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Abstract 

This study presents the application of deep learning technology in torsional capacity evaluation of reinforced 

concrete (RC) beams. A data-driven model based on 2D convolutional neural network (CNN) is established, 

where model inputs contain the beam width, beam height, stirrup width, stirrup height, concrete compressive 

strength, steel ratio of longitudinal reinforcement, yield strength of longitudinal reinforcement, steel ratio of 

transverse reinforcement, yield strength of transverse reinforcement and stirrup spacing. To enhance the prediction 

accuracy of the proposed model, an improved bird swarm algorithm (IBSA) is leveraged to optimise the 

hyperparameters of CNN in the training phase. A comprehensive dataset, comprising 268 groups of laboratory 

tests of RC beams collected from published articles, is used for model development and validation. The results 

show that the proposed 2D CNN with hyperparameter optimisation exhibits high performance in predicting 

torsional strength of RC beams, which outperforms other machine learning models, building codes and empirical 

formula in terms of a series of evaluation metrics. 
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1. Introduction 

     Torsion is a common force form that frequently exists in reinforced concrete (RC) structures . In the past, the 

steel used in RC members was more regular, so the torsional effect is not obvious compared with the bending 

moment and shear force, which can be tackled by introducing stirrups or increasing the ratio of longitudinal 

reinforcement. However, with the advance in construction technology, the structural form started to become 

complex and varied, making the structural members subjected to large torque. On the other hand, people often 

ignore the torque effect of components in the design, which leads to the serious torsion of structural components, 

perhaps causing hidden danger or even structural failure.  

     With regard to this issue, several studies were conducted on torsional behaviour of RC members under pure 

torsion load or combined torsion and other types of load, which contributed to design codes and prediction 

formulae/models for evaluating torsional behaviour of RC structures. Hsu carried out a comprehensive 

experimental study on normal and reinforced concrete members subjected to pure torsion [1]. The experimental 

results demonstrated that the torsional capacity of RC members is related to several structural parameters, 

including member dimension, dimension of longitudinal and transverse reinforcements, yield strength of 

reinforcement and concrete compressive strength. Chiu et al. conducted an experimental investigation on torsional 

behaviour of normal-strength and high-strength RC beams [2]. Chalioris and Karayannis studied the influences 

of the ratio of width to height, stirrup number and longitudinal reinforcement location on torsional behaviour of 

RC beams with rectangular cross-sections [3]. Rahal proposed a simplified non-iterative formulation to predict 

ultimate torsional resistance of normal-strength and high-strength concrete reinforced beams, which was validated 

by the test results of 152 rectangular RC beams collected from published articles [4]. The proposed empirical 

model was also applicable to the RC beam with other shapes of cross-section. Fiore et al. proposed a novel 

hybridised approach for ultimate torsional strength prediction of RC beams, based on evolutionary polynomial 

regression [5]. This innovative regression method integrates the characteristics of traditional regression 
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approaches and gene expression programming, which utilises symbolics to establish the prediction formula. 

Arslan firstly utilised artificial neural networks (ANNs) to predict torsional strength of RC beams, in which beam 

dimension, stirrup dimension, spacing, compressive strength of concrete, stirrup yield strength, cross-section of 

stirrup, steel ratios of both stirrup and longitudinal reinforcement were employed as network inputs [6]. On the 

basis of Arslan’s work, Ilkhani et al. analysed the importance of each input variable on the network output, and 

then used trained ANN to produce empirical design formula for torsional strength estimation of RC beams [7]. 

Haroon et al. adopted principal component analysis (PCA) and stacked autoencoder (SAE) to process the training 

dataset of RC beams to remove the redundant information from input variables, which is able to improve the 

accuracy of torsional strength prediction [8]. The validation results show that PCA and SAE are effective tools to 

extract the features from input variables. However, this type of hand-crafted feature perhaps works for a special 

case or a group of data, but fails to reach a similar performance in other cases.  

     In the past few years, deep learning technology, with the fusion of feature extraction and pattern classification, 

has been rapidly developed and applied in various areas, including object recognition [9, 10], natural language 

processing [11], cancer diagnosis [12, 13], and flow detection [14], etc. Recently, deep learning was also utilised 

to resolve structural engineering problems, such as surface crack identification [15], structural defect detection 

[16, 17] and mechanical property prediction [18]. Pathirage et al. employed a deep autoencoder network-based 

framework for structural damage detection, in which the compressed frequency response functions (FRFs) of 

vibration measurements by principal component analysis (PCA) were used as model inputs [19]. Fan et al. 

proposed a novel method based on generative adversarial network (GAN) for dynamic response reconstruction of 

structures subjected to extreme loads [20]. Jo and Jadidi utilised deep belief networks to develop an automated 

crack classification system, which can be installed in remotely piloted aircraft (RPA) to analyse RGB and infrared 

images for structural surface crack detection [21]. Yu et al. put forward an innovative learning approach based on 

convolutional neural networks with deep architecture for damage diagnosis of structures equipped with smart 

control devices [22]. Among different deep learning approaches, CNNs were widely utilised in various 

engineering applications due to outstanding generalisation capability. However, the network performance is 

related to the setting of hyperparameters, which is a set of parameters to determine the network training. Different 

assignments of hyperparameters may cause obviously dissimilar performance of CNN. A group of optimal CNN 

hyperparameters of one application may fail to generate the same performance for others. Accordingly, optimising 

the CNN hyperparameters is greatly necessary, before the model is employed in specific applications 

     A new bio-inspired optimisation algorithm, namely bird swarm algorithm (BSA), was recently proposed by 

Meng et al. [23], which simulates the food-seeking behaviour of birds, such as foraging, vigilance and flying. Due 

to the advantages of fast convergence and fewer tunable parameters, BSA has been widely utilised in dealing with 

a variety of engineering optimisation tasks, such as power train optimisation [24], heart disease detection [25], 

target edge detection [26], wind speed forecast [27], node deployment of wireless sensor networks (WSN) [28], 

fault diagnosis [29], etc. Malathy et al. employed BSA to deal with optimal node deployment problems in wireless 

sensor networks (WSN), which aims to reduce energy consumption and prolong the network lifetime [28]. Wu et 

al. improved BSA via introducing non-dominated sorting method, which was then used for optimising gear ratios 

of vehicle power train [24]. Niu et al. utilised BSA to optimize penalty factor and kernel parameter of support 

vector machine (SVM), and this hybrid model was applied to intelligent fault detection of planetary roller screw 

mechanism [29]. Pruthi et al. combined BSA and fuzzy reasoning to detect object edge from digital images, and 

test results validated that the proposed approach performs well for identifying smooth, thin and continuous edges, 

even if the images are polluted with high-intensity noise [26]. BSA was also used to optimise parameters of 

empirical wavelet transform and least square support vector machine for short-term wind speed prediction [27]. 

In addition to the wide application, BSA has been proved to be better than particle swarm optimisation (PSO), 

genetic algorithm (GA), bacterial foraging algorithm (BFO) and ant colony optimisation (ACO) in terms of 

convergence and solution accuracy, when resolving highly nonlinear optimisation problems [26]. Consequently, 

BSA can be considered an effective method for CNN hyperparameter optimisation, the research of which has not 

been reported yet, to the best knowledge of authors. 

     The objective of this research is to study the potential of using deep learning technology in torsional capacity 

prediction of RC beams with capability evaluation. A surrogate model based on 2D-CNN is developed accordingly. 

To guarantee the best prediction performance of the proposed model, BSA is adopted to optimise the network 

hyperparameters during the training procedure. The essence of hyperparameter optimisation is to resolve a 

globally minimal optimisation problem, where root mean square error and coefficient of determination between 

model outputs and corresponding real values of torsional strength are main optimisation targets. Regarding that 



standard BSA perhaps falls into local optimum when dealing with highly nonlinear optimisation problems, an 

improved BSA (IBSA) is put forward, where global location update mechanism and self-adaptive acceleration 

factors are introduced to promote the global search ability of algorithm. Then, a comprehensive dataset collected 

from a large number of research articles, containing experimental measurements and tests of RC beams under 

pure torsional loading, is employed to assess the capacity of trained 2D-CNN via comparing it with other 

commonly used machine learning methods as well as existing building codes and empirical formula. Eventually, 

a reliable and robust graphical user interface is designed based on Matlab App Designer to facilitate structural 

designers to fully utilise this innovative technology for designing RC beams in practice. 

2. Theoretic background 

2.1. Convolutional neural network 

     Convolutional neural network (CNN) is a type of feed-forward neural network with deep learning capacity, 

the structure of which is similar to that of multi-layer perception (MLP). Different from MLP with the challenges 

of a large number of training parameters and low prediction speed, CNN conducts the improvement in the 

following aspects: 1) the spare connection is adopted between two adjacent layers, 2) the weights are shared 

between the neurons in the same layer, and 3) down-sampling is conducted to reduce the feature dimension in the 

data space. Due to these advantages, CNN can not only keep the high original features that are then transformed 

into abstract features, but also reduce the network complexity and improve the prediction efficiency. Generally, 

CNN is made up of input layer, convolution layers, pooling layers, fully connected (FC) layers and output layer, 

where the convolution and pooling layers are set alternatively, followed by FC and output layers. The detailed 

information about CNN is presented in the following sub-sections. 

2.1.1. Convolution layer 

     The convolution layer is a key element in CNN, which has excellent feature learning ability. Each convolution 

layer contains a number of convolution kernels used for feature extraction. Generally, the first convolution layer 

only extracts lower-level features from original data, while the deeper convolution layers can iteratively extract 

more complex features from lower-level features, significantly simplifying the feature extraction procedure. In 

addition, the kernel of convolution layer is only connected with some local areas in the input, and the kernels in 

the same convolution layer will share the weights and bias, which not only effectively reduces the number of 

network parameters, but also avoids the overfitting problem. Multiple kernels in each convolution layer can learn 

different characteristics of data and gain various output data to guarantee the full use of information. 

2.1.2. Pooling layer 

     The pooling layer, also known as down-sampling layers, is used to conduct the sparse processing on the feature 

map to reduce the amount of data calculation. The outputs of convolution layer are pooled to further reduce the 

number of model parameters as well as the complexity of network to avoid over-fitting. In the pooling layer, a 

function is used to replace the actual output of a feature location with overall statistical characteristics of outputs 

of adjacent features at that location. Commonly used pooling functions include maximum pooling and averaged 

pooling, where maximum pooling and averaged pooling replace the current value with the maximum and averaged 

values of all the values in the adjacent area, respectively. Also, the L2 normalization and weighted average method 

are employed to conduct the pooling operation. The pooling operation can guarantee that the location translation, 

rotation and scaling of previous layer do not affect the output results. When the inputs satisfy a priori assumption 

of local invariance, pooling is able to remarkably improve the calculation efficiency of the network. The reduction 

of input size also helps decrease the number of model parameters, which further saves the computational cost of 

CNN. 

2.1.3. Fully connected layers 

     The fully connected (FC) layer refers to that each neuron in the previous layer is connected with all the neurons 

in the following layer. The function of FC is to combine all the local features extracted from convolution and 

pooling layers into a complete feature graph. In this process, different weights need to be given to different features, 

and a weight matrix is formed, which is to be tuned during the network training.  

2.1.4. Activation function 



     The activation function is usually placed after convolution and FC layers, which plays a significant role in 

achieving nonlinear mapping of input features. The most common activation functions involve binary step 

function, hyperbolic tangent (tanh) function, logistic function, rectified linear unit (ReLU) function, sigmoid 

shrinkage (Swish) function, Gaussian function, etc. The corresponding mathematical expressions are shown in Eq. 

(1) to Eq. (6). Fig. 1 compares the curves of different activation functions. 

𝑏𝑖𝑛𝑎𝑟𝑦 𝑠𝑡𝑒𝑝                                                              𝐴𝑡𝑓(𝑡) = {
0, 𝑡 < 0
1, 𝑡 ≥ 0

                                                                             (1) 

𝑡𝑎𝑛ℎ                                                                            𝐴𝑡𝑓(𝑡) =
𝑒𝑡 − 𝑒−𝑡

𝑒𝑡 + 𝑒−𝑡
                                                                             (2) 

𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐                                                                     𝐴𝑡𝑓(𝑡) =
1

1 + 𝑒−𝑡
                                                                               (3) 

𝑅𝑒𝐿𝑈                                                                           𝐴𝑡𝑓(𝑡) = max{0, 𝑡}                                                                           (4) 

𝑆𝑤𝑖𝑠ℎ                                                                          𝐴𝑡𝑓(𝑡) =
𝑡

1 + 𝑒−𝑡
                                                                              (5) 

𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛                                                                    𝐴𝑡𝑓(𝑡) = 𝑒−𝑡2
                                                                                    (6) 

 

 

-5 -4 -3 -2 -1 0 1 2 3 4 5

-1

0

1

2

3

4

5

 Step

 Tanh

 Logistic

 Swish

 ReLU

 Gaussian

t

Atf (t)

 

Fig. 1. Activation functions of CNN 

2.2. Bird swarm algorithm 

     Bird swarm algorithm (BSA) is a novel swarm-based heuristic intelligent optimisation algorithm, which was 

designed based on the foraging, vigilance and flight behaviors of birds. Compared with traditional swarm 

optimisation algorithms, BSA has the benefits of quick convergence, fewer tunable parameters and good 

robustness. The studies in [26] have sufficiently demonstrated that BAS outperforms particle swarm optimisation 

(PSO) and differential evolution in the optimisation of engineering application problems. Suppose the bird swam 

is composed of Nb birds flying in an M-dimensional space, and their behaviors can be simplified as the following 

idealised rules. 

Rule 1. Each bird in the swarm is able to randomly switch between two behaviors of foraging and vigilance. For 

an arbitrary bird, if the random number rn is more than the probability of vigilance, the bird chooses the foraging 

behaviour. Or else, it selects the behaviour of vigilance. 

Rule 2. During the foraging process, each bird timely records and updates itself best location and global best 

location of swarm for food searching, which can be formulated in Eq. (7). 

𝑥𝑖,𝑗
𝑡+1 = 𝑥𝑖,𝑗

𝑡 + (𝑔𝑏𝑗 − 𝑥𝑖,𝑗
𝑡 ) ∙ 𝑆𝐴 ∙ 𝑟𝑑1 + (𝑝𝑏𝑖,𝑗 − 𝑥𝑖,𝑗

𝑡 ) ∙ 𝐶𝐴 ∙ 𝑟𝑑2                                 (7) 



where t denotes current iteration number; i corresponds to the bird index and i = 1,…, Nb; j corresponds to the 

solution dimension and j = 1,…, M; gb denotes the global best location of swarm; SA denotes the social 

acceleration factor; 𝑝𝑏𝑖  denotes individual best location of ith bird; CA denotes the cognitive acceleration factor; 

and 𝑟𝑑1 and 𝑟𝑑2 denotes two random numbers between 0 and 1. 

Rule 3. During the vigilance process, each bird attempts to move towards the swarm centre. The birds with lower 

fitness values (more food reserve) are closer to the swarm centre than the birds with higher fitness values. This 

behavior can be formulated as follows. 

𝑥𝑖,𝑗
𝑡+1 = 𝑥𝑖,𝑗

𝑡 + (𝑎𝑣𝑒𝑗 − 𝑥𝑖,𝑗
𝑡 ) ∙ 𝐵1 ∙ 𝑟𝑑[0,1] + (𝑝𝑏𝑘,𝑗 − 𝑥𝑖,𝑗

𝑡 ) ∙ 𝐵2 ∙ 𝑟𝑑[−1,1]                                  (8) 

𝐵1 = 𝛽1 ∙ 𝑒
−

𝑁𝑏∙𝑝𝑏𝑖

∑ 𝑝𝑏𝑖
𝑁𝑏
𝑖=1

+𝜏                                                                             (9) 

𝐵2 = 𝛽2 ∙ 𝑒

𝑝𝑏𝑖−𝑝𝑏𝑘
|𝑝𝑏𝑖−𝑝𝑏𝑘|+𝜏

∙
𝑁𝑏∙𝑝𝑏𝑖

∑ 𝑝𝑏𝑖
𝑁𝑏
𝑖=1

+𝜏                                                                  (10) 

where k is a randomly selected integer in the range of [1, 𝑁𝑏], and k ≠ i; 𝛽1 and 𝛽2 represent two constant numbers 

in the range of [0, 2]; 𝑎𝑣𝑒𝑗 denotes averaged value of optimal location of jth dimension of swarm; 𝑝𝑏𝑖  denotes the 

best fitness of ith bird; τ is a small number to prevent zero-division; 𝑟𝑑[0,1] and 𝑟𝑑[−1,1] are two random numbers 

in the ranges of [0, 1] and [-1, 1], respectively. 

Rule 4. The birds fly from one place to another with a regular frequency RF. In the meantime, the roles of birds 

switch between producer and scrounger based on their food reserve. The birds with lower food reserves are 

deemed as the scroungers, while the other birds are regarded as the producers. The producers are responsible for 

foraging, while the scroungers follow the producers to find the food. The food searching behaviors of producers 

and scroungers could be formulated in Eq. (11) and Eq. (12), respectively. 

𝑥𝑖,𝑗
𝑡+1 = (1 + 𝛼1)𝑥𝑖,𝑗

𝑡                                                                               (11) 

𝑥𝑖,𝑗
𝑡+1 = 𝑥𝑖,𝑗

𝑡 + 𝛼2(𝑥𝑘,𝑗
𝑡 − 𝑥𝑖,𝑗

𝑡 )𝑓𝑝                                                                  (12) 

where 𝛼1  is a random number with Gaussian distribution; 𝛼2  is a random number with uniform distribution 

between 0 and 1; fp is a parameter to indicate the degree that the scrounger follows the producer for finding food.  

3. Experimental data collection and analysis 

     To develop a highly accurate data-driven model to predict torsional capacity of RC beams, it is crucial to 

establish a comprehensive dataset that contains all the potential influence factors. In this research, 268 groups of 

experimental measurement and test results of RC beams with rectangular cross-sections were collected from a 

large number of articles published between 1985 and 2019, which make up the dataset used for model 

development and validation [1, 30-44]. The dataset contains the torsional strength and its influencing factors, i.e. 

the dimensions and mechanical properties of concrete beam and reinforcements. Here, ten structural parameters 

are selected as the inputs of the model to be developed, i.e., the width of beam specimen (sw), height of beam 

specimen (sh), width of  stirrup (stw), height of stirrup (sth), compressive strength of concrete (sc), steel ratio of 

longitudinal reinforcement (lrr), yield strength of longitudinal reinforcement (syl), steel ratio of transverse 

reinforcement (tra), yield strength of transverse reinforcement (syt) and stirrup spacing (sts), which were obtained 

from the specimens of RC beam under pure tension tests. The statistical information of these parameters is 

summarised in Table 1, including the values of maximum, minimum, mean, median, standard deviation, kurtosis 

and skewness. It is clearly seen that each parameter has a relatively broad range, which is beneficial to the 

robustness of developed surrogate model. Fig. 2 presents the column diagram for statistical distribution of each 

parameter from the dataset.  

Table 1 Statistical information of each parameter of RC beam from the dataset 

Variable 

Statistical index 

Maximum Minimum Median Mean 
Standard 

deviation 
Kurtosis Skewness 

sw 600.00 85.00 254.00 273.23 120.53 3.84 0.83 



sh 700.00 178.00 381.00 399.54 133.45 2.11 0.34 

stw 546.00 56.50 216.00 223.53 108.45 4.50 1.00 

sth 650.00 149.50 327.00 342.68 121.99 2.18 0.44 

sc 109.80 14.30 40.25 47.32 21.24 2.89 0.94 

lrr 3.89 0.18 1.00 1.33 0.95 3.36 1.25 

syl 724.00 309.00 400.00 444.42 121.31 2.36 0.77 

tra 3.20 0.13 0.91 0.99 0.53 4.16 1.01 

syt 715.00 265.00 385.00 437.87 128.05 2.29 0.81 

sts 300.00 41.00 92.00 106.01 43.15 6.05 1.65 

ts 239.00 2.18 39.40 54.32 44.85 3.21 0.92 
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                   (a) Width of beam specimen                                            (b) Height of beam specimen 
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                       (c) Width of  stirrup                                                        (d) Height of stirrup 
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              (e) Concrete compressive strength                                (f) Steel ratio of longitudinal reinforcement 
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        (g) Yield strength of longitudinal reinforcement                (h) Steel ratio of transverse reinforcement 
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          (i) Yield strength of transverse reinforcement                             (j) Stirrup spacing 
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(k) Torsional strength 

Fig. 2. Statistical distributions of input and output parameters 

     From the view of machine learning study, each model input should be independent of other inputs to avoid 

information redundancy, which can degrade the performance of the trained model. Hence, it is necessary to 

conduct a sensitivity analysis on all the influencing parameters of the torsional strength of RC beams. Here, the 

correlation coefficient between arbitrary two inputs is employed as the metric to evaluate their dependency degree. 

In general, the correlation coefficient between any two input variables is in the range of [-1, 1]. More than 0.8 or 

less than -0.8 of correlation coefficient indicates high correlation between two inputs. In that case, one input is 

suggested to be deleted, since it can be expressed by linear combinations of other inputs. In this work, a correlation 

coefficient matrix with the size of 10 × 10 is established to indicate the dependency of 10 input variables related 

to torsional strength of RC beams, the result of which is shown in Fig. 3. It is clearly seen that except the values 



of elements on the diagonal of the matrix that represent the self-correlation coefficients, all the values of elements 

in the matrix are between -0.7 and 0.7, demonstrating low dependency of input variables in the dataset of RC 

beams. Accordingly, these ten parameters of RC beams can be utilised as the inputs to develop a data-driven 

model for torsional capacity prediction.  

 

Fig. 3. Dependency analysis of ten input variables. 

4. Methodology 

4.1. Framework of proposed model for torsional capacity prediction of RC beams 

     In this research, a novel data-driven model based on 2D-CNN is developed to predict the torsional capacity of 

RC beams, the architecture of which is shown in Fig. 4. It consists of a 2D input layer, two convolution layers, a 

pooling layer, two FC layers and an output layer. The size of input layer is 3×4, containing 10 variables of sw, sh, 

stw, sth, sc, lrr, syl, tra, syt and sts, and 2 padded zeros. The first convolution layer contains 32 kernels with the 

kernel size of 2×2, stride size of 1 and padding size of 1. Following the first convolution layer, a maximum pooling 

layer is added to down-sample the learned representation, which has been proved to be better than average pooling 

[45]. The kernel size, stride size and padding size of pooling layer are 2×2, 1 and 0, respectively. Next, a 

convolution layer, which contains 64 kernels with the kernel size of 2×2, stride size of 1 and padding size of 1, is 

added to explore the deep features that are sensitive to torsional strength of RC beams. Then, two FC layers are 

connected to Con2, denoted by Fc1 and Fc2. Fc1 is utilised to flatten 2D representations by a 1D feature map, the 

outputs of which are regarded as inputs of Fc2. Fc2 is the second FC layer that is designed to compact flattened 

features and reduce the dimension. Because the neuron numbers of Fc1 and Fc2 are 30 and 10, respectively, which 

is apparently in a reduction manner, they are deemed as hidden layers for optimal feature selection during the 

process of mapping. Accordingly, redundant and useless features are removed, when the outputs of Fc2 are 

employed as inputs for eventual torsional capacity evaluation. In addition, to avoid the trained network being 

overfitted owing to multiple hidden neurons in Fc1 and Fc2, the dropout operation is conducted between Con2 

and Fc1, which can increase the diversity of CNN via randomly restraining some neurons. The detailed 

information of each layer in proposed 2D-CNN has been concluded in Table 2. 
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Fig. 4. Architecture of proposed 2D-CNN for torsional strength prediction of RC beams. 

Table 2 Parameter information of each layer in 2D-CNN 

Layer name Kernel size Padding size Stride size Output dimension 

Con1 2×2 1 1 32 

Pool1 2×2 0 1 32 

Con2 2×2 1 1 64 

Fc1 ─ ─ ─ 30 

Fc2 ─ ─ ─ 10 

Regression ─ ─ ─ 1 

 

4.2. 2D-CNN model training 

     The training of proposed 2D-CNN is based on supervised learning, where a loss function is needed to measure 

the difference between real value and prediction value from network. For the model training, the main target is to 

minimize the value of loss function via tuning the network parameters. In this study, the 2D-CNN is developed to 

predict the torsional capacity of RC beams, which is a regression problem in essence. Accordingly, we employ 

the mean square error (MSE) between real and predicted torsional strengths as the loss function, which can be 

regarded as a calculation method Euclidean distance, defined as follows. 

𝐿(𝑌, 𝑌̂) =
1

𝑁𝑡𝑟

∑(𝑦̂𝑖 − 𝑦𝑖)
2

𝑁𝑡𝑟

𝑘=1

                                                                   (13) 

 where  𝑁𝑡𝑟  denotes the total number of training data, and 𝑦̂𝑖  and 𝑦𝑖  denote the predicted and real torsional 

strengths, respectively.  

     Then, the stochastic gradient descent with momentum (SGDM) method is used to minimize the loss value via 

a procedure of error back-propagation. Before the network arrives at convergence, the weights and bias of each 

layer are continuously tuned by SGDM to diminish the network error. The parameter update formula is displayed 

in Eq. (14). 

𝑀𝑊𝑡+1 = 𝑀𝑊𝑡 − 𝑙𝑡𝑣𝑡 ∙ ∆𝐿(𝑀𝑊𝑡; 𝑌, 𝑌̂)                                                      (14) 

where 𝑀𝑊 denotes the parameter vector consisting of weights and bias, 𝑙𝑡𝑣 denotes the learning rate, and ∆𝐿 

denotes the gradient of loss function. 

4.3. Hyperparameter optimisation of proposed model using improved BSA 

     As all we know, the performance of 2D-CNN is heavily dependent on the assignment of network 

hyperparameters. Improper setting of hyperparameters may cause the trained network to be either overfitted or 

underfitted. The same network can generate entirely distinct capacities using different values of CNN 

hyperparameters. Hence, it is necessary to set optimal values of hyperparameters to achieve the best model for 

torsional capacity prediction of RC beams. Here, the hyperparameters of 2D-CNN model include initial learning 

rate (αl), momentum (γ), L2-regularization factor (l2-R), learning rate drop period (TLRD), learning rate drop factor 



(ξLRD) and dropout factor (χ). The ranges and types of these hyperparameters are summarised in Table 3. 

Optimising hyperparameters of 2D-CNN can be considered as resolving a minimisation problem, where the 

optimisation targets are error and similarity degree between real torsional capacity and prediction from model. In 

this study, the fitness function is composed of two components, root mean squared error (RMSE) and coefficient 

of determination (R2) between real and predicted values. The definition of fitness function and relevant 

mathematical expressions are displayed as follows. 

𝐹𝑖𝑡𝐹 =
𝐹𝑖𝑡𝑅𝑀𝑆𝐸

𝐹𝑖𝑡𝑅2
                                                                            (15) 

𝐹𝑖𝑡𝑅𝑀𝑆𝐸 = √
1

𝑁𝑡𝑑

∑[𝑡𝑠𝑝(𝑘) − 𝑡𝑠𝑜(𝑘)]2

𝑁𝑡𝑑

𝑘=1

                                                       (16) 

𝐹𝑖𝑡𝑅2 =

[
 
 
 

𝑁𝑡𝑑(∑ 𝑡𝑠𝑝(𝑘)𝑡𝑠𝑜(𝑘)
𝑁𝑡𝑑
𝑘=1 ) − (∑ 𝑡𝑠𝑜(𝑘)

𝑁𝑡𝑑
𝑘=1 )(∑ 𝑡𝑠𝑝(𝑘)

𝑁𝑡𝑑
𝑘=1 )

√[𝑁𝑡𝑑 ∑ 𝑡𝑠𝑝(𝑘)2𝑁𝑡𝑑
𝑘=1 − (∑ 𝑡𝑠𝑝(𝑘)

𝑁𝑡𝑑
𝑘=1 )2][𝑁𝑡𝑑 ∑ 𝑡𝑠𝑜(𝑘)2𝑁𝑡𝑑

𝑘=1 − (∑ 𝑡𝑠𝑜(𝑘)
𝑁𝑡𝑑
𝑘=1 )2]

]
 
 
 
2

       (17) 

where Ntd denotes the number of training data, and 𝑡𝑠𝑜 and 𝑡𝑠𝑝 represent real (observed) and predicted torsional 

strengths of RC beam, respectively. The lower the fitness value, the better the solution of hyperparameters. If the 

fitness is close to 0, the corresponding solution can be regarded as the optimal solution of hyperparameters of 2D-

CNN for predicting torsional capacity. To deal with this optimisation task, the BSA is employed to tune the 

hyperparameters during the process of model training. 

Table 3 Boundaries and types of hyperparameters 

Parameter Upper limit Lower limit Type 

αl 3e-4 1e-5 Decimal 

γ 0.98 0.8 Decimal 

l2-R 1e-2 1e-10 Decimal 

TLRD 30 10 Integral 

ξLRD 0.3 0.05 Decimal 

χ 0.15 0.8 Decimal 

 

     Even though the BSA has been proved to be effective in function optimisation, it still suffers from the problems 

of low solution accuracy and premature when tackling complex optimisation problems with high nonlinearity like 

Eq. (15) in this research. The main reason leading to low accuracy and premature is randomness and fixed length 

in the location update formulae in the standard BSA. For instance, in the behavior of vigilance, kth bird is 

randomly selected for the optimal location update. If the current ith individual has better fitness and the selected 

kth bird has the worse fitness, the algorithm will generate numerical oscillation during the evolutionary iteration, 

thus increasing the calculation time and reducing the search ability of bird. In addition, in the behavior of foraging, 

the social and cognitive acceleration factors are always constants for updating the location of birds. The lower 

values of both acceleration factors can result in slow convergence in the early iteration of algorithm, while the 

higher values may cause the algorithm to fall into the local optimum.  

     To resolve these challenges in standard BSA, this study puts forward an improved BSA (IBSA) to optimise 

the hyperparameters of 2D-CNN for accurately predicting torsional capacity of RC beams, where two 

modifications are applied in the location update formulae. The first modification is to replace kth randomly 

selected bird with global optimal individual in the swarm, which effectively enhances the targeting of optimisation. 

Hence, Eq. (8) and Eq. (10) are reformulated as follows. 

𝑥𝑖,𝑗
𝑡+1 = 𝑥𝑖,𝑗

𝑡 + (𝑎𝑣𝑒𝑗 − 𝑥𝑖,𝑗
𝑡 ) ∙ 𝐵1 ∙ 𝑟𝑑[0,1] + (𝑔𝑏𝑗 − 𝑥𝑖,𝑗

𝑡 ) ∙ 𝐵2 ∙ 𝑟𝑑[−1,1]                                (18) 

𝐵2 = 𝛽2 ∙ 𝑒

𝑝𝑏𝑖,𝑗−𝑔𝑏𝑗

|𝑝𝑏𝑖,𝑗−𝑔𝑏𝑗|+𝜏
∙

𝑁𝑏∙𝑝𝑏𝑖,𝑗

∑ 𝑝𝑏𝑖,𝑗
𝑁𝑏
𝑖=1

+𝜏                                                                (19) 



where 𝑔𝑏𝑗 denotes the globally optimal location of jth dimension. The second modification is the introduction of 

self-adaptive acceleration factors, which can adjust the values at each iteration. Essentially, the larger acceleration 

factors are required in the early stage of iteration to enhance the exploration ability of algorithm, while the smaller 

acceleration factors are preferred in the later stage of evolution to improve the exploitation ability of algorithm 

for solution refinement. Therefore, the decreasing acceleration factors are proposed in IBSA, the definitions of 

which are shown in Eq. (20) and Eq. (21) 

𝑆𝐴(𝑖𝑐) = 𝑆𝐴𝑚𝑖𝑛 + (𝑆𝐴𝑚𝑎𝑥 − 𝑆𝐴𝑚𝑖𝑛)𝑒−𝜇1(
𝑖𝑐
𝑇𝑁

)
𝛿1

                                                (20) 

𝐶𝐴(𝑖𝑐) = 𝐶𝐴𝑚𝑖𝑛 + (𝐶𝐴𝑚𝑎𝑥 − 𝐶𝐴𝑚𝑖𝑛)𝑒−𝜇2(
𝑖𝑐
𝑇𝑁

)
𝛿2

                                              (21) 

where 𝑖𝑐 denotes the current iteration number; 𝑆𝐴𝑚𝑖𝑛 and 𝑆𝐴𝑚𝑎𝑥 are minimum and maximum social acceleration 

factors, respectively; 𝐶𝐴𝑚𝑖𝑛 and 𝐶𝐴𝑚𝑎𝑥 are minimum and maximum cognitive acceleration factors, respectively; 

𝑇𝑁 denotes maximum iteration number of algorithm. Fig. 5 presents the curve of proposed nonlinear acceleration 

factor via a comparison with linearly decreasing curve. It is clearly noted that the curves of nonlinear factors are 

capable of keeping higher value for a longer time and quickly decline to lower value, compared with linearly 

decreased factor. Among three nonlinear curves in the figure, the green one with 𝜇=10 and δ=8 is the option in 

Eq. (20) and Eq. (21) because of symmetry of curve that balances the global and local search capabilities of 

algorithm.  
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Fig. 5. Adaptively decreased acceleration factor. 

     Based on proposed IBSA, the process of hyperparameter optimisation of 2D-CNN can be summarised in the 

following steps. 

Step 1. Confirm the dimension of solution, and set algorithm parameters of IBSA, such as swarm population, 

maximum iteration number, minimum and maximum social acceleration factors, minimum and maximum 

cognitive acceleration factors, 𝛽1 and 𝛽2, etc. 

Step 2. Initialise the bird swarm and set the current iteration number t is 1. Then, calculate the fitness of each bird 

in the swam and save individual optimum and global optimum. 

Step 3. Check the birds’ conditions. According to different conditions of birds, use corresponding equations to 

update the birds’ locations. 

Step 4. Calculate the fitness of each bird. Then, compare the current individual and global optimums with previous 

ones. If the current values are better than previous ones, update 𝑝𝑏𝑖,𝑗 and 𝑔𝑏,𝑗. 

Step 5. Check the termination condition. If the current iteration number t is more than maximum iteration number, 

terminate the algorithm evolution. Or else, t = t + 1 and return to Step 3. 

     A detailed flowchart for hyperparameter optimisation of proposed 2D-CNN for torsional capacity evaluation 

of RC beams using IBSA is illustrated in Fig. 6. 
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Fig. 6. Flowchart of hyperparameter optimisation of 2D-CNN using IBSA. 

5. Results and discussion 

     Based on proposed IBSA optimised 2D-CNN (IBSA-2D-CNN), the predictive model for torsional strength of 

RC beams is established based on collected dataset. Here, the whole dataset is randomly segmented into two 

groups, where the first group contains 188 samples (70%) that are used to train the proposed model and the rest 

80 samples (30%) are used as test data to validate the performance of the trained model. The coding of both IBSA 

and 2D-CNN is based on Matlab v.2021a, where the Deep Learning Toolbox is employed. The program is 

implemented on a laptop with Intel i5-8350U CPU, 8GB memory (RAM) and 64-bit operating system. GPU 

method is applied to the training procedure to accelerate the optimisation of hyperparameters of 2D-CNN using 

IBSA. In this study, the parameters of IBSA are set as follows: the swarm population is 40, maximum iteration 

number is 300, minimum values of social and cognitive acceleration factors are 1, maximum values of social and 

cognitive acceleration factors are 2,  𝛽1 = 1, 𝛽2 = 1, 𝑓𝑝 ∈[0, 2], and RF = 10. 

     Fig. 7 portrays the optimisation procedure of each hyperparameter of 2D-CNN using IBSA. It is noted all the 

hyperparameters reach their optimum in the meantime at around 75 iterations, which sufficiently demonstrates 

the fast convergence ability of the proposed improved algorithm. The optimisation solutions to the 

hyperparameters of 2D-CNN for torsional strength prediction of RC beams are displayed in Table 4. 

Table 4 Optimisation results of hyperparameters of 2D-CNN 

Hyperparameter αl γ l2-R TLRD ξLRD χ 

Value 2.68e-4 0.8272 0.0071 26 0.2388 0.2901 
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Fig. 7. Hyperparameter optimisation results 

     Furthermore, to elaborate the superiority of proposed optimisation algorithm, a comparative study is conducted 

by comparing the fitness of IBSA with the fitness values of three commonly used algorithms, i.e., genetic 

algorithm (GA), particle swarm optimisation (PSO) and BSA, for hyperprameter optimisation of 2D-CNN based 

on training dataset of RC beams. To carry out an impartial investigation, the population size and maximum 

iteration numbers of GA, PSO and BSA are set the same as that of IBSA, i.e., 40 and 300, respectively. Other 

parameters of three optimisation algorithms are set as follows: for GA, the selection method is roulette wheel, 

mutation rate is 0.015 and the rate of single-point crossover is 0.085; for PSO, the inertia weight is 0.75 and learing 

rate is 2; for BSA, the social and cognitive acceleration factors are set as 1.5, and other parameters are the same 

as that of IBSA. The comparison result of four algorithms in terms of fitness change is shown in Fig. 8. It is 

apparent that GA has the worst performance on 2D-CNN hyperparameter optimisation for predicting torsional 

strength of RC beams, with the highest fitness value. Although the BSA has the fastest convergence speed among 

four algorithms, it is premature due to higher fitness than that of PSO and IBSA. The proposed IBSA, however, 

outperforms PSO in both convergence and solution accuracy, owing to outstanding algorithm exploitation ability. 

This promising result further proves the effectiveness of the proposed IBSA in hyperparameter optimisation of 

2D-CNN.  
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Fig. 8. Fitness comparison of different algorithms 

     Based on the optimal hyperparameter setting, the surrogate model based on 2D-CNN is constructed and trained 

to predict the torsional capacity of RC beams. Then, the test data are sent to the trained model for model evaluation 

via comparing the model predictions with real experimental measurements. Fig. 9 describes the comparison 

between predicted and experimental torsional strengths for both training and test data. In Fig. 9 (a), it is clearly 

observed that almost all the points are located on the fitting line of y = x, indicating outstanding prediction 

performance of training data with the R-squared value of 0.9919. From the results in Fig. 9 (b), all the points are 

scattered around the fitting line of y = x, with the R-squared value of 0.9779.  
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                               (a) Training                                                               (b) Test 

Fig. 9. Comparison between real torsional strength and predictions of proposed IBSA-2D-CNN. 

     To further demonstrate the superiority of proposed IBSA-2D-CNN, a comparative investigation is undertaken 

by comparing it with other commonly used machine learning approaches as well as existing building codes and 

empirical formula. The machine learning models used in this comparison contain Gaussian process regression 

(GPR), support vector machine (SVM), bagged tree (BT), and standard CNN without hyperparameter optimisation. 

The inputs and output of four machine learning models are the same as that of proposed model. Other information 

of these models are summarised as follows. For the GRP model, the kernel function is Matern 5/2, and three 

hyperparameters of feature length scale, data standard deviation and shape factor are set as 100, 33 and 0.0001, 

respectively. For the SVM model, the radial basis function is employed as kernel function, and three 

hyperparameters of penalty parameter, kernel parameter and loss factor are set as 15.3742, 0.5685 and 0.0178, 

respectively. For the BT model, the minimal leaf size is set as 8, and number of learning cycles is set as 30. These 

parameter values are obtained via the optimisation procedure. For standard CNN, the hyperparameters of initial 

learning rate, momentum, L2-regularization factor, learning rate drop period, learning rate drop factor and dropout 

factor are set as 0.01, 0.9, 0.001, 10, 0.1 and 0.5, respectively. The building codes and empirical model include 

ACI-318-2005 [46], BS-8100 [47] and analytical formulation designed by Rahal [4].  The relevant mathematical 

expressions are provided as follows. 

ACI-318-2005  



𝑇𝑛 = 
2𝐴𝑜𝐴𝑡𝑓𝑦𝑡

𝑠
cot 𝜃                                                                            (22) 

cot 𝜃 =  √
𝐴𝑙𝑓𝑦𝑙𝑠

𝐴𝑡𝑓𝑦𝑡𝑝ℎ

                                                                               (23) 

BS-8110 

𝑇𝑛 = 
0.8𝑥1𝑦1(0.87𝑓𝑦𝑡)𝐴𝑠𝑣

𝑠
                                                                    (24) 

Rahal formula 

𝑇𝑛 = 0.33(𝑓𝑐
′)0.16 𝐴𝑐 (𝐴𝑙𝑓𝑦𝑙

𝐴𝑡𝑓𝑦𝑡

𝑠
)

0.35

                                                       (25) 

where Ao denotes the cross area enclosed by the shear flow path, which can be taken as 0.85Aoh; Aoh denotes the 

area enclosed within the centreline of the hoops; At denotes the cross-sectional area of one-leg of closed stirrup; 

fyt denotes the yield strength of closed stirrups; Asl denotes the total area of symmetrically distributed longitudinal 

reinforcement; fyl denotes the yield strength of longitudinal reinforcement; s is the spacing of closed stirrups; 𝜃 

denotes the angle of compression diagonals; ph denotes the perimeter of the centreline of the outmost closed 

transverse torsional reinforcement. x1 and y1 denote the centre-to-centre of the shorter and longer legs of closed 

stirrups; 𝐴𝑠𝑣 denotes the area of the two legs of stirrups at a section, and 𝐴𝑠𝑣 = 2𝐴𝑡; 𝑓𝑐
′ denotes the compressive 

strength of concrete. For the machine learning models, the same training data is used to develop the predictive 

models, and the same test data is employed to evaluate the effectiveness of trained models. For the codes and 

empirical formula, all the data is included for performance evaluation. 

     Figs. 10 to 13 present the comparisons between real torsional strength and outputs of four machine learning 

models for training and test data, respectively. According to the comparison results, it is noted that all the data-

driven models have R-squared values above 0.9, which indicates acceptable torsional strength modeling capacity. 

Among four models, SVM has the worst performance in predicting torsional strength of RC beams, with 

corresponding R-squared values of 0.9074 and 0.9132 for training and test data, respectively. The GPR performs 

better than BT and 2D-CNN, with the coefficients of determination of 0.9863 and 0.9584, respectively. However, 

it is still inferior to the proposed 2D-CNN optimised by IBSA in terms of coefficient of determination. Fig. 14 

shows the correlation analysis between real torsional strength and predictions from ACI-318-2005, BS-8110 and 

empirical formula proposed by Rahal, respectively, where the entire dataset is employed for the comparison. 

Obviously, building codes and empirical formula produce accurate predictions, when the torsional strength is no 

more than 40kNm. With the increase of torsional strength, the capabilities of these formulae gradually decline. 

Overall, the performance of ACI-318-2005  and Rahal proposed formula is satisfactory, with the coefficient of 

determination above 0.9. The BS-8110, however, performs worst among all the models and formulae, with the 

coefficient of determination of only 0.8052. Hence, from the point of view of correlation analysis, the proposed 

2D CNN model with optimal hyperparameters exhibits the best performance in torsional capacity evaluation of 

RC beams.  
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                                    (a) Training                                                             (b) Test 

Fig. 10. Comparison between real torsional strength and predictions of GPR model 
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                                   (a) Training                                                               (b) Test 

Fig. 11. Comparison between real torsional strength and predictions of BT model 
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                                   (a) Training                                                                (b) Test 

Fig. 12. Comparison between real torsional strength and predictions of SVM model 
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                                   (a) Training                                                               (b) Test 

Fig. 13. Comparison between real torsional strength and predictions of CNN model 
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                                 (a) ACI-318-2005                                                            (b) BS-8110 
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(c) Rahal formula 

Fig. 14. Comparison between real torsional strength and predictions of building codes and empirical formula. 

     Fig. 15 summarised the distributions of absolute errors between real torsional strength and predictions of all 

the trained models and design formulae by box-plots. It is observed that the mean and median values of absolute 

errors between real strength and predictions from proposed model, GPR, BT, SVM and Rahal proposed formula 

are close to 0, while the corresponding values of ACI-318-2005  and BS-8110 obviously deviate from 0. In 

addition, the proposed model and GPR have relatively narrow ranges of absolute errors, indicating high prediction 

accuracy of trained models. The proposed model is superior to GPR due to the shorter range between lower and 

upper error bounds. Other models and formulae, however, indicate relatively poor accuracy in predicting the 

torsional strength, featured by wider outlier ranges. 
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Fig. 15. Distributions of absolute error between real values and predictions of all models. 



     In addition to R-squared and absolute error distribution, more statistical evaluation metrics, such as mean 

absolute percentage error (MAPE), relative root mean square error (RRMSE), mean absolute error (MAE), scatter 

index (SI) and index of agreement (IA), are adopted to conduct a comprehensive assessment on model 

performance. The expressions of these metrics are shown in Eq. (26) to Eq. (30).  

𝑀𝐴𝑃𝐸 =
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𝑡𝑠𝑝(𝑖) − 𝑡𝑠𝑜(𝑖)

𝑡𝑠𝑜(𝑖)
|

𝑁𝑑
𝑖=1

𝑁𝑑

                                                                     (26) 

𝑅𝑀𝑆𝑅𝐸 = √
1

𝑁𝑑

∑[
𝑡𝑠𝑝(𝑖) − 𝑡𝑠𝑜(𝑖)

𝑡𝑠𝑜(𝑖)
]

2𝑁𝑑

𝑖=1

                                                            (27) 

𝑀𝐴𝐸 =
∑ |𝑡𝑠𝑝(𝑖) − 𝑡𝑠𝑜(𝑖)|

𝑁𝑑
𝑖=1

𝑁𝑑

                                                                   (28) 

𝑆𝐼 =
√

∑ [(𝑡𝑠𝑝(𝑖) −
∑ 𝑡𝑠𝑝(𝑖)

𝑁𝑑
𝑖=1

𝑁𝑑
) − (𝑡𝑠𝑜(𝑖) −

∑ 𝑡𝑠𝑜(𝑖)
𝑁𝑑
𝑖=1

𝑁𝑑
)]

2

𝑁𝑑
𝑖=1

∑ 𝑡𝑠𝑜(𝑖)
2𝑁𝑑

𝑖=1

                                    (29) 

𝐼𝐴 = 1 −
∑ [𝑡𝑠𝑝(𝑖) − 𝑡𝑠𝑜(𝑖)]

2𝑁𝑑
𝑖=1

∑ [|𝑡𝑠𝑝(𝑖) −
∑ 𝑡𝑠𝑝(𝑖)

𝑁𝑑
𝑖=1

𝑁𝑑
| + |𝑡𝑠𝑜(𝑖) −

∑ 𝑡𝑠𝑜(𝑖)
𝑁𝑑
𝑖=1

𝑁𝑑
|]

2

𝑁𝑑
𝑖=1

                                    (30) 

where 𝑁𝑑 denotes the total sample number. For the metrics of MAPE, RMSRE, MAE and SI, the lower value 

indicates high capacity of model in predicting torsional strength of RC beams. For IA, however, a higher value 

corresponds to the better performance of the model. Fig. 16 illustrates the results of evaluation metrics of all the 

models based on the entire dataset in the form of radar diagrams. From the results, it is clearly seen that the 

proposed IBSA-2D-CNN possesses the optimal metrics of MAE, SI and IA, i.e., 2.9875, 0.0685 and 0.9970, 

respectively, while the GPR has the optimal metrics of MAPE  and RMSRE, i.e., 0.1188 and 0.2251, respectively. 

For the metric of MAPE, the relative errors between proposed IBSA-2D-CNN model and other models/formulae 

are -8.18% for GPR, 53.70% for BT, 84.44% for SVM, 62.45% for 2D-CNN, 80.91% for ACI-318-2005, 124.24% 

for BS-8110 and 98.96% for Rahal formula, respectively; for the metric of RMSRE, the relative errors between 

proposed IBSA-2D-CNN model and other models/formulae are -17.23% for GPR, 30.38% for BT, 29.64% for 

SVM, 21.61% for 2D-CNN, 6.73% for ACI-318-2005, 30.21% for BS-8110 and 83.15% for Rahal formula, 

respectively; for the metric of MAE, the relative errors between proposed IBSA-2D-CNN model and other 

models/formulae are 36.22% for GPR, 119.12% for BT, 197.51% for SVM, 183.93% for 2D-CNN, 263.94% for 

ACI-318-2005, 407.13% for BS-8110 and 204.46% for Rahal formula, respectively; for the metric of SI, the 

relative errors between proposed IBSA-2D-CNN model and other models/formulae are 33.20% for GPR, 133.88% 

for BT, 181.39% for SVM, 174.66% for 2D-CNN, 189.65% for ACI-318-2005, 319.19% for BS-8110 and 161.25% 

for Rahal formula, respectively; for the metric of IA, the relative errors between proposed IBSA-2D-CNN model 

and other models/formulae are -0.24% for GPR, -1.44% for BT, -2.19% for SVM, -2.03% for 2D-CNN, -2.81% 

for ACI-318-2005, -6.86% for BS-8110 and -1.79% for Rahal formula, respectively. Overall, the proposed 2D-

CNN with optimised hyperparameters outperforms other models and design formulae in torsional strength 

prediction of RC beams after a comprehensive evaluation, which can be considered as an effective method used 

in the design of RC beam. 
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                                  (g) BS-8110                                                                (h) Rahal formula 

Fig. 16. Evaluation results of eight models of torsional strength prediction of RC beams. 

4.3. Sensitivity analysis of model inputs 

     The proposed drive-driven method has been proved to be effective in predicting torsional strength of RC beams 

with satisfactory performance. However, it belongs to the black box and has a complex inner structure of 

parameters without physical meaning, which prevents its practical application. Accordingly, to get the utmost out 

of the optimised 2D-CNN model for the design purpose of RC beam, it is necessary to study the sensitivity of 

each input variable on the network output. In this section, a numerical investigation is conducted to explore the 

nonlinear relationship between torsional strength output and each input variable. The reference values of inputs 

of optimised 2D-CNN model in this investigation are set as median values from the entire dataset, i.e., beam width 

sw = 254 mm, beam height sh = 381 mm, stirrup width stw = 216 mm, stirrup height sth = 327 mm, concrete 

compressive strength sc = 40.25 MPa, longitudinal reinforcement ratio lrr =1%, longitudinal reinforcement yield 

strength syt = 400 MPa, transverse reinforcement ratio tra = 0.91%, transverse reinforcement yield strength tyt = 

385 MPa, and stirrup spacing sts = 92 mm. Then, each model input changes in a certain range from 50% to 150% 

of its reference value with the increment of 10%, while the other inputs remain constant in the meantime. Here, 

the relative error between model output and reference torsional strength is employed as a metric to measure the 

sensitivity of corresponding model input. The analysis results of input sensitivities of proposed IBSA optimised 

2D-CNN for torsional strength prediction are displayed in Fig. 17, where a spide chart is drawn to indicate the 

error change from reference of each input variable. It is clearly seen that with the addition of input change 

percentage, the relative error between model output and reference value becomes increasingly large for all the 

variables. The mean value of relative errors of each parameter is summarised in Fig. 18 via a bar chart. It is noted 

that the parameters of beam height, stirrup width and height, with the averaged relative error values of 26.59%, 

23.70% and 27.22%, respectively, are the three most sensitive parameters that significantly influence the output 

of proposed data-driven model. The parameters of transverse reinforcement ratio and transverse reinforcement 

yield strength, with the responding metric values of 2.97% and 3.28%, are the most insensitive parameters for the 

proposed model, which contribute less to the model output. The insensitive variables can be removed from the 

model inputs via constant assignments to simplify the network configuration, which is beneficial to the model 

training as well as practical applications via reducing the measurement costs. 
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Fig. 17. Model input sensitivity analysis. 
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Fig. 18. Sensitivity ranking of different input variables. 

5. Graphical user interface development for torsional capacity evaluation of RC beams 

     In the real application, the end-users of the developed 2D-CNN model with metaheuristic optimisation for 

predicting torsional strength of RC beams are structural engineers, who perhaps are not up on the fundamental of 

adopted technologies in this study. Accordingly, it is not easy to persuade them to use the proposed analytic tool 

for the design of RC beams. To address this concern, a practical and robust graphical user interface (GUI) is 

developed in this section based on Matlab App Designer to automate the analysis procedure, which is shown in 

Fig. 19. Based on this innovative interface, the structural designers just need to import the numerical values of ten 

model inputs and select the network type. Then, the predicted value of torsional strength of RC beam will be 

shown after the predict button is clicked. To clarify the use of this screening tool, a case study is presented as 

follows. Suppose the measurements of beam width, beam height, stirrup width, stirrup height, concrete 

compressive strength, longitudinal reinforcement ratio, longitudinal reinforcement yield strength, transverse 

reinforcement ratio, transverse reinforcement yield strength and stirrup spacing are 300 mm, 400 mm, 230 mm, 

330 mm, 90 MPa, 0.993%, 529 MPa, 1.003%, 538 MPa and 70 mm, respectively. The CNN with hyperparameters 

optimised by IBSA is chosen, and the predicted value of torsional strength of RC beam is 84.77 kNm.   

     It should be noted that the proposed model is capable of providing accurate predictions of torsional strength, 

when the values of input parameters fall within the ranges of dataset used in this research. When the developed 

interface is used in practice, this limitation should be kept in mind to avoid the outrageous estimation. In the future, 

the dataset will be extended via more experimental data of RC beams, and the analytical model is then updated 

based on extended dataset to improve the estimation accuracy for larger input parameter ranges. Furthermore, an 

online training module will be added to the interface to update the developed model more conveniently. 



 

Fig. 19. GUI for torsional strength of RC beam using proposed method. 

6. Conclusions 

     The lack of adequate torsional resistance capability of structural components can cause the appearance of great 

stress, which may further result in structural failure. Hence, this research investigates the evaluation of torsional 

capacity of RC beams by proposing a novel approach, where a data-driven model based on 2D-CNN is established. 

To improve the prediction performance of the proposed model, the IBSA is employed for the model 

hyperparameter optimisation. Finally, a comprehensive dataset consisting of 268 groups of experimental data of 

RC beams is used to train and test the proposed method. The significant outcomes of this research are summarised 

as follows. 

 IBSA has been proved to be more efficient in optimising 2D-CNN hyperparameters for predicting 

torsional strength than BSA, PSO and GA due to higher accuracy and faster convergence. 

 The proposed IBSA optimised 2D-CNN exhibits outstanding performance in torsional capacity 

evaluation of RC beams. It outperforms other machine learning models, building codes and empirical 

formula by means of a group of evaluation metrics. 

 The sensitivity analysis results show that the beam width, beam height, stirrup width and stirrup height 

are the most sensitive parameters that significantly affect the model output, while the steel ratio of 

transverse reinforcement and yield strength of transverse reinforcement are insensitive parameters that 

could be excluded in the further development. 

 Based on the proposed model, a GUI is designed to assist the structural engineers in the design of RC 

beams. 
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