
Artificial Neural Networks Methods to Analysis of Ultrasonic            
Testing in Concrete 

 
Alexandre LORENZI 1, Luiz Carlos Pinto da SILVA FILHO 1 

 
1 Laboratorio de Ensaios e Modelos Estruturais, Programa de Pós-graduação em Engenharia Civil, 

Universidade Federal do Rio Grande do Sul; Porto Alegre, Brasil 
Phone: +55 51 33089547, e-mail: alexandre.lorenzi@ufrgs.br 

 
Abstract 
Different procedures are used for modeling the process of converting data into information that try to emulate 
the human ability to reason. Artificial Neural Networks (ANN) is a new alternative, capable of solving 
complex problems using an “artificial reasoning system” constructed with basis on the human brain. These 
computational tools were inspired by the analysis of the neural structure of intelligent organisms and use 
knowledge acquired through the analysis of previous experiences to develop correlations between known 
initial conditions and results. The basic idea is to reproduce the vast array of relationships that are established 
between individual brain neurons, using different synaptic pathways to determine the output to a certain 
stimulus. This work is based on the idea that ultrasonic pulse velocity (UPV) tests are a useful way to 
determine the quality of concrete. The working hypothesis of this research is that the process of analyzing 
ultrasonic test data for determining concrete condition can be facilitated and standardized using an ANN. The 
research aims to collect data from various types of concretes and use ANN to establish models that correlate 
concrete properties and ultrasonic readings. The major aim of the work is to test, explore and demonstrate the 
potential of ANN as an interesting tool for diagnosis, training and storage of non-structured knowledge in the 
civil engineering field. 
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1.  Introduction 
 
Condition assessment is a key step for ensuring the safety and durability of civil structures. 
Nondestructive Testing (NDT) methods are usual tool for engineering survey. As a result 
of a great flow of various types of data it has become difficult to make one decision. This 
is the reason to use Artificial Neural Networks (ANN) as instrument for data analyzing, 
and decision making in engineering survey of civil structures.  
Several techniques are used for data modeling the information that simulation the human 
intelligence. This factor is indispensable for the resolution of complex problems, as the 
interpretation of ultrasonic pulse velocity (UPV). This interpretation demand knowledge 
specialized for analysis. The Artificial Intelligence (AI) tools help us in this area. Thought 
this tools is possible develop models to assist the diagnosis and taking of decision. 
One of most promising AI techniques is that use Artificial Neural Networks (ANN). The 
ANN is a method to solve complex problems through the construction a computational 
model that simulate the human brain. This computational technique helps us to generate 
models inspired by the neural structure of intelligent organisms and they acquire 
knowledge through the experience [1]. 
Through the ANN it is possible to correlate known parameters of input, as cement type, 
density of concrete, age, relation w/c, temperature of cure, and UPV, with the control 
parameters (strength of concrete). The ANN can be mounted using multi-layers 
perceptrons (MLP) and be trained with an error back-propagation algorithm (EBP), that 
correlate a great series known input data and output data, allowing that the same one makes 
one adequate one esteem of the coefficients of correlation in each layer 
This work shows the results of some studies for the Research Group LEME in this area. 
This study shows the modeling of an ANN that correlate strength and UPV readings. For 
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that purpose use a set of 2200 available data. The main objective is evaluate the potential 
of the ANN for interpretation this concrete data and check the precision of the estimate the 
strength using this ANN, in relation the estimates made with traditional statistical models 
of multiple regression [2]. 
 
2.  Nondestructive testing 
 
Nondestructive Tests (NDT) can be described as methods to examine an object, material or 
system without causing damage or impairing its future usefulness. By definition, NDT 
methods do not affect its target´s appearance or performance. 
NDT methods can be used to check variations in internal structure; to detect changes in 
surface conditions, the presence of cracks or other physical discontinuities; to measure the 
thickness or determine other characteristics of industrial products [3]. NDT methods are 
especially suitable for testing materials and structures with a long service life because they 
allow us to evaluate them in-situ and in service, and to monitor the changes in condition 
state over an extended period. Continuous monitoring enables the early detection of 
problems, resulting in easier and economic treatment and recovery alternatives [4].  
For these reasons, the use of NDT have become a subject of interest in several countries. In 
Brazil, the application of these techniques is still restricted but it is growing rapidly in 
some sectors. Civil engineering is a field in which the interest on NDT techniques is on a 
rise. 
In fact, over the last century, several NDT methods have evolved from ingenious 
benchwork tools to become indispensable tools for material´s analysis. Today, NDT 
methods play a very important role, for example, in the inspection procedures for some 
infrastructure elements, such as bridges, highways, pipelines, tunnels, and other critical 
civil and industrial structures. The data collected is sometimes critical for planning 
interventions on the aging infrastructure, with the aim of avoiding serious deterioration and 
reduce costs and risks [5]. Moreover, they do not just allow the evaluation of aged and 
deteriorated structures, but can be used for quality control of new structures [6].   
 
2.1 Ultrasonic Pulse Velocity 
UPV is one of the most widely used NDT methods. The UPV method is based on the 
propagation of a high frequency sound wave through the material. The basic idea is to 
project the sound inside a material and measure the time necessary for the wave to 
propagate though it. If the distance is known, it is then possible to determine the average 
pulse velocity [7]. The speed of the wave will vary depending on the density of the 
material, allowing the estimation of the porosity and the detection of discontinuities. 
The method is normally based on the use of portable equipment, composed by the 
source/detector unit and the surface transducers, which work in the frequency range of 25 
to 60 kHz [8]. The quality of the transmitted pulse is important, and in a first time the best 
coupling of transducer with solid edge must be designed [9]. 
The standard methodology of UPV applications for concrete are based on the propagation 
of ultrasonic pulses through a specimen. If a wave encounters a crack or void, it will be 
diffracted around the discontinuity [10]. The propagation time expresses the density of the 
material, which are correlated with the mechanical properties, such as the compressive 
strength and the modulus of elasticity [11]. The readings should adjusted to consider the 
concrete age, aggregate and cement type and proportion, carbonated depth, the presence of 
water and the effects of other variables that might influence the relationship between the 



compacity and the mechanical properties, such as the dynamic moduli and the compressive 
strength [12]. 
The results can be used to check uniformity, detect voids or estimate the depth of a surface 
crack [13]. The evaluation of ultrasonic results is, however, a highly specialized and 
complex activity, which requires careful data collection and expert analysis [14]. 
The use of this NDT technique might supply the basis for the verification of the condition 
state of a concrete element. The interpretation of ultrasonic test data can become quite 
complex, since various factors might affect the results. The process of analyzing ultrasonic 
test data for determining concrete condition can facilitate and standardize using ANN. 
ANN is widely accepted as a technology offering an alternative way to tackle complex and 
ill-defined problems. Using this tool is possible processing a large amount of unstructured 
data, and it is possible to establish a non-linear correlation between known input data (age, 
ultrasonic readings, temperature, cement type, w/c ratio) and an output (compressive 
strength). The research aims use one ANN model to correlate concrete properties and 
ultrasonic readings. The models are tested to determine their accuracy and sensitivity to the 
topology of the net. A special model to estimate compressive strength from ultrasonic 
readings and concrete characteristics is tested. The results indicate that the models using 
ANN are robust and more accurate that traditional regression models. 
The use of UPV tests are a useful way to determine the quality of concrete, since they 
allow us to monitor the homogeneity of concrete, providing information about the strength 
development and the existence of internal flaws and defects. 
 
3.  Artificial neural networks 
 
ANN is widely accepted as a technology offering an alternative way to tackle complex and 
ill-defined problems. They can learn from examples, are fault tolerant in the sense that they 
are able to handle noisy and incomplete data are able to deal with nonlinear problems and, 
once trained, can perform prediction and generalization at high speed. They have been 
used in diverse applications in control, robotics, pattern recognition, forecasting, medicine, 
power systems, manufacturing, optimization, signal processing and social/psychological 
sciences. They are particularly useful in system modeling such as in implementing 
complex mappings and system identification [15]. 
An ANN is a massively parallel distributed processor that has a natural propensity for 
storing experiential knowledge and making it available for use. It resembles the human 
brain in two respects; the knowledge is acquired by the network through a learning 
process, and interneuron connection strengths known as synaptic weights are used to store 
the knowledge [16]. ANNs models may be used as an alternative method in engineering 
analysis and predictions. ANNs mimic somewhat the learning processes of a human brain. 
They operate like a “black box” model, requiring no detailed information about the system. 
The ANN learn the relationship between the input parameters and the controlled and 
uncontrolled variables by studying previously recorded data, similar to the way a non-
linear regression might perform. Another advantage of using ANNs is their ability to 
handle large and complex systems with many interrelated parameters. They seem to simply 
ignore excess data that are of minimal significance and concentrate instead on the more 
important inputs.  
The ANN can be understood as a distributed parallel processor of great capacity of analysis 
and storage. The ANN tries to simulate the architecture and the way to operate of the 
human brain. It’s constituted of a series of processing elements that are interconnected 
(neurons). Each neuron element will be able to have many inputs, but only one output. At 



the output signals weights are applied to estimate the known values of input and output. 
This weights will represent the strength of each connection enter the elements of the net 
and will be responsible for the propagation of the signals through the ANN [17]. The result 
is filtered by an activation function that generates an output signal with certain intensity. 
These output signals will serve as the stimulus for the next neuron. 
Thought this nature, the ANN has the natural propensity to store experimental non-
structuralized knowledge. The definition of weights considers the relations between the 
data and organizes the knowledge to interpret new situations, in a similar way of the 
human brain. The brain receives a series of input signals activated with one determined 
weight. The stimulations are combined through an additive function that can be influenced 
by a bias. The result is filtered by an activation function that generates an output signal. 
These output signals serve of stimulation for the next neuron. 
The number of neurons used in each layer may vary. Increasing the number of neurons of 
the hidden layers of an MLP gives the ability to describe the decision surfaces in detail [1]. 
The structure of a single artificial neuron is shown in Fig. 1. 

Figure 1 – Single artificial neuron model [16] 

 

A typical ANN are constituted by an input layer, one or more hidden layers and an output 
layer with the results of processor by the ANN. In other words, an ANN is a highly 
interconnected network made of many simple processors. Each processor in the network 
maintains only one piece of dynamic information and is capable of only a few simple 
computations. An ANN performs computations by propagating changes in activation 
between the processors [18]. 
 
 
 
4.  ANN model 
 
The number of neurons is a major factor in determining the capacity of an ANN develops 
complex reasoning. For this reason, Multi-Layer Perceptrons (MLP) are normally used for 
implementing efficient ANN. Using various layers it is possible to represent very complex 
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decision surfaces. A schematic diagram of typical multilayer feedforward neural network 
architecture is shown in Fig. 2. 

  

Figure 2 – Schematical model of an MLP. 

 

One of most important properties of the ANN is the ability to simulate the learning, use 
new data to adjust the model and to improve the performance. The learning is a process by 
which the parameters of an ANN are adapted, through a stimulation process [16]. The use 
of an ANN at the solution extracts the main characteristics to solve the problem.  
The ANN has the capacity to learn through examples and to make interpolations of what 
they had learned. The types of learning can be grouped in two paradigms: supervised 
learning and non-supervised learning. At the present work is used non-supervised learning. 
 
5. Results 
 
In this work, various types of ANNs, with three and four layers, were tested. The 
differences were created varying the number of neurons in the intermediary hidden layers, 
searching for equilibrium between estimate accuracy and computational cost. 
The original data used in this study contain results of UPV in concrete, which varied 
between 1600 and 6000 m/s, and compressive strength of concrete, with results up to 
100MPa. The computational experiments were carried out using the Neural Network 
Toolbox of the MATLAB 5.3 software. 
According to the literature, using a larger number of hidden nodes can potentially improve 
the accuracy and convergence of the back-propagation algorithm at the cost of increasing 
the computational processing time [19].  
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Each net was trained using different configurations on an ANN, trained with the back-
propagation algorithm, which tries to minimize the mean square error between the network 
output and the corresponding target values. The training was limited to 10.000 epochs. 
After each iteration, the network explores the error surface searching for the greater 
gradient of reduction in the mean square error. The weights and biases are adjusted to 
decrease the error. The initial weights and biases for each neural network were generated 
automatically by the program. This strategy allowed the exploration of different regions of 
the error surface.  
Figures 3 to 8 show the results of ANN 8x20x20x1. This arquitecture of ANN obtained 
better then another in the simulation, with an average error of 3.09 MPa. The training 
phase of this ANN has the same level of learning that the previous simulation. It can be 
observed that there is good adherence between the estimated and actual values, indicating 
that the network is able to capture and reproduce the behavior of non-linear relationship. 
To take an idea of the difficulty of this task, were included in the figure the results of 
modeling performed using a traditional statistical software, represented by crosses (blue). 
As you can see, the more traditional model obtained could not adequately represent the 
phenomenon, resulting in a very rudimentary simulation of the behavior. 
The figures contains the plotting of the original data (the red diamonds), an estimation 
based on traditional statistical tools (the blue crosses) and the results of one neural 
networks (the green circles). This ANN has 8x20x20x1 neurons in each layer. In the larger 
nets it was considered adequate to increase the number of the hidden layers to have more 
flexibility and to be able to achieve a better estimate.  
Figure 3 shows the relation between concrete strength and ultrasonic pulse velocity and 
shows the data set used for training the ANN. After this step, the ANN is tested using the 
specific data set containing the main concrete characteristics of all data base, as show at the 
Figure 4. This database was extracted from the primary database to represent the entire 
types of concrete used at this research. 
Figures 5 and 6 shows the simulation using the parameter age as main parameter to 
proceed this simulation. Figure 6 shows the training results of ANN. In the Figure 7 is 
possible show the testing results of the ANN using the age as initial parameter. Is possible 
saw the very good adherence at this simulation, emphasizing the necessity to use this 
parameter in the simulation. 
Figures 7 and 8 shows the simulation results using the relation w/c as input parameter. This 
parameter is one of most important parameter to have a very good simulation. Figure 7 
show the results for training and Figure 8 show the testing results using the specific 
database. 
As can be easily noticed, the neural networks usually fit the experimental data with better 
accuracy than traditional statistical models. It is possible to observe that the net is capable 
of capturing and reproducing the nonlinear behavior of this relation. To show the difficulty 
of this task, the results of a statistical modeling have been enclosed in the figure, 
represented by crosses (blue). As can see, the best traditional model did not represent 
adequately the phenomenon, resulting in an inadequate simulation. 



 

 

Figure 3: Plotting of ultrasonic vs. compressive strength – Net type: 8x20x20x1. Training data. 

 

 

Figure 4: Plotting of ultrasonic vs. compressive strength – Net type: 8x20x20x1 – Testing Data. 

 
 



 

Figure 5: Plotting of ultrasonic vs. compressive strength vs. age – Net type: 8x20x20x1 – Training Data.  

 

 

 
 

Figure 6: Plotting of ultrasonic vs. compressive strength vs. age – Net type: 8x20x20x1 – Testing Data.  

 



 

Figure 7: Plotting of ultrasonic vs. compressive strength vs. relation w/c – Net type: 8x20x20x1 – Training 

Data.  

 

Figure 8: Plotting of ultrasonic vs. compressive strength vs. relation w/c – Net type: 8x20x20x1 – Testing 

Data.  

 
 
The tests show that the increase of number of neurons in the hidden layers collaborates to 
improve the estimates of the net. Table 01 illustrates some of simulation times of different 
nets. The increase of the number of neurons, in anyone of the layers, corresponds to an 
addition of the computational cost expended to become fulfilled the simulations.  



For the ANN with 8x20x20x1 the simulation time was 7h. This demonstrates clearly that 
the increase of complexity the relations between the neurons contribute for the increase the 
computational time to carry through the simulation. 
 

Table 1 – Simulation Time. 

ANN Time (h) ANN Time (h) ANN Time (h) ANN Time (h) 

2x4x4x1 00:15 4x4x4x1 00:18 6x4x4x1 00:19 8x4x4x1 00:20 

2x8x8x1 00:29 4x8x8x1 00:40 6x8x8x1 00:33 8x8x8x1 00:55 

2x12x12x1 00:40 4x12x12x1 00:59 6x12x12x1 01:13 8x12x12x1 01:32 

2x16x16x1 00:49 4x16x16x1 01:01 6x16x16x1 02:30 8x16x16x1 03:07 

2x20x20x1 01:32 4x20x20x1 03:00 6x20x20x1 04:50 8x20x20x1 07:17 

 
Figure 10 shows the average error by some ANN. It can be observed clearly that the 
increase at the number of neurons contributes significantly for a reduction of estimate 
error. The configurations of ANN had gotten low errors (less than 5 MPa for the 
considered universe of 5 to 100 MPa). Some nets has the average errors arrived the 2 Mpa 
(ANN 6x20x20x1 and ANN 8x20x20x1), evidencing the potential of use of this simulation 
technique. 
 

 

Figure 10: Medium Error (MPa) – ANN with 8 neurons at 1st hidden layer. 

 
 
6. Conclusions 
UPV tests are increasingly used in Civil Engineering, and have been shown to be useful to 
analyze homogeneity differences and to detect micro-crack patterns in deteriorated 
concrete structures. One important advantage of UPV tests is that their application does not 
cause any damage in structures being used, which is extremely important for diagnosis and 
definition of intervention strategies. 



This study aimed, in particular, to evaluate the possibility of using UPV testing also to 
estimate concrete compressive strength (fc), which is a difficult task because concrete is a 
very heterogeneous material and changes with time, hence making the relationship 
between compressive strength and UPV test results very complex. The amount of voids, 
w/c ratio, type of aggregate, etc. are factors that affect concrete compressive strength 
values, and this is why traditional methods to model the UPV x fc relationship usually do 
not yield good results. 
The novel approach used the present study was the development of neural models. 
Considering the synergy of effects and the lack of knowledge on every parameter that 
affects fc, it is possible to conclude that this problem requires non-linear modeling of an 
almost non-structured knowledge. The tool proposed to handle this type of data in the 
present study was the ANN modeling technique, which was shown to be efficient. 
It was found that, due its high learning capacity and ability to generalize the acquired 
knowledge, an ANN may be a fast and precision tool for the interpretation of the results of 
complex phenomena. It was shown that networks, in general, may produce better 
compressive strength estimates than traditional methods, such as non-linear multiple 
regression. If well trained and having adequate configuration, these networks may reach 
very low error levels (< 4 MPa). 
The good results obtained here indicate that ANNs have a great potential for producing 
robust and flexible numerical methods to estimate concrete compressive strength suing 
UPV data. The simulations performed in the second and third phase of this study showed 
that the learning capacity of an ANN and its ability to generalize the acquired knowledge 
directly depends on the amounts of neurons present in each hidden layer. The results also 
indicate that a minimum amount of neurons (preferably, more than 4) is required in each 
layer to allow the network to model complex phenomena. It was shown that the use of a 
high number of neurons considerably increases the explanatory power of the networks, but 
this requires increasing computational costs. 
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