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Abstract

:

Low strain integrity testing for pile quality control, based on the analysis of elastic waves, is one of the most common methods, due to its high efficiency. However, it also has a number of limitations that should be taken into account during pile testing. For additional study of the method and its effectiveness, an experimental site was constructed, consisting of ten cast-in-place piles with embedded defects. When analyzing field data, pile defects were not identified. For further analysis of the problem, as well as for interpreting the results and identifying pile defects, a cluster analysis method, the so-called ANN-classifier, is proposed. This paper describes the results of creating an algorithm for the recognition of defects and their localization in cast-in-place piles. It is proposed that use of the characteristic points of the spectrum of the signal as the input vector of the ANN classifier, and the type of pile defect as the output vector, is optimal. The results of the study led to the conclusion that the ANN-classifier can be used as the main tool for automatic interpretation of the results obtained by low strain integrity testing.
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1. Introduction


Urbanization is a trend in the modern world [1,2]. Today, more than 50% of the world’s population lives in cities, and this tendency is growing gradually [3,4]. In order to cope with the needs triggered by the urbanization process, the construction industry is experiencing some transformations. For example, dust suppression systems are being implemented or improved [5,6]; new approaches to mining [7,8], processing, and recycling are being developed [9,10,11]. Moreover, the construction of high-rise buildings using underground space is also one example of such transformations. [12,13]. Cast-in-place piles have established themselves as one of the most reliable means of achieving safer construction and reliable operation of buildings and structures [14,15], especially in the construction of multi-storey buildings, as well as in conditions of soft soils and permafrost [16,17].



The primary task determining reliability is control of the quality of the work performed, which determines the bearing capacity of the pile, its achievement of the design depth, and so on. Although it is possible to identify deviations from the standard in driven piles at the production stage by means of inspection, the situation with cast-in-place piles is more complicated. In this type of pile, particular attention must be paid to integrity control, because of the defects occurring during pile installation, such as washout of concrete mixture, soil inclusions, caverns, voids, and so on. These cannot be visually identified and can lead to a reduced bearing capacity of the pile.



The most common methods for integrity testing are low strain integrity testing [18,19], ultrasonic pile integrity testing, and thermal integrity profiling [20,21]. There are also other methods for evaluating pile integrity and bearing capacity. For example, research [22] shows the relationship between pile deformation and changes in the magnetic field. A non-contact method has been proposed to determine deformations caused by hammer impact, using a dynamic magnetic scattering field. A study [23] gives an estimation of the limit state of piles using a parametric model by determining the lateral reaction of the pile. It shows the interaction of the pile and the soil evaluated by a number of parameters, such as, for example, pile cross-section size, concrete grade, reinforcement percentage, longitudinal and transverse reinforcement coefficient, axial load coefficient, and effective friction angle of the sand.



All of these methods certainly give a result and prove their worth when used on construction sites. However, they are most effective only after deciphering the values obtained. This interpretation requires time and manpower. In this case, the interpretation of the results largely depends on the human factor [24,25]. Under the given conditions, it is reasonable to develop algorithms that automate the process of interpretation of the results during pile integrity tests.



The purpose of this paper is to create an algorithm for defect detection and localization in cast-in-place concrete piles, based on low strain integrity testing data for pile integrity assessment, suitable for use on a construction site and capable of integration into existing instrumentation architectures. The integration capability implies the development of an algorithm that slightly increases the computational and power consumption of the existing equipment, as well as the computational modules of the instrumentation [26,27].



The means of interpretation of research results from low strain integrity testing widely varies: statistical methods, neural networks, wavelet transform, and so on [28,29]. Neural networks in general [30,31] and ANN classifier in particular [32,33], have demonstrated great efficiency in solving similar problems. Thus, a paper [34] shows the application of wavelet transform and machine learning to accurately determine the origin of acoustic signal when using an acoustic method of pile integrity control. One article [35] deals with the application of the acoustic emission method to control the process of corrosion and cracking in large diameter cast-in-place concrete piles. An acoustic emission signal filter, based on the amplitude and duration of the peak frequency, has been proposed. It is well-documented that joint analysis of acoustic emission signals and fractal dimensioning of coating cracks throughout the corrosion period allows global detection of local corrosion damage of piles, irrespective of sensor location.



One study [36] uses probabilistic neural network architecture to diagnose the causes of damage to prestressed cast-in-place concrete piles; it is used to determine the general features of concrete pile damage and their causes.



Most of the work related to neural network algorithms is used to solve regression problems in the broad sense—that is, predicting various values, such as predicting the pile load-settlement curve using the properties of the pile [37]; predicting the piles’ lateral deflection [38]; predicting the bearing capacity of piles [39]; predicting the skin friction capacity of driven piles embedded in clay [40]; and predicting the pile settlement [41]. For these purposes, the ANN-model is used and requires complex computing power for its implementation. One paper [42] uses a classifier applied to numerical pile integrity tests considering concrete piles; however, to reduce the input data dimension and extract features, it is proposed to use the model obtained by the finite element method.



Thus, the hypothesis of this paper can be formulated as follows. An algorithm based on an ANN classifier, its input vector being the characteristic points of the spectrum of the received signal and the output type of the pile defect, can be used as the main tool for the automatic interpretation of the results of pile integrity testing, conducted with the low strain integrity testing method.




2. Materials and Methods


Currently, low strain integrity testing [43,44] is one of the most common methods used for pile integrity control. This method of non-destructive control is based on the principle of acoustic flaw detection, founded on the physical phenomenon of elastic wave propagation—namely, the analysis of the passage and reflection of an acoustic wave in a pile [45,46,47]. The elastic wave is generated with handheld hammer impact on a pile top that is dry and clean. The wave spreads along the pile’s body and reflects off the pile defects, as well as from the pile toe. The reflected waves are recorded by a sensor mounted on the pile head and further processed by special computer software.



Although this method is widely used and has clear advantages, it also has a number of limitations [18,48]. For example, small defects, inclusions, and minor changes in the pile cross-section cannot be detected using this method. The acoustic properties of the surrounding soil also affect the accuracy of the pile length determination. In addition, in most cases, the test method does not allow for estimation of the pile integrity after the first significant signal anomaly.



This work proposes a method of cluster analysis, the so-called ANN classifier, for interpretation of results and identification of pile defects. An important feature of the proposed solution is the data set proposed for use in creating the ANN classifier. The aggregation of this dataset will be based on the characteristic points of the signal spectrum obtained from the sensors. In this paper, we suggest using the peak points of the signal spectrum as such points. The principle of finding characteristic points is used in related fields, such as power engineering [49,50], medicine [51,52], and so on.



The development of an ANN classifier. Data processing was conducted using Matlab software and the Classification Learner application. This software is widely used for various engineering applications [53,54].



The proposed method has low computational complexity and can be realized on inexpensive equipment, allowing for quick interpretation of pile integrity test results in the field.




3. Experiments


To obtain the initial data, an experimental site was constructed, consisting of ten CFA piles with defects, which corresponded to types of defects such as soil inclusions and washout of the concrete mixture in the pile body [55].



The piles were constructed using CFA (continuous flight auger) technology, namely by rotation of a 450 mm diameter hollow auger to a depth of 3 m. After this, the concrete mixture was pumped into and filled the drilled borehole. The defects were made of polystyrene with the following dimensions: (1) Ø250 mm, 100 mm thick; (2) 100 × 150 × 300 mm; (3) 100 × 150 × 150 mm. Such defect sizes were chosen to test the resolution of the low strain integrity testing and its ability to localize and recognize small defects. Defects in expanded polystyrene correspond to such defects as soil inclusions and washing out of concrete from the pile shaft. Taking into account the production experience with piles, such defects are the most common in weak and water-saturated soils. The defects were fixed in the middle of the reinforcement cage with a tying wire and lowered in a borehole filled with concrete mixture. Three piles were constructed for each type of defect, including one flawless pile (Figure 1).



The test was performed 7 days after casting. The pile tops were cleaned and smoothly grinded. The test was carried out with the Interpribor Spectr-4 equipment set, which includes a tablet computer, a special hammer, and an accelerometer sensor. At least five impacts were applied to each pile top at several locations, with a rubber hammer weighing approximately 0.5 kg. The accelerometer was attached to the top of the pile with a special putty for better acoustic contact. A low strain integrity testing diagram is shown in Figure 2.



This paper is the first in the search for an algorithm for the automatic interpretation of pile integrity test results obtained by low strain integrity testing. Therefore, experiments were carried out to test the validity of the proposed hypothesis. Only the shape and position of the artificially created pile defect was a variable parameter. The length, diameter, and casting method of the pile were constant. It is exactly these experimental conditions that the authors believe will answer the following question: can an ANN classifier be used to recognize defects and develop an initial methodology for applying the classifier when interpreting the results?




4. Results and Discussion


Figure 3 shows the appearance of the received signal in the three experiments and the spectra of these signals. The spectrum is obtained using a Fourier transform. The utilized apparatus immediately provides the generation of this spectrum. Therefore, the signal spectrum obtained through the software application of the instrument was used in further processing. The signals in Figure 3 were taken from the first transducer in three different experiments. The bottom row of Figure 3 illustrates the results of the same three experiments, superimposed onto each other.



The result of the data visual analysis is the idea of characteristic peaks in the spectral signal, taken at different points in the experiment. This idea forms the basis of the processing method proposed in this article.



Figure 4 shows the operation of the peak search algorithm (first five) for one of the signals.



To generate test data and develop an algorithm, five characteristic points were identified for each obtained signal spectrum. These five points are the very first five peak points of the spectrum. A pre-analysis of the data showed a spread of the number of peaks for each signal, from 7 to 15. For the initial stage, the first five peaks were selected. The number five gives further insight into the effect of the number of peaks selected as an input on the convergence of the algorithm and the quality of the solution obtained.



It should be emphasized that an evaluation of the impact of the number of peaks on the performance of the whole algorithm will be described below, once the proposed solution has been selected and proven to be viable.



Working with the data peaks of all available signals, the following patterns were found: most of the peaks were in certain frequency ranges. The distribution between the sensor and finding a peak in a certain frequency range is shown in the Table 1.



The criterion for range selection was to find more than 80% of the values in the range, and not to increase the percentage of finding when the range is expanded. The information presented in Table 1 will be used to improve the ANN classifier algorithm.



Figure 5 shows the result of training an ANN classifier (Confusion matrix) on pre-processed data by Linear SVM.



The given ANN classifier was trained on data representing an array of values, where the first five values are the first five peak points of the signal and the sixth value is the class number. The training of the classifier used the membership of each class, where the class was defined as each sensor installed on the pile: Class 1–3: three sensors on defective pile №1; class 4–5: two sensors on defective pile №2; class 6: defect-free pile; class 7–9: defective pile №4. As can be seen from the Confusion matrix results, with an overall accuracy of the ANN classifier (accuracy = 85.9%), class 6 is predicted to be 100% correct. This means that the ANN classifier is 100% accurate in predicting whether there is a defect in the pile. The highest error percentage of 33% is in class 8, and it can be seen that errors occur in false class 7 and 9 instead of class 8. The 7, 8, and 9 sensors are sensors installed on the same defective pile №4. It is probably more appropriate to operate an ANN classifier where all cases that exist are divided into four classes, instead of nine. Under each class, we should refer to the pile numbers, or more precisely, the type of pile defect.



Figure 6 shows the result of training another ANN classifier (Confusion matrix) on pre-processed Quadratic SVM data.



The present ANN classifier was trained on the same data as the classifier with the results shown in Figure 5. The classes were defined by pile defects. The first class is pile defect №1; the second class is pile defect №2; the third class is a defect-free pile; and the fourth class is pile defect №3. The results demonstrate 100% identification of a defective pile, and rather high overall accuracy (accuracy = 91.9%). At the same time, the highest percentage of errors was found between the classification of piles with defect numbers 1 and 2.



Table 2 provides full details of the ANN classifiers trained during this study.



Table 2 shows the results for the four experiments. In experiments №1 and №2, each sensor taking measurements was used as classes. The first five peak points of the spectrum were used as input data in experiment №1, and the average values of the spectrum amplitudes over the frequency range for each of the five intervals shown in Table 1 were used in experiment №2. Experiments №3 and №4 used pile defect numbers as classes (defect type 1, 2, 3 and defect-free type). The input data were used similarly to experiments №1 and №2.



As is clear from Table 2, the best result was shown by the classifier type defining four defect types, where the input data were the averaged spectrum values in the pre-determined ranges. It is worth emphasizing, however, that the results in all cases were quite high (accuracy > 80%). Consequently, the ANN classifier was demonstrated to be valid. It should be noted that, in all cases, the defective pile was identified 100% accurately. The result shows the validity of two approaches: the use of an ANN classifier to determine the pile defect at once, and to determine the defect with reference to the operating conditions of a particular sensor. However, this solution is intermediate and requires interpretation of sensor and pile defect conditions.



Table 3 provides training data for the ANN classifier on data with different numbers of peaks.



By analyzing the results of the experiments detailed in Table 3, we can conclude that reducing the number of peaks to use them as input data is not feasible, as the accuracy of the ANN classifier is reduced.




5. Implementation


An important issue is the question of the implementation of the developed defect detection algorithms and principles. In this paper, all results and conclusions were based on experimental data for homogeneous pile cases. In the experiment, the length and diameter of the piles, and the material and the pouring method, were constant. In fact, in order to implement the obtained results in practical application, it is essential to extend the experiments with variation of other parameters. However, according to a preliminary estimate, these variations will not have a significant effect on the methods used in the algorithm; the accuracy of the ANN classifier and its consistency in defect detection at this stage are beyond doubt.



The following are some important recommendations for introducing an ANN classifier when interpreting:




	
The data obtained should be subjected to preprocessing. The following procedures should be required, according to the authors:




	
The initial conversion operation of the resulting signal is the Fourier transform window. The next step is to work with the frequency spectrum of the signal. It should be pointed out that the equipment used in the experiment already included a function to transform the signal from the time to the frequency domain. It is, therefore, possible to initially take this spectrum as input data for processing.



	
So-called deep learning should be used, the first of which should be an algorithm that shows whether or not an ANN classifier can be applied to the acquired signal data. It should be mentioned that experiments have shown that, especially in the first steps, an algorithm for estimating amplitudes at the characteristic frequencies of the signal spectrum can be used instead of the ANN classifier. For the experimental data used in this paper, the characteristic frequencies are: 4–6, 27–32, 52–60, 79–87, 90–113. One simplified approach is to compare the average amplitude at the contiguous and the above frequency ranges. An instance where it is smaller is a condition for the application of the ANN classifier.



	
Formation of an input matrix of size (1 × 5) for the classifier operation, attaching an array of five points, where each one is the peak of the signal spectrum obtained by low strain integrity testing. It is reasonable to use the first five peaks, which has been proven in the course of this work.








	
In all possible experimental algorithms, the defect-free pile was determined with high confidence. In a practical context, the authors suggest creating an experimental pile to produce such a characteristic. Further, in a second preprocessing step, the authors recommend the use of an algorithm to detect defects in principle from the accumulated external data. It is possible to run dynamic clustering algorithms, find new clusters, and modify the classifier already directly in the device, with the possibility of recognizing defect classes detected by dynamic clustering algorithms.



	
Accumulate history from the data by matching the characteristic points of the signal spectrum with the defects detected. In this way, provided the construction technique is not significantly changed, an accurate ANN classifier diagnosing all possible defects can be obtained over time. The advantage of having such a toolkit is that it eliminates the human interpreter, gives a quick result on site, and stores data on defects for the entire monitoring period. This information can then be helpful in complex automation systems of companies directly or indirectly involved in construction or facility management.









6. Conclusions


The results of this study proves the validity of the following hypothesis: the ANN classifier, with its input vector being the characteristic points of the spectrum of the received signal and its output being the type of the pile defect, can be used as the basic tool for automatic interpretation of the results. In this case, the peak values of the signal spectrum can be used as characteristic spectrum points for training, testing, and operation of the ANN classifier. The study shows that the first five peak points are optimal for the creation, testing, and operation of the ANN classifier. In addition, five values obtained by averaging the amplitude of the signal spectrum in five frequency bands, respectively, can also be used instead of these points. The characteristic frequencies of the spectrum of the signals obtained in this work are as follows: 4–6, 27–32, 52–60, 79–87, 90–113. As a result of the ANN classifier, classifications can be used for each monitoring sensor installed on piles, or directly for pile defect types. In the first scenario, the solution is intermediate and requires interpretation of the sensor and pile defect conditions. To simplify the integration of the ANN classifier into construction practice, it is advisable to consider the recommendations proposed in the Implementation section.
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Figure 1. Testing piles: (a) flawless pile; (b) defect Ø250 mm, thickness 100 mm; (c) 100 × 150 × 300 mm; (d) 100 × 150 × 150 mm. 
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Figure 2. Low strain integrity testing: (1) cast-in-place pile; (2) soil mass; (3) handheld hammer; (4) equipment set; red dotted lines indicate wave propagation. 
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Figure 3. Appearance of the experimental data (first sensor, three experiments). 
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Figure 4. The algorithm operation for searching the peaks (first five) for one of the signals. 
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Figure 5. Confusion matrix for ANN-classifier. 
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Figure 6. Confusion matrix for ANN-classifier. 
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Table 1. Distribution the peak value by frequency range.
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Peak Number

	
Actual Value Range

	
Chosen Value Range

	
Number of Values in the Chosen Range (%)




	
Min

	
Max

	
Min

	
Max






	
P1

	
3

	
9

	
4

	
6

	
84.58




	
P2

	
10

	
32

	
27

	
32

	
97.51




	
P3

	
30

	
60

	
52

	
60

	
94.53




	
P4

	
56

	
90

	
77

	
87

	
88.56




	
P5

	
71

	
154

	
90

	
113

	
86.06
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Table 2. Training results of ANS classifiers.
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Experiment Number

	
Brief Description

	
Accuracy for Different Types of Learning Algorithm, %




	
Fine Tree

	
Liner SVM

	
Quadratic SVM

	
Fine KNN

	
Medium KNN






	
1

	
9 classes 5 peaks

	
72.5

	
85.9

	
81.9

	
82.6

	
61.7




	
2

	
9 classes, range averages values

	
67.1

	
87.2

	
87.9

	
85.2

	
73.2




	
3

	
4 classes 5 peaks

	
73.2

	
71.1

	
91.9

	
87.9

	
71.1




	
4

	
4 classes, range averages values

	
75.8

	
83.2

	
93.3

	
93.3

	
84.6
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Table 3. The results of the experiments.
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Experiment Number

	
Number of Defined Classes

	
Number of Peaks

	
Accuracy for Different Types of Learning Algorithm, %




	
Fine Tree

	
Liner SVM

	
Quadratic SVM

	
Fine KNN

	
Medium KNN






	
1

	
9

	
5

	
72.5

	
85.9

	
81.9

	
82.6

	
61.7




	

	
9

	
4

	
66.4

	
75.8

	
75.2

	
73.2

	
60.4




	

	
9

	
3

	
67.1

	
75.8

	
74.5

	
69.1

	
62.4




	
3

	
4

	
5

	
73.2

	
71.1

	
91.9

	
87.9

	
71.1




	

	
4

	
4

	
75.8

	
62.4

	
79.2

	
86.6

	
71.8




	

	
4

	
3

	
71.8

	
63.1

	
81.9

	
77.9

	
69.1
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