron in the two adjacent layers. The networks include 

learning rate, network architecture, iteration, activation 

functions, prediction error, optimization function and 

training algorithm. 
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Figure 5.  Proposed D-FFNN configuration 

4.1. Proposed Deep Feed-Forward Neural Network 

For predicting the shear strength, which denotes the 

shear tension responsible for joint failure, a FFNN is 

designed. The research presented showcases a thorough 

methodology for structure health monitoring with PZT 

sensors. To assess changes in joint behavior using a FNN, 

the following framework is applied. The pathological 

indicators are calculated as follows. The range of motion is 

calculated by Equation 1. 

Range of motion, ROM = 𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛      (1) 

Where xmax and xmin are the maximum and minimum 

displacements and x ∈ [30°, 90°]; x lies within a closed 

interval starting from xmin and ending at xmax, inclusive of 

both endpoints. 

Equation 2 calculates joint stiffness, 

𝐾 =
∆𝐹

∆𝑥
                       (2) 

Where change in force (F) to the change in 

displacement (x). 

Equation 3 validates damping coefficient, 

c =
F

v
,                       (3) 

Where F is force and v is velocity. 

Neural network input is shown in Equation 4. 

𝑋 =  [𝑥(𝑡), 𝑣(𝑡), 𝑎(𝑡), 𝐹(𝑇), 𝜏(𝑡), 𝑅𝑂𝑀, 𝐾, 𝑐. . . . ] (4) 

Training the neural network is indicated by Equation 5. 

𝐿 =
1

𝑁
∑ (yi − 𝑦^𝑖)2𝑁

𝐼=1
              (5) 

where 𝑦𝑖  is the true label (healthy or damaged ) and 𝑦^𝑖 
is the prediction from the FFNN. 

This methodology combines low-frequency global and 

high-frequency EMI approaches to achieving 

cost-effective, sensitive and precise damage identification 

and evaluation. The study emphasizes the notable 

advantages of integrating steel fibres into reinforced 

concrete, namely in improving the mechanical 

characteristics and seismic behavior of beam-column 

connections. Experimental tests confirm the enhanced 

efficiency and long-lasting nature of steel fibre-reinforced 

SCC. The utilization of the D-FFNN model for forecasting 

structural responses and evaluating damage severity 

demonstrates encouraging outcomes, characterized by 

minimal error metrics and exceptional predictive precision. 

Future research endeavors to enhance prediction models, 

investigate sophisticated neural network structures and 

devise pragmatic monitoring methodologies, thus 

enhancing the dependability and effectiveness of SHM 

systems. 

4.2. Experimental Database 

The samples display the following features: i) in exterior 

joints, the top beam reinforcement bars are bent at a 90o 

angle near the joint core; ii) in interior joints, the bottom 

beam reinforcement bars may be either embedded straight 

or bent towards the joint core; iii) the vertical column 

reinforcement bars passing through the joint core are 

straight and iv) all joints are planar with no elements 

extending out of plane. The primary reinforcement bar 

arrangement of the samples is illustrated in Figure 6. 
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Figure 6.  Properties of Experimental Specimens 

Figure 6 represents the interior and exterior 

beam-column joints. The spacing and arrangement of 

stirrups in the joint zone are based on variations in 

confinement and load transfer requirements. For interior 

joints, stirrups are generally more closely spaced (smaller 

spacing) than for exterior joints. Interior joints are on all 

four sides bounded by two beams and two columns and 

experience higher levels of stress concentrations and 

multi-directional shear forces. Increased confinement 

enhances joint shear demand, necessitating more 

concentrated transverse reinforcement (closer stirrup 

spacing) to preserve integrity under seismic and cyclic 

loading. Exterior joints are restrained only on three sides 

(with one beam projecting out from the column), with less 

restraint and thus a lesser triaxial compression condition. 

While exterior joints do sustain high stress, the necessity 

for confinement of joints is lower than in the interior case, 

enabling relatively wider stirrup spacing. Hence, the stirrup 

spacing (distance) is not identical for interior and exterior 

joints. For structural safety, interior joints employ closer 

stirrup spacing because of greater confinement needs and 

exterior joints can have slightly bigger spacing because 

there is less confinement. This is in accordance with 

seismic detailing practice rules of reinforced concrete 

structures. 

The experimental database comprises 212 exterior joints 

with lateral reinforcement, 107 exterior joints without 

lateral reinforcement, 131 interior joints with lateral 

reinforcement and 57 interior joints without lateral 

reinforcement. As shown in Table 4, most specimens that 

experienced joint shear failure (𝑆) also exhibited bond slip 

failure (𝐵), 𝑆 − 𝐹: Joint shear failure followed by bond 

slip failure. Bond slip failure is a failure mode 

predominantly encountered in joints where the longitudinal 

reinforcement detailing does not meet performance 

specifications. 

The proposed technique can identify the average 

location of damage from a detector if there are two or more 

damage points between two detectors. To induce 

significant damage, the amplitude was gradually increased 

from 8.5 millimeters to 12 millimeters over intervals 

ranging from forty-five seconds to two minutes, with all 

input parameters recorded at each step. A similar method 

was employed to create a minor crack, an initial crack, 

moderate damage and critical damage. The amplitude and 

duration were adjusted carefully through a process of trial 

and error under thorough observation. The duration of the 

vibration ranged from fifteen seconds to four minutes and 

the interval between amplitude increments was 0.23 

millimeters. For training, 77% of this data was utilized, 

while the remaining 23% was utilized for testing. For 

training, the D-FFNN model with the logistic function was 

utilized. One input layer, one multiple-hidden layer and 

one output layer were the three primary layers that were 

present. Training was done for a total of 5000 epochs to 

achieve the highest possible level. There is a Root Mean 

Square Error (RMS) of 1.5-2.9% in the results of the 

testing, while the RMS in the training is 1-1.9%. If more 

hidden layers were added, the RMS error would drop to 

between 1 and 1.7% during training, but the testing result 

would increase by between 3 and 7%. The optimal 

configuration of the ANN was identified using these 

network layers. 
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Table 4.  Documented Failure Patterns in the Test Data 

Failure modes 𝑺 𝑺 − 𝑭 𝑩 Total 

Exterior 
with transverse reinforcement (w) 117 93 2 212 

without transverse reinforcement (w/o) 78 18 11 107 

Interior 
with transverse reinforcement (w) 44 87 0 131 

without transverse reinforcement (w/o) 22 24 0 45 

Total 261 222 13 508 

The relationship between conductance (G) and 

frequency for PZT patch 1 after each activation magnitude 

is illustrated in Figure 7. The figure illustrates a notable 

change in the conductance plots that occurred shortly after 

the initial damage had occurred, specifically when the 

excitation amplitude was limited to 1mm. A MATLAB 

toolbox was implemented to model D-FFNN. Following 

training, the D-FFNN was validated. Algorithm 1 predicts 

performance and damage severity of beam-column joints. 

Figure 7.  Conductance Vs. Frequency Plots of Damage States 

Algorithm 1: D-FFNN Toolbox Algorithm for 

SFR-SCC Structural Behavior Forecast 

STEP 1: Load and Prepare Dataset 

STEP 2: Configure D-FFNN Architecture 

layers = [ 

    sequenceInputLayer(size(inputs,2)) 

    fullyConnectedLayer(128) 

    reluLayer 

    fullyConnectedLayer(64) 

    reluLayer 

    fullyConnectedLayer(32) 

    reluLayer 

    fullyConnectedLayer(1) 

    regressionLayer 

]; 

STEP 3: Training Options 

options = trainingOptions('adam', ... 

    'MaxEpochs', 300, ... 

    'MiniBatchSize', 32 

    'InitialLearnRate', 1e-3 

    'ValidationData', {inputNorm(:,valInd), 

targetNorm(:,valInd)} 

    'Shuffle', 'every-epoch', 

    'Plots', 'training-progress', 

    'Verbose', false); 

STEP 4: Train the Network 

STEP 5: Performance Metrics 

STEP 6: Visualization 

The D-FFNN model underwent evaluation using distinct 

inputs, not included in the training set, as detailed in Table 

5. It is evident from the table that the proposed ANN model

accurately predicted all damage categories and locations. 

The results of the overall performance assessment for the 

databases are displayed in Figure 8. The D-FFNN yields 

more precise or identical R and R2 values in all three 

scenarios. On the validation and testing datasets, the 

accuracies of all four networks have decreased, except for 

the proposed D-FFNN, which continues to deliver more 

precise outcomes. The precision achieved by the D-FFNN, 

as suggested, is equivalent in accuracy to that which could 

be achieved by employing intricate and labor-intensive 

mechanics-based models Jeon. The performance 

evaluation metrics, including error rates and coefficients of 

variation, for the data point testing and validation, are 

detailed in Table 6. The proposed FFNN yields reduced 

error and CV values across all metrics, signifying enhanced 

precision and dependability. 

Local performance evaluation metrics for the suggested 

network, in comparison to the existing networks, are 

illustrated in Figure 9 (a)–(d). The figure compares the 

testing and validation performance of different predictive 

models (Proposed DT-KNN, ANN, DNN, and MLP) for 

structural joints under four distinct conditions: (a) Interior 

Joints without Transverse Reinforcement, (b) Interior 

Joints with Transverse Reinforcement, (c) Exterior Joints 

without Transverse Reinforcement, and (d) Exterior Joints 

with Transverse Reinforcement. The evaluation metrics 

include coefficient of determination (R²), mean absolute 

error (MAE), mean squared error (MSE) and root mean 

squared error (RMSE). These metrics provide insights into 

the models’ accuracy, reliability and overall prediction 

quality. 

In the absence of transverse reinforcement, the proposed 

DT-KNN model demonstrates superior performance 

compared to ANN, DNN, and MLP. It achieves the highest 

R² values during both testing and validation, indicating its 

ability to explain a larger proportion of variance in the data. 

Additionally, the lower MAE, MSE, and RMSE values 

highlight the model’s robustness in minimizing prediction 
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errors. This result is significant, as the lack of transverse 

reinforcement typically adds complexity to predicting joint 

behavior. For interior joints with transverse reinforcement, 

all models exhibit an improvement in prediction accuracy. 

However, DT-KNN continues to outperform its 

counterparts, maintaining the highest R² values and the 

lowest error metrics. The transverse reinforcement likely 

contributes to greater structural predictability, which the 

DT-KNN model capitalizes on more effectively than the 

other methods. This finding underscores the importance of 

incorporating reinforcement data into predictive models to 

enhance their reliability. 

Table 5.  Damage Location Accuracy 

D-FFNN predicted Experimental 

Position 

(relative to first PZT) 
Damage Level 

Position 

(relative to first PZT) 
Damage Level 

10 cm to the left Initial 12 cm to the left Initial 

27 cm to the right moderate 22 cm to the right Moderate 

37 cm to the right severe 45 cm to the right Severe 

 

Figure 8.  Performance Comparison of proposed D-FFNN with existing models 

Table 6.  Performance Evaluation Metrics 

Network MAE MSE RMSE CV (%) 

Proposed D-FFNN 0.71 0.91 0.93 14.9% 

Simplified ANN 0.85 1.37 1.17 17.3% 

DNN 0.93 1.45 1.23 17.9% 

MLP 0.97 1.67 1.27 19.1% 

  

(a) Interior Joints without Transverse Reinforcement 
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(b) Interior Joints with Transverse Reinforcement 

  

(c) Exterior Joints without Transverse Reinforcement 

  

(d) Exterior Joints with Transverse Reinforcement 

Figure 9.  Local Performance Comparison 

The performance trends for exterior joints without 

transverse reinforcement mirror those observed for interior 

joints. The DT-KNN model achieves the most accurate 

predictions, as evidenced by its high R² values and reduced 

MAE, MSE, and RMSE. Interestingly, the performance 

gap between DT-KNN and other models becomes more 

pronounced in this case, suggesting that the proposed 

method is particularly adept at handling the increased 

variability associated with exterior joints lacking 

reinforcement. Exterior joints with transverse 
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reinforcement exhibit the highest prediction accuracy 

across all models, with the DT-KNN model once again 

leading in performance. The inclusion of reinforcement 

appears to stabilize the structural behavior, enabling all 

models to perform better. However, DT-KNN's dominance 

is evident, particularly in the validation phase, where it 

consistently produces the most reliable predictions. This 

reinforces the model's capacity to generalize well across 

different structural conditions. The results highlight the 

DT-KNN model's robustness, adaptability, and suitability 

for predicting the behavior of structural joints, particularly 

in scenarios with complex or variable conditions. This 

makes it a promising tool for civil engineering applications, 

where accurate predictions are critical for ensuring the 

safety and performance of structural designs. 

In comparison to the other two networks, the proposed 

networked system increases R and R2 for internal joints 

lacking lateral reinforcement by an average of 9.3% and 

19.5% and decreases MAE, MSE and RMSE through an 

average of 31.1%, 32.1% and 17.5%, respectively. R and 

R2 increase by 3.7% and 7.7%, respectively, for interior 

joints reinforced transversely; MAE, MSE and RMSE 

decrease by an average of 21%, 35.7% and 20.3%, 

respectively. R and R2 increase by 9.3% and 17.9%, 

respectively, for exterior joints lacking lateral 

reinforcement; MAE, MSE and RMSE decrease by 31.7%, 

67.7% and 43.5%, respectively. R and R2 increase by 1.7% 

and 3.7%, respectively, for exterior joints reinforced 

transversely; MAE, MSE and RMSE decrease by 11.5%, 

23.3% and 12.1%, respectively. These results demonstrate 

conclusively that the proposed network is accurate and 

reliable for every joint type considered. Particularly 

noteworthy is the enhanced accuracy observed in the joints 

without transverse reinforcement, which has historically 

proven to be more difficult to represent with 

mechanics-based models. The proposed DT-KNN model 

consistently outperforms traditional neural network-based 

approaches (ANN, DNN, and MLP) across all joint types 

and reinforcement conditions. Its superior R² values 

demonstrate its effectiveness in capturing the underlying 

relationships within the data, while its lower MAE, MSE, 

and RMSE values reflect its precision in minimizing 

prediction errors. 

5. Challenges 

Through the experimental analysis of validating SHM in 

SCC beam-column joints with SCFs and using ANNs, an 

important aspect is the difficulty in modeling the material 

accurately. It was also observed that SCC mixed with steel 

fibres has unique properties like flowability, mechanical 

properties which depend on fibre distribution, orientation 

and quantity. These factors introduce errors to the 

experimental results and as a result it becomes hard to 

compile a complete data base that will feed the ANN. 

Besides, it is especially important to mention that SCC is 

non-linear and heterogeneous, which makes the modelling 

and anticipation of its changes rather challenging. Sensors 

placed in concrete structures can have noise, drift, or signal 

loss throughout use, which may in turn affect the input data 

of ANN. In order to accurately calibrate experimental data 

with the outputs of ANN one is forced to feed the ANN 

with a significantly large amount of quality data as the 

accuracy of an ANN depends on how well one trains it. 

Further, the technical difficulty involved in developing and 

optimizing ANN architecture is sufficiently sensitive to 

accurately predict the behaviour of SCC beam-column 

joints under various loading situations and failure modes 

complicates the process. It also requires calibration of the 

ANN in terms of their accuracy as with experimental 

validation, an idealized model is implemented with the 

goal of improving the predictive performance of ANN 

through iterative refinement. In addition, the integration of 

steel fibres makes it harder in figuring out cracks patterns 

and failure mode patterns and the SHM technique. 

Overcoming these challenges is imperative to enhancing 

practicality of the ANN-driven SHM systems when applied 

to real concrete structures. 

6. Conclusions and Future Scope 

This research brings forward the efficiency of 

incorporating steel fibres into SCC in order to improve the 

performance of beam-column joints, especially under 

dynamic loads like earthquakes. The addition of fibres 

greatly enhances major mechanical characteristics such as 

tensile strength, ductility, and resistance to cracks, 

enabling SCC to be more resistant in failure-susceptible 

areas of the structure. Coupled with SHM methods, these 

developments enable ongoing evaluation of structural 

health. The use of ANN, particularly D-FFNN, further 

enhances SHM through precise prediction of structural 

responses like load, displacement, strain and the detection 

of initial degradation signs. Supervised learning and 

appropriate activation functions boost prediction accuracy, 

minimize reliance on visual inspection, and assist in the 

timely decision on maintenance. The approach therefore 

eradicates energy-requiring manual inspections and 

improves the lifecycle of SCC structures which in return 

has economic and environmental advantages. Therefore, 

the feature of technological innovation in structural 

monitoring evidenced by this study provides advancement 

towards environmentally sustainable construction practices 

achieved by the SHM systems. Future research can explore 

in optimizing better fibres, fibre ratio and its mass to obtain 

better mechanical advantages and longevity under different 

stress levels. These studies can be complemented by the 

use of ANN models and can extend to adaptive predictive 

modeling for the real-time evaluation of structural 

performance that will inform preventive actions. The 

implementation with SHM systems enables internet of 

Things (IoT) devices and wireless sensor networks for 
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continuous remote data monitoring. These systems can 

improve the accuracy of the diagnostic algorithms, which 

contributes to the findings of initial signs of joint 

degradation. Additionally, expanding the investigation to 

embrace the long-lasting environmental consequences of 

such structures inclusive of fluctuation in temperature and 

corrosion effects improves the overall durability of such 

structures. 
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