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Abstract: The increasingly recognized applicability of infrared thermography technology has caused 
developments of non-destructive testing and diagnoses for civil engineering fields. A significant advantage of 
this technique is that invisible defects can be safely and rapidly diagnosed estimated by visualizing the 
temperature fields on its surface. However, the main limitation of this technique is unable to determine the 
depth and thickness of the defect. Artificial neural network is a kind of nonlinear system, which is capable of 
large-scale parallel processing and highly nonlinear mapping. It is inverse operation to identify geometry of 
material adopted by the artificial neural network. In this paper, the finite difference method of 
one-dimensional heat conduction numerical simulation is introduced in order to acquire nonlinear relationship 
between superficial temperature contrast and depth and thickness of the damage on the basis of 
one-dimensional damaged concrete slab. The LM artificial neural network algorithm is utilized to identify the 
depth and thickness of defect to realize three-dimensional reconstruction of defects of concrete slabs, which is 
called infrared CT. The simulated examples show that it can not only effectively deal with the any irregular 
shape of defects, but also figure out the depth and thickness of defects simultaneously.  

 
 
 

1 INTRODUCTION 

Infrared imaging, as a kind of new technology, has 
caused development in the field of structural 
inspection [1~5]. the Infrared thermography is 
introduced to check the defect by visualizing the 
temperature distributions. Infrared thermography 
technology is based on the principle that heat 
transfer is altered encountering with some types of 
anomalies. These changes in heat transfer bring 
localized temperature difference in the material. 
Therefore, the interior situation of any investigated 
structure can be detected by temperature field on its 
surface. Compared with other non-destructive 
testing methods, infrared thermography technology 
has many advantages, such as no direct inspection, 
visualizing technique to obtain straight, quick and 
highly exact results. Therefore, it is believed that 

infrared thermography will has very broad prospect 
in the future.  

However, the main limitation of the infrared 
thermographic technique has the inability to 
determine the depth and thickness of the defect. It is 
considered as a reverse algorithm of heat conduction 
when superficial temperature is known and to obtain 
the depth and thickness of the defect. Artificial 
neural network is of ability to parallel processing 
and highly nonlinear mapping. The thought of 
applying ANN to identify material geometrical 
dimension is considered as an effective method. In 
the ref.[7-8], a three dimensional thermal model for 
non-homogenous materials such as carbon fiber 
reinforced plastic(CFRP) is given, and the ANN is 
introduced to identify defect’s depth and thickness. 
However, there are the following limitations about 
current research. One problem is involved with 
algorithm, which aims to defect’s regular shape but 
is not suitable for irregular shape either ANN or 
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others. Other problem is that it can not identify the 
depth and thickness simultaneously. Current 
research mainly aims to identify defect’s depth. In 
the paper, infrared CT simulation is first proposed to 
realize three-dimensional reconstruction adopted by 
ANN.  

2 LM ALGORITHM  
 
ANN model mainly include feedforward and 
feedback network. BP network, which is a kind of 
feedforward network, is a popular algorithm. 
However, the rate of convergence is so slowly and 
the numerical stability is imperfect. 
Levenberg-Marquardt algorithm [8~9] is considered 
as the combination of gradient descent and 
Gauss-Newton, which can effectively avoid being 
trapped in local minimum and greatly improve the 
computational rate to obtain highly accuracy. 
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LM algorithm, as an improved Gauss-Newton 
method, has the property of localization of 
Gauss-Newton, also of global property of gradient 
method.  
Suppose  
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where, is Jacobi matrix, is error 

function,  
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therefore,  
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where: , is a constant. 0>µ I  is cell matrix.  

3 ONE DIMENSIONAL HEAT CONDUCTION 
NUMERICAL SIMULATION 

3.1 physical model 

Take concrete slab for an example. Heat conduction 
is considered as one dimensional problem if 
ignoring planar conduction. The initial temperature 
is . The defect’s depth and thickness are 
individually  and . The injected heat flow 
density on the bottom of concrete slab is .  

aT

1l 2l
q

According to the Fourier principle as well as 
energy conservation law, heat conduction 
differential equation can be deduced, additional 
condition including initial and boundary condition 
taken into account:  
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Implicit difference scheme is introduced to 

solve equation(6) in the paper.  

3.2 Simulation results 

An example is given for the concrete slab, of which 

     l  1l 2

l  

q

Fig.1 physical model of concrete 

Ⅰ 

  

               Ⅱ 

        

      

   

Ⅰ



the depth and thickness are respectively , . The 
investigated concrete slab is put in the room 
temperature , heat flow 
density . Several kinds of material 
thermal parameters are shown in Fig.1. Superficial 
temperature at each point can be obtained when one 
dimensional heat conduction numerical simulation is 
adopted. (is seen in Table.2(a) to (j)). Suppose the 
thickness of the defect is 40mm, the depth of it is 
10mm.  

1d 2d

CT o20=
2/20000 mwq =

 

Table 1 material thermal parameters 
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)parameters )/( 2 Cmwk 。⋅  ( 2 sma ⋅  

concrete  1.54 7106.7 −×  

air 0.0283 5105.2 −×  
 

   
Fig. 2(a) superficial temperature at damaged and undamaged concrete 

slab with time changed 

 
Fig. 2(b) temperature at damaged and undamaged concrete slab with 

defect’s thickness changed 

 

 

 

Fig.2(c) superficial temperature contrast with defect’s depth changed 

 
Fig.2(d) superficial temperature contrast with defect’s depth changed  

    
Fig.2(e) superficial temperature contrast with defect’s thickness 

changed 

  
Fig.2(f) superficial temperature contrast with  defect’s thickness 

changed 



From the Fig.2(a) , it can be seen that the 
superficial temperature at the damaged points is 
higher than the undamaged points. According to the 
basic principle of infrared technology, any object 
whose temperature is higher than absolute zero 
degree is infrared radiation source. Because infrared 
is radiant wave and the detected object is capable of 
radiation, infrared thermography is considered as a 
non-destructive testing method to identify defect by 
detecting the heat quantity and heat current of the 
object. If there are cracks and flaws within the 
object, with heat conduction changed, the surface 
temperature distribution of the object differs. Thus, 
the position of the defect can be detected by utilizing 
infrared thermography to measure the different 
radiation. From the Fig. 2(c) to (f), it can be seen 
that superficial temperature contrast gradually 
decreases with depth of defect grows, and the depth 
of defect is the way around. The nonlinear 
relationship between superficial temperature 
contrast and the depth and thickness of defect offers 
foundation for identifying dimensional shape of 
defect.  
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4 TO RECONSTRUCT INFRARED 3-D IMAGE 
ADOPTED BY LM ANN ALGORITHM  

An example is taken for the concrete slab, which 
depth is 100mm. suppose of which the buried within 
concrete depth and thickness are respectively , . 
The investigated concrete slab is put in the room 
temperature , heat flow 
density . Several kinds of material 
thermal parameters are shown in Fig.1. Suppose the 
shape of interior defect is shown in Fig. 3. Certain 
sectional dimensional shape of defect is regarded as 
investigated object. The relationship between four 
thousands groups of normalized superficial 
temperature contrast and defect’s depth and 
thickness is obtained adopted by one dimensional 
heat conduction as training sample is inputted into 
LM network to train. Then, a group of simulated 
data is inputted into trained network to identify the 
depth and thickness of defect. The result is shown as 

Table.2.  

1d 2d

CT o20=
2/20000 mwq =

 
 

 
 
 
 
 

 

 

 

 

 

(a) without noise  

 
 
 
 
 
 
 
 
 
 

(b) adds to 1% random noise  

Fig.4 theoretic and identified results of defect’s dimension 
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Fig.3 Interior artificial defect of the slab（unit: mm） 
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Table. 2 theoretic and identified results (unit: mm) 

theoretic results 
identified results 

(without noise) 

identified results  

(adds to 1% noise) 

identified results  

(adds to 5% noise) 

depth thickness depth thickness depth thickness depth thickness 

10 80 9.991 74.338 10.015 84.958 10.016 180.530 
11 78 11.013 81.052 10.956 84.457 10.865 107.750 
12 76 11.996 76.481 11.999 91.040 12.077 167.840 
13 74 12.979 80.487 12.966 95.752 13.001 172.060 
14 72 13.994 74.143 14.028 84.061 13.788 66.724 
15 70 14.969 65.142 15.012 73.037 14.965 114.770 
16 68 15.965 69.365 15.983 83.227 15.854 132.760 
17 66 16.954 68.284 16.919 69.948 16.960 133.070 
18 64 17.977 61.296 17.950 72.083 17.964 116.740 
19 62 19.029 63.101 19.006 70.134 18.955 165.260 
20 60 20.064 57.372 20.012 68.123 20.225 117.070 
21 58 20.979 58.925 20.966 71.721 20.887 89.82 
22 56 21.966 53.835 21.980 56.715 21.940 85.779 
23 54 22.993 58.631 22.965 61.518 22.901 84.356 
24 52 23.997 51.817 23.948 53.034 23.739 59.521 
25 50 24.891 51.253 24.942 50.707 24.702 67.159 
26 48 26.011 45.253 25.996 50.247 25.865 57.596 
27 46 27.001 48.389 26.962 51.468 26.919 62.580 
28 44 28.040 45.283 27.968 46.396 27.794 55.897 
29 42 29.047 47.426 29.002 49.175 28.961 82.924 
30 40 29.997 48.152 29.978 51.427 29.881 64.846 

 

From Table.2, it can be seen that average error 
for identified results of depth and thickness are 
respectively 0. 13% and 5.25% in the condition of 
without noise. In the condition of adding to 1% 
random noise, average error for identified results of 
depth and thickness are respectively 0.15% and 
12.49%. Therefore, we can find that the identified 
results of depth and thickness adopted by LM ANN 
network are desirable either without noise or 
adding to 1% random noise. In addition, the 
identified result of depth is better than of thickness 
of defect, which is in accord with mentioned 
analysis. When random noise adds up to 5%, the 
identified result is a little far away from real value. 
However, in view of sensitivity of infrared imaging 
is 0.10C, 1% random noise can satisfy actual 
situation.  

5 CONCLUSION 
In this paper, the finite difference method of 

one-dimensional heat conduction numerical 
simulation is introduced in order to acquire 
nonlinear relationship between superficial 
temperature contrast and depth and thickness of the 
damage on the basis of one-dimensional damaged 
concrete slab. The nonlinear relationship is 
considered as training sample of neural network. 
Then, The LM artificial neural network algorithm 
is utilized to identify the depth and thickness of 
defect to realize three-dimensional reconstruction 
of defects of concrete slabs, which is called 
infrared CT. The simulated examples show that it 
can not only effectively deal with the any irregular 
shape of defects, but also figure out the depth and 
thickness of defects simultaneously.  
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