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Abstract 

In order to better assist the manual quality inspection of concrete duct grouting quality 
and the auxiliary location and identification for grouting defects, the impact elastic wave 
nondestructive technique is used to obtain datasets of the concrete cube specimens, 
combined with support vector machine (SVM) can realize the function of two-classifiers 
with the small-sample and high-dimensional datasets. The recursive feature elimination 
(RFE) algorithm is introduced into the SVM to reduce the factor relationship for feature 
selection, At the same time, introduced into genetic algorithm (GA) to found the optimal 
value of SVM key parameter penalty factor C and kernel function parameter σ, and the 
classification prediction model of RFE-GA-SVM is proposed to predict the grouting 
quality of concrete duct. Compared with the classifiers constructed by grid search, 
particle swarm optimization (PSO) and other machine learning method, this 
classification prediction model has higher accuracy and stronger generalization ability 
on independent test set, which shows that it has good recognition effect on the prediction 
of concrete grouting quality. 
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1. Introduction 

Concrete duct grouting structure is widely used in expressways and prestressed bridges. As an 

important protective medium of prestressed tendons in prestressed system, duct grouting not only 

provided reliable bonding force between prestressed strand and concrete, but also prevented the 

corrosion of prestressed tendons by air and water. Therefore, grouting quality is a direct result of the 

safety and durability of the structure [1]. At present, nondestructive testing methods for grouting 

compactness including ultrasonic method, electromagnetic radar method, ray method and impact 

elastic wave method [2]. Among them, the impact elastic wave technique has the characteristics of 

small detection error rate and higher reliability, which can accurately locate the internal defects of 

prestressed duct [3]. However, on the one hand, the technology has strict requirements for testing 

equipment and technicians, but the high manual cost and waste time and energy, which limits the 

development of the method to a certain extent. On the other hand, as the detection work goes on, it 

will accumulate a large number of data, which has potential mining value and economic benefits and 

has yet to be further developed. 

With the development of artificial intelligence and application in various industries, in view of the 

above problems, referring to some intelligent classification models commonly used in the field of 

concrete quality inspection in recent years, such as artificial neural network (ANN) and support vector 

machine (SVM) [4,5], this paper uses impact elastic wave detection technique to collect discrete 

signal data of reflected wave from concrete duct grouting specimen, the detected high-dimensional 
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data contains more comprehensive information. Using it combined with SVM to build a machine 

learning classification model, explore the application value of data, and assist manual defect diagnosis. 

SVM is a machine learning method first proposed by Vapnik and others in 1995. Depending on the 

classification prediction of practical problems can be better solved by using SVM in the small-sample, 

nonlinear, high-dimensional datasets, it tally with requirements of concrete duct grouting 

classification model very well. Firstly, the feature is processed by recursive feature elimination(RFE) 

algorithm, Genetic algorithm(GA) is applied to determine the parameters to be optimized by SVM, 

and a concrete duct grouting classification model based on RFE-GA-SVM is established, which is 

used for rapid qualitative diagnosis of grouting defects and auxiliary location detection. 

2. Datasets source of concrete duct grouting 

2.1 Experimental materials and data collection 

The experimental materials are three concrete grouting cubes with defects, and the material, 

proportion and size are the same. Two of them are used for data acquisition of model training dataset, 

and the other one is used for data acquisition of test dataset. The image of a specimen block is shown 

in Figure 1(a), its size is 300 * 200 * 200 mm, the cylindrical hole defect areas is located on the side 

of the cube, with a length of 150 mm and a diameter of 50 mm. 

Since the area of sampling area corresponding to defects only accounts for 1/8 of the whole sampling 

area, in order to avoid the imbalance of two types of samples caused by uniform interval sampling, 

which affects the classification prediction performance of the model [6], this paper adopts the 

sampling strategy that large interval in sound area and small interval in defect area to ensure that the 

sampling data is a balanced dataset, and the schematic diagram of sampling is shown in Figure 1(b). 

There are 400 samples in the data set, and the ratio of samples in the training and test sets is 3:1. 

 

               

(a) Physical image of a specimen block,           (b) Schematic diagram of sampling 

Fig. 1 image of concrete specimen and sampling schematic 

 

2.2 Experimental equipment and principle of impact elastic wave nondestructive testing 

The experimental inspection equipment is "SPS-MATS prestressed concrete beam multi-function 

nondestructive inspection instrument" designed and produced by Sichuan Central Inspection 

Technology Co., Ltd(SCIT). The equipment is composed of shock hammer, communication cable, 

sensor and host. It holds the characteristics of high efficiency, real-time reliability and output images 

visually. 

The principle of concrete duct defect detection by shock elastic wave is shown in Figure 2 below. 

The shock elastic wave is excited by knocking the detection point with an appropriate size shock 

hammer. When the wave encounters defects such as holes and cracks in the propagation process, the 

reflection, diffraction and refraction phenomena will occur. Some of the reflections can only be 

reflected by the bottom interface by bypassing the internal defects, resulting in the increase of 

reflection propagation path at the defects and the longer propagation time [7], By receiving the change 

of reflected signal, the sensor can indirectly detect the grouting defects in concrete. 
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Fig. 2 principle diagram of impact elastic wave detection method 

 

The detection equipment will convert the reflected signal into waveform after a series of processing, 

which is convenient for technicians to analyze and judge. In this paper, the grouting dataset comes 

from these waveform data. The discrete waveform data are taken according to the sampling interval 

and normalized. Then a classification label (SOUND for sound and DEFECT for defective) is added 

at the end of sampling and saved as a dataset. Figure 3 shows the voltage waveform of a certain 

sample and a part of the dataset (in the label, SOUND means sound, DEFECT means defective). 

 

 

Fig. 3 schematic illustration of a waveform and partial dataset 

 

The data label is encoded by One-Hot Encoding. The negative sample(DEFECT) is encoded as 0, and 

the positive sample(SOUND) is encoded as 1. Finally, after data cleaning, it saves as the original data 

set. 

2.3 Evaluation index of classification prediction model 

10 fold cross validation (CV) is used in model training, and the mean accuracy (MACC) of training 

set cross validation is used as an index to evaluate the training effect of the classification model. The 

test set uses the confusion matrix table shown in Table 1 to construct test indicators. 
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Table 1. Confusion matrix of test set 

Confusion matrix 
Predicted values 

0 1 

True values 
0 TN FP 

1 FN TP 

 

As the risk of negative (defect) prediction error is higher than that of positive, the test set index is 

slightly biased to the prediction ability of the negative. The following four indexes are used to 

evaluate the generalization performance of the classification model: Accuracy(ACC), Precision(P), 

specificity (SP), F1 Score(F1). 
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The accuracy rate represents the sample proportion of correct prediction, and the opposite is the error 

rate (E): E=1-ACC. The precision rate represents the correct proportion of the positives, which can 

indirectly reflect the ability of the model to distinguish the negatives from the wrong. Specificity 

reflects the ability of the model to correctly predict negative samples. F1 index reflects the robustness 

of the model. 

In addition, the test set uses error rate (E), false alarm rate (FA) and miss rate (M) to further evaluate 

the misclassification of the model. 
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3. RFE-GA-SVM model construction and testing 

Hardware and software configuration: The hardware environment for all classifier models is i5, the 

memory is 8GB, and running for Windows 10. The software environment is based on 

pycharm2019.3.5. 

3.1 SVM and kernel function selection 

Support vector machine (SVM) is a machine learning method based on Vapnik-Chervonenkis (VC) 

Dimension theory and structured risk minimize (SRM) principle. It maximizes the interval between 

datasets by finding support vector, so as to find the optimal segmentation hyperplane [8]. Compared 

with the artificial neural network, SVM has lower requirements on the number of samples, can 

effectively avoid the "dimension disaster", improve the nonlinear fitting ability, and make the model 

more universal in test set [9]. It is suitable to deal with the classification prediction problem of 

concrete grouting data which is small-samples, high-dimension and nonlinear. 

Directed towards the linear inseparable binary classification grouting sample set, Ω:{(x1, y1), (x2, 

y2), …, (xN, yN)}, xi∈Rd, yi∈{0,1}, By introducing kernel function into SVM, a linear constrained 

quadratic programming problem is solved, and the global optimal solution is obtained, which can 

achieve better classification effect in the case of a small number of samples. The optimization problem 

can be expressed as the objective function of the generalized optimal classification surface. 
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Where ∑ 𝜉𝑖
𝑁
𝑖=1  is the sum of the relaxation factors of the samples, which reflects the degree of 

misclassification in the training set. The introduction of the penalty coefficient C can artificially 

regulate the tolerance of misclassification samples, so that the value should be as small as possible in 

a certain range. 

By solving the dual problem of generalized optimal classification surface, the solution of the original 

problem can be obtained indirectly: 

1

( ) sgn ( )x x x
N

i i i

i

S y b  

=

 
= + 

 
 g                         (4) 

If an appropriate kernel function is selected to replace the inner product operation in high-dimensional 

space, i.e. ( ) ( ) ( )x, x' x x'K  = g , the objective function of the original optimal classification surface 

can be transformed into: 
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The performance of SVM classification model is determined by both the kernel function parameters 

and the penalty coefficient C. the kernel functions of linear inseparable problems are polynomial 

kernel function, radial basis function (RBF) and sigmoid kernel function. RBF has strong linear 

mapping ability and high efficiency in dealing with multivariate problems. Therefore, RBF is selected 

as the kernel function of SVM. The formula of RBF is as follow: 

𝐾(x, x') = 𝑒𝑥𝑝 (−
‖𝑥−x'‖2

𝜎2 )                            (6) 

Where, parameters σ controls the recognition ability of kernel function. 

From the above analysis, it can be seen that the penalty coefficient C and the RBF parameter σ in the 

SVM model jointly affect the efficiency and classification performance of the model. 

3.2 RFE algorithm optimizes input features 

The feature dimension of the original high-dimensional datasets is 3996, which contains a large 

number of redundant and noise features. The accuracy of the model will be affected if the dataset is 

used as initial input directly. Using dimension reduction or feature selection technology to process 

high-dimensional datasets can improve the efficiency and performance of model construction to a 

certain extent [10]. 

In this paper, the recursive feature elimination (RFE) algorithm based on support vector machine 

classifier (SVC) is used for feature selection. This method is a sequential backward selection (SBS) 

process, the goal is to find the feature subset of j dimension in i dimension features (j < i), so that it 

has the best learning performance in internal SVC [11], and the complexity of the algorithm is 

independent of the dimension of samples. SVC is used to train the dataset in RFE algorithm, and then 

sorts the features according to the weight of the features obtained by the training. Next, deleting the 

feature with the smallest weight, the remaining data are used to train the classifier, iterating step by 

step, and finally the required feature [12] is selected to realize the dimension reduction of the high-

dimensional grouting data. 

The feature dimension is reduced to 1997 by RFE. The training set after feature selection and the 

original training set are used as the input of the model respectively. Gaussian naive Bayes (GNB) 

model, k-nearest neighbor classification (KNN) model and SVM classifier model are constructed for 

training, and the improvement of feature selection on model training is evaluated is evaluated by 

comparison with unprocessed dataset at different classifiers. The effect of RFE feature selection on 

the performance of the model is shown in Figure 4. 

It can be seen from Figure 4 that SVM classifier has more advantages in grouting data classification 

compared with other classifiers, and RFE algorithm can improve the training accuracy of different 
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classifiers to a certain extent. Compared with other training models, RFE-SVM classification model 

has the higher training accuracy. 
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Fig. 4 Effect of RFE feature extraction optimization model input in training set 
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Fig. 5 Flow diagram of RFE-GA-SVM model construction 
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3.3 Parameter optimization and model construction 

In SVM model, the values of both parameters C and σ directly affect the recognition performance of 

the classification. People adjusted the parameters of the support vector machine by the means of 

artificial regulation early. At present, some intelligent optimization algorithms are commonly used, 

such as genetic algorithm (GA), particle swarm optimization (PSO) and grid search algorithm [13]. 

Genetic algorithm is selected to determine the best combination values of C and σ in this paper. 

Genetic algorithm is an intelligent optimization algorithm that simulates the process of biological 

evolution. It generates the better solution at the next generation through chromosome inheritance, 

crossover, mutation and natural selection, and evolves to the direction with higher fitness function 

value. The chromosome individuals with high fitness function value will be evolved and found when 

the pre-set iterations of evolutions is satisfied, so as to achieve the purpose of optimization [14]. The 

flow chart of the program of model construction based on RFE-GA-SVM and optimization by GA is 

illustrated in Figure 5. 

The parameters of GA algorithm are set as follows: The optimized values range from zero to 100, the 

population size is 80, the number of iterations is 300, the crossover probability and mutation 

probability of chromosome were 0.7 and 0.01 respectively. The evolutionary process fitness curve of 

the GA algorithm at the end of the program run is shown in Figure 6. 

 

 

Fig. 6 Fitness curve of genetic algorithm evolution process 

 

As can be seen from Figure 6, with the increase in the number of iterations, the average training 

accuracy of the cross validation (fitness function value) keeps improving until it maintains 98.33% 

convergence and stability at around 65 generations, corresponding to the optimal combination of 

parameters of the SVM solution: C=38.8986, σ=0.00023. 

3.4 Model classification prediction test and analysis 

In order to verify the parameter optimization capability and classification prediction performance of 

RFE-GA-SVM(RGS) model, a comparative experiment is conducted with the model of unoptimized 

parameters (RFE-SVM, RS), the grid search optimization algorithm model (RFE-Grid search-SVM, 

RSS) and the particle swarm optimization algorithm model (RFE-PSO-SVM, RPS). The comparison 

of the optimal parameters combination results and the classified evaluation index of the training set 

and the test set is shown in table 2, it can be seen that the model classification effect of parameter 

optimization by GA algorithm is better. 
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Table 2. Comparison of SVM models by different parameters optimization algorithms 

Model 
Best parameters 

(C, σ) 

Classified evaluation index(%) 

MACC ACC FA 

RS — 95.33 84.00 16.00 
RSS (64.00, 0.0002) 97.00 85.00 14.00 
RPS (40.17, 0.0001) 98.00 87.00 10.00 
RGS (38.89, 0.00023) 98.33 88.00 10.00 

 

In order to further evaluate the comprehensive performance of the model, the comparison and analysis 

of the accuracy of cross validation on training set and the generalization ability on the test set is shown 

in Figure 7, and the misclassification error comparison of models is shown in Figure 8. The nine 

classification prediction models mentioned above and their abbreviations are as follows: GNB(G), 

RFE-GNB(RG), KNN(K), RFE-KNN(RK), SVM(S), RFE-SVM(RS), RFE-Grid Search-SVM(RSS), 

RFE-PSO-SVM(RPS), RFE-GA-SVM(RGS). 
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Fig. 7 Classification and generalization ability of the models 
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Fig. 8 Misclassification errors comparison of models on test set 
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It can be seen from the comparative analysis of the Figure 7 and Figure 8, compared with the lower 

accuracy of GNB and the serious polarization of KNN, the SVM classifiers is more stable and 

efficient. RFE algorithm and different optimization algorithms can improve the accuracy of SVM at 

different degrees in the training set. In the independent test set, the classification prediction effect of 

RGS model is significantly higher than the other eight classification models. It can also be seen from 

Figure 8 that the total error rate and false detection rate of RGS model are lower, especially in the 

case of higher-risk false detection in practical engineering, RGS model has stronger robustness. 

Therefore, the RFE-GA-SVM classification prediction model can be used in the concrete grouting 

quality detection to get more precise predicted results, and assist the manual judgment and positioning 

of grouting defects, which has a definite application prospect. [15] 

4. Summary 

(1) For the shortcomings that the manual detection method is wasting time and energy, this paper 

combines the theory of impact elastic wave nondestructive detection with machine learning algorithm, 

and applies it to concrete duct grouting classification predictions so that assist manual judgment and 

analysis. 

(2) According to the reflected wave data obtained from the detection which has small-sample, high-

dimensional and nonlinear characteristics, a SVM classifier is proposed to construct a classification 

model. RFE algorithm is introduced to classifiers for selecting features, which effectively reduce 

information redundancy and improve the accuracy of classification. The parameters in the SVM are 

optimized by GA algorithm with the characteristics of global optimization. Through the comparison 

between and Analysis of the RFE-GA-SVM model and other models, the results show that it has good 

stability and high accuracy in the classification of concrete duct grouting, and it can be able to make 

rapid and effective response to detection and location of grouting defects. 

(3) The author tries to use the waveform signal data of impact elastic wave method as the input to 

build a classification model based on machine learning by experiments. In practical engineering, the 

collected data will show different signal characteristics and working conditions since the influence of 

a series of complex factors, such as reinforcement location, inspection surface, defect degree, pipe 

material. These prediction models remain to be further studied according to the actual situation. 
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