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Disclaimer 
 

“This report was prepared as an account of work sponsored by an agency of the United States 

Government. Neither the United States Government nor any agency thereof, nor any of their 

employees, makes any warranty, express or implied, or assumes any legal liability or 

responsibility for the accuracy, completeness, or usefulness of any information, apparatus, 

product, or process disclosed, or represents that its use would not infringe privately owned 

rights. Reference herein to any specific commercial product, process, or service by trade name, 

trademark, manufacturer, or otherwise does not necessarily constitute or imply its endorsement, 

recommendation, or favoring by the United States Government or any agency thereof. The views 

and opinions of authors expressed herein do not necessarily state or reflect those of the United 

States Government or any agency thereof.” 
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Abstract 
 

The objectives of this research project are –  

1. To design sensor data fusion algorithms that can synergistically combine defect related 

information from heterogeneous sensors used in gas pipeline inspection for reliably and 

accurately predicting the condition of the pipe-wall. 

2. To develop efficient data management techniques for signals obtained during multisensor 

interrogation of a gas pipeline. 

During this reporting period, Rowan University designed, developed and exercised multi-

sensor data fusion algorithms for identifying defect related information present in magnetic flux 

leakage, ultrasonic testing and thermal imaging nondestructive evaluation signatures of a test-

specimen suite representative of benign and anomalous indications in gas transmission pipelines. 
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Executive Summary 
 

The objectives of this research project are: 

1. To design sensor data fusion algorithms that can synergistically combine defect related 

information from heterogeneous sensors used in gas pipeline inspection for reliably and 

accurately predicting the condition of the pipe-wall. 

2. To develop efficient data management techniques for signals obtained during multisensor 

interrogation of a gas pipeline. 

The principal progress during this reporting period involved Task 3.0 – Design and 

Development of Data Fusion Algorithms. 

The important research accomplishments during this research period are: 

1. Design and development of a neural-network based geometric transformation algorithm 

for extracting redundant and complementary information present among NDE signatures 

obtained using different inspection methods. (Subtask 3.1 – Development of measures for 

complementarity and redundancy of information in fused signals) 

2. Design and development of an incremental machine learning algorithm for fusing data 

from multiple inspection modalities to identify and separate pipe-wall anomalies from 

benign indications. (Subtask 3.2 – Development of algorithms for defect identification) 

Results from this research activity were presented and published in the proceedings of the 

Natural Gas Technologies II Conference in Phoenix, February 2004 [1] and formed the basis 

of Mr. Philip J. Kulick’s Master’s Thesis, published by Rowan University in December 2003 

[2]. 
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Experimental 
 

The principal progress during this reporting period involved Task 3.0 – Design and Development 

of Data Fusion Algorithms. Results from this research activity were presented and published in 

the proceedings of the Natural Gas Technologies II Conference in Phoenix, February 2004 [1] 

and formed the basis of Mr. Philip J. Kulick’s Master’s Thesis, published by Rowan University 

in December 2003 [2]. 

Task 3.0 – Design and Development Data Fusion Algorithms 
This report describes a suite of sensor data fusion algorithms developed for characterizing the 

pipe-wall condition of gas transmission pipelines when inspected using more than one method of 

non-destructive testing. The system that is designed aims to synergistically combine information 

that is present not only in heterogeneous sensors (for example, magnetic, ultrasonic and thermal) 

but also in heterogeneous data-sets (for example, “hits” obtained during acoustic emission 

inspection and images obtained from magnetic flux leakage testing). In this reporting period, we 

concentrate on fusing information from heterogeneous sensors – NDE signatures have been 

obtained from a test-specimen suite that has been described in the previous report. The objective 

of the data fusion algorithms is to improve the accuracy and reliability of pipeline monitoring by 

providing the location, size and shape of pipe-wall anomalies. 

This report describes research and development activities in Subtask 3.1 – Development of 

measures for complementarity and redundancy of information in fused signals, and Subtask 3.2 – 

Development of algorithms for defect identification. 

Subtask 3.1 – Development of measures for complementarity and redundancy of information in 
fused signals 

A mathematical model of human monoscopic vs. stereoscopic vision (see Figure 1) can be 

employed for developing a data fusion algorithm.  Consider an instance where there are two 

similar objects in one’s field of view.  One object is smaller and relatively closer to the observer 

while the second object is situated farther from the observer, and is larger than the first object.  If 

one were to view this scene with only one eye, the image perceived on the retina would be that of 

two objects of identical size.  Viewing the scene with both eyes, a separate and unique image is 

developed in each eye – with two separate, dissimilar images of the same scene, the brain can 

then fuse the images to develop fairly accurate estimates of the size and distance of the objects.  
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Figure 1.  Model of human vision system - monoscopic vs. stereoscopic vision. 

 

This stereoscopic vision process can be modeling mathematically with the following 

equation [3]: 

                ( ) )(),(),,( 21 dhldxldxg =        (1)  

where x1 and x2 represents the images seen by each eye, which are dependent on object distance, 

d, and object size, l. The resulting perception of distances of each of the objects is provided by 

the function, h(d). The function g, fuses the information present in each of the original images, x1 

and x2 and can be modeled as a universal approximator given by the radial basis function neural 

network [4] 
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where λ denotes the weights of the hidden layer nodes in the network and φ is a Gaussian basis 

given by 
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where cij is the basis center (mean) and σ is the radius (variance) of the Gaussian kernel.   

 This stereovision model can be employed for multi-sensor data fusion, as follows. When NDE 

images that are obtained from different inspection methods are fused, the fused image can be 
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assumed to contain two main types of information that are related to the characteristics of the test 

object: redundant and complementary information.  Redundant information is the information 

related to the defect that is common among different inspection methods and can be used to 

increase the reliability of the defect characterization result. Complementary information is the 

defect related information that is unique to each inspection method and can be used to improve 

the accuracy of defect characterization.  Figure 2 pictorially depicts the redundant and 

complementary information in the data fusion process. 

 

 

Figure 2:  Illustration of redundant and complementary information in multi-sensor data 
fusion. 

 The stereovision model is now applied as follows. Let ( )111 , crx  and ( )212 , crx  be two 

different NDE images that are the results of the inspection of the same object using two different 

inspection modalities.  The variable r  represents the redundant information features and is the 

same for both images.  Likewise, the variables 1c  and 2c  represent the complementary 

information features for each image. A function that extracts the redundant defect related 

information, )(1 rh , between ( )111 , crx  and ( )212 , crx  can be defined as: 

                         ( ) ( ){ } ( )rhcrxcrxf 12211 ,,, =                          (4)                    

and the function that extracts the  complementary information can be defined as 

           ( ) ( ){ } ( )2122211 ,,,, cchcrxcrxf =     (5)                 

Both these functions are RBF neural networks, described in Equation (2).  

 In order to train the artificial neural network for defect characterization, it is necessary to 

indicate the desired complementary and redundant information between the two NDE inspection 

methods. In this report, since the actual defect size, shape, depth and location is known for the 

Data 
Fusion

Image 2 

Image 1 Redundant

Complementary
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specimen suite, these definitions can be made by comparing the NDE signature for each of the 

inspection methods with the size, shape, depth and location of the defect. Figure 3 illustrates this 

definition process. Complementary information in two NDE images are defined as those distinct 

pixels in each of the NDE signatures that are present in the defect region, but are not shared 

between them. Redundant information in two NDE images are defined as those common pixels 

that are present in both NDE signatures and are also present in the defect region. 

 

 

Figure 3:  NDE image signatures used to define redundant and complementary information. 
 

Subtask 3.2 – Development of algorithms for defect identification 

Learn++ is a novel algorithm capable of incremental learning of additional data, estimating 

classification confidence and combining information from different sources [5]. Learn++ 

employs an ensemble of classifiers approach for this purpose. Figure 4 conceptually illustrates 

the underlying idea for the Learn++ algorithm. The white curve represents a simple hypothetical 

decision boundary to be learned. The classifier’s job is to identify whether a given point is inside 

the boundary. Decision boundaries (hypotheses) generated by base classifiers (BCi, i=1,2,…8), 

are illustrated with simple geometric figures. Hypotheses decide whether a data point is within 

their decision boundary. They are hierarchically combined through weighted majority voting to 

form composite hypotheses Ht, t=1,…7, which are then combined to form the final hypothesis 

Hfinal. In this study, different ensemble classifiers, each trained with signals of different 

modalities used as features, were incorporated into the NDE signal identification system. To 

work in data fusion mode, Learn++ was modified according to structure in Figure 5, combining 

the pertinent information from all identifiers. 
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Figure 4: Conceptual illustration of the Learn++ algorithm. 
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Results and Discussion 
 

Task 3.0 – Design and Development Data Fusion Algorithms 
This report concentrates on fusing information from heterogeneous sensors – MFL, UT and 

thermal imaging NDE signatures that have been obtained from a test-specimen suite have been 

described in the previous report.  

Subtask 3.1 – Development of measures for complementarity and redundancy of information in 
fused signals 

The complementary and redundant data extraction algorithms were exercised on the NDE images 

obtained from the test specimens.  The data was parsed into training and test data sets for the 

data fusion neural network in 3 distinct combinations.  These data analysis trials are shown in 

Tables 1 through 3.  For each trial, NDE images from two different modalities of the three (MFL, 

UT and thermal) were fused using the complementary and redundant data extraction neural 

networks.  A total of three data fusion combinations were conducted for each trial. The training 

and test data results for the 3 separate trials, using combinations of two NDE methods from the 

three total, are indicated in Figures 6 through 14.  The network inputs and outputs used were the 

spectral coefficients of the images using the discrete cosine transform (DCT).   

  
Table 1:  Training and test data assignments for Trial 1. 

 
Specimen # Plate thickness (in) Defect Type Defect Depth (in) 

00 0.5 None N/A 
01 0.5 Pitting 0.3005 
02 0.5 Pitting 0.198 
03 0.5 Pitting 0.0945 
10 0.375 None N/A 
11 0.375 Pitting 0.298 
12 0.375 Pitting 0.199 
13 0.375 Pitting 0.1105 
20 0.3125 None N/A 
21 0.3125 Pitting 0.303 
22 0.3125 Pitting 0.1955 
23 0.3125 Pitting 0.0995 

Note:  All specimens have a length of 6 inches and a width of 4 inches. 
 

 
 
 

Training data Test data N/A 
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Table 2:  Training and test data assignments for Trial 2. 
 

Specimen # Plate thickness (in) Defect Type Defect Depth (in) 
00 0.5 None N/A 
01 0.5 Pitting 0.3005 
02 0.5 Pitting 0.198 
03 0.5 Pitting 0.0945 
10 0.375 None N/A 
11 0.375 Pitting 0.298 
12 0.375 Pitting 0.199 
13 0.375 Pitting 0.1105 
20 0.3125 None N/A 
21 0.3125 Pitting 0.303 
22 0.3125 Pitting 0.1955 
23 0.3125 Pitting 0.0995 

Note:  All specimens have a length of 6 inches and a width of 4 inches. 
 

 
 
 
 
 
 

Table 3:  Training and test data assignments for Trial 3. 
 

Specimen # Plate thickness (in) Defect Type Defect Depth (in) 
00 0.5 None N/A 
01 0.5 Pitting 0.3005 
02 0.5 Pitting 0.198 
03 0.5 Pitting 0.0945 
10 0.375 None N/A 
11 0.375 Pitting 0.298 
12 0.375 Pitting 0.199 
13 0.375 Pitting 0.1105 
20 0.3125 None N/A 
21 0.3125 Pitting 0.303 
22 0.3125 Pitting 0.1955 
23 0.3125 Pitting 0.0995 

Note:  All specimens have a length of 6 inches and a width of 4 inches. 
 

 
 
 

Training data Test data N/A 

Training data Test data N/A 
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UT and MFL Combination Results 
 
Trial 1:  Test Results 
 
 

                                   
   (a)   (b)  
 
 

         
                                   (c)                                                                      (d) 
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Trial 1:  Test Results (cont.) 
 
 

         
                                   (e)                                                                       (f) 
 
 

         
                                   (g)                                                                      (h) 
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Trial 1:  Test Results (cont.) 
 
 

         
                                   (i)                                                                       (j) 
 
 

         
                                   (k)                                                                       (l) 
 

Figure 6:  UT and MFL data fusion results for Trial 1.   

(a) Specimen 00 (train);  

(b) Specimen 03 (train); 

(c) Specimen 02 (train); 

(d) Specimen 01 (train); 

(e) Specimen 10 (train); 

(f) Specimen 13 (train); 

(g) Specimen 11 (train); 

(h) Specimen 20 (train); 

(i) Specimen 23 (train); 

(j) Specimen 22 (train); 

(k) Specimen 21 (train); 

(l) Specimen 12 (test) 
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Trial 2:  Test Results 
 
 

         
(a) (b) 

 
 

         
                                   (c)                                                                      (d) 
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Trial 2:  Test Results (cont.) 
 
 

         
                                   (e)                                                                       (f) 
 
 

         
                                  (g)                                                                       (h) 
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Trial 2:  Test Results (cont.) 
 
 

         
(i) (j) 

 
 

         
                                  (k)                                                                       (l) 
 

Figure 7:  UT and MFL data fusion results for Trial 2.   

(a) Specimen 00 (train);  

(b) Specimen 03 (train); 

(c) Specimen 01 (train); 

(d) Specimen 10 (train); 

(e) Specimen 13 (train);  

(f) Specimen 11 (train); 

(g) Specimen 20 (train);  

(h) Specimen 23 (train);  

(i) Specimen 21 (train);  

(j) Specimen 02 (test); 

(k) Specimen 12 (test);  

(l) Specimen 22 (test) 
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Trial 3:  Test Results 
 
 

         
(a) (b) 

 
 

         
                                   (c)                                                                      (d) 
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Trial 3:  Test Results (cont.) 
 
 

         
(e) (f) 

 

         
                                   (g)                                                                       (h) 
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Trial 3:  Test Results (cont.) 
 
 

         
(i) (j) 

 
 

         
                                   (k)                                                                       (l) 
 

Figure 8:  UT and MFL data fusion results for Trial 3.   

(a) Specimen 00 (train);  

(b) Specimen 03 (train); 

(c) Specimen 02 (train);  

(d) Specimen 01 (train); 

(e) Specimen 20 (train);  

(f) Specimen 23 (train); 

(g) Specimen 22 (train);  

(h) Specimen 21 (train);  

(i) Specimen 10 (test);  

(j) Specimen 13 (test); 

(k) Specimen 12 (test);  

(l) Specimen 11 (test) 
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UT and Thermal Imaging Combination Results 
 
Trial 1:  Test Results 
 
 

         
                                   (a)                                                                       (b) 
 
 

         
                                   (c)                                                                       (d) 
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Trial 1:  Test Results (cont.) 
 
 

         
                                   (e)                                                                        (f) 
 
 

         
                                   (g)                                                                       (h) 
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Trial 1:  Test Results (cont.) 
 
 

         
                                    (i)                                                                       (j) 
 
 

         
                                   (k)                                                                       (l) 
 

Figure 9:  UT and thermal imaging data fusion results for Trial 1.  

(a) Specimen 00 (train);  

(b) Specimen 03 (train); 

(c) Specimen 02 (train); 

(d) Specimen 01 (train); 

(e) Specimen 10 (train); 

(f) Specimen 13 (train); 

(g) Specimen 11 (train); 

(h) Specimen 20 (train); 

(i) Specimen 23 (train); 

(j) Specimen 22 (train); 

(k) Specimen 21 (train); 

(l) Specimen 12 (test) 
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Trial 2:  Test Results 
 
 

         
                                  (a)                                                                        (b) 
 
 

         
                                   (c)                                                                       (d) 
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Trial 2:  Test Results (cont.) 
 
 

         
                                   (e)                                                                        (f) 
 
 

         
                                   (g)                                                                       (h) 
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Trial 2:  Test Results (cont.) 
 
 

         
                                   (i)                                                                        (j) 
 
 

         
                                   (k)                                                                       (l) 
 

Figure 10:  UT and thermal imaging data fusion results for Trial 2.  

(a) Specimen 00 (train);  

(b) Specimen 03 (train); 

(c) Specimen 01 (train); 

(d) Specimen 10 (train); 

(e) Specimen 13 (train);  

(f) Specimen 11 (train); 

(g) Specimen 20 (train);  

(h) Specimen 23 (train);  

(i) Specimen 21 (train);  

(j) Specimen 02 (test); 

(k) Specimen 12 (test);  

(l) Specimen 22 (test) 
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Trial 3:  Test Results 
 
 

         
                                   (a)                                                                       (b) 
 
 

         
                                   (c)                                                                       (d) 
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Trial 3:  Test Results (cont.) 
 
 

         
                                   (e)                                                                        (f) 
 
 

         
                                   (g)                                                                       (h) 
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Trial 3:  Test Results (cont.) 
 
 

         
                                   (i)                                                                        (j) 
 
 

         
                                   (k)                                                                       (l) 
 

Figure 11:  UT and thermal imaging data fusion results for Trial 3.   

(a) Specimen 00 (train);  

(b) Specimen 03 (train); 

(c) Specimen 02 (train);  

(d) Specimen 01 (train); 

(e) Specimen 20 (train);  

(f) Specimen 23 (train); 

(g) Specimen 22 (train);  

(h) Specimen 21 (train);  

(i) Specimen 10 (test);  

(j) Specimen 13 (test); 

(k) Specimen 12 (test);  

(l) Specimen 11 (test) 
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MFL and Thermal Imaging Combination Results 
 
Trial 1:  Test Results 
 
 

         
(a) (b) 

 
 

         
                                   (c)                                                                      (d) 
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Trial 1:  Test Results (cont.) 
 
 

         
(e) (f) 

 
 

         
                                   (g)                                                                      (h) 
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Trial 1:  Test Results (cont.) 
 
 

         
                                   (i)                                                                       (j) 
 
 

         
(k)  (l) 

 

Figure 12:  MFL and thermal imaging data fusion results for Trial 1.   

(a) Specimen 00 (train);  

(b) Specimen 03 (train); 

(c) Specimen 02 (train); 

(d) Specimen 01 (train); 

(e) Specimen 10 (train); 

(f) Specimen 13 (train); 

(g) Specimen 11 (train); 

(h) Specimen 20 (train); 

(i) Specimen 23 (train); 

(j) Specimen 22 (train); 

(k) Specimen 21 (train); 

(l) Specimen 12 (test) 
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Trial 2:  Test Results 
 
 

         
(a) (b) 

 
 

         
                                   (c)                                                                       (d) 
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Trial 2:  Test Results (cont.) 
 
 

         
(e) (f) 

 
 

         
                                   (g)                                                                      (h) 
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Trial 2:  Test Results (cont.) 
 
 

         
(i) (j) 

 
 

         
                                   (k)                                                                       (l) 
 

Figure 13:  MFL and thermal imaging data fusion results for Trial 2.   

(a) Specimen 00 (train);  

(b) Specimen 03 (train); 

(c) Specimen 01 (train); 

(d) Specimen 10 (train); 

(e) Specimen 13 (train);  

(f) Specimen 11 (train); 

(g) Specimen 20 (train);  

(h) Specimen 23 (train);  

(i) Specimen 21 (train);  

(j) Specimen 02 (test); 

(k) Specimen 12 (test);  

(l) Specimen 22 (test) 
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Trial 3:  Test Results 
 
 

         
(a) (b) 

 
 

         
                                   (c)                                                                       (d) 
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Trial 3:  Test Results (cont.) 
 
 

         
(e) (f) 

 
 

         
                                   (g)                                                                      (h) 
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Trial 3:  Test Results (cont.) 
 
 

         
(i) (j) 

 
 

         
                                   (k)                                                                      (l) 
 

Figure 14:  MFL and thermal imaging data fusion results for Trial 3.  

(a) Specimen 00 (train);  

(b) Specimen 03 (train); 

(c) Specimen 02 (train);  

(d) Specimen 01 (train); 

(e) Specimen 20 (train);  

(f) Specimen 23 (train); 

(g) Specimen 22 (train);  

(h) Specimen 21 (train);  

(i) Specimen 10 (test);  

(j) Specimen 13 (test); 

(k) Specimen 12 (test);  

(l) Specimen 11 (test) 



 

DE-FC26-02NT41648: Technical Progress Report (Semiannual) April 2004 

 

36

 
 
 

Subtask 3.2 – Development of algorithms for defect identification 

The Learn++ algorithm’s data fusion capabilities were evaluated on the MFL and UT data 

obtained from the specimen suite described in a previous report. We were particularly interested 

in whether we could improve the generalization performance of the algorithm (the correct 

classification performance on the validation data not seen by the algorithm during training) when 

data from two different NDE modalities (namely, MFL and UT) are fused. To test this 

performance, we have partitioned the test-specimen suite into two sections, ten to be used for 

training the algorithm, and eleven to be used for validation. We had a total of 5 categories, 

namely pitting, crack, mechanical damage, weld and no defect. Our goal was to compare the 

classification performances when trained with only MFL or UT data to the performance when 

the data was combined through the Learn++ algorithm. We have used the multilayer perceptron 

(MLP) neural network as the base classifier with Learn++ and we have tested the algorithm with 

several MLP architectures from 10 hidden layer nodes to 50 hidden layer nodes and varying 

error goals [4]. 

Tables 4 and 5 summarize signal classification (percentage of correct classification of NDE 

signature) using MFL and UT signatures separately, without data fusion. The classification 

results after data  fusion using the Learn++ algorithm is indicated in Figure 15. 
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Table 4:  Signal classification results using MFL signatures only. 

 

 

 

10 15 20 25 30 35 40 45 50
0.01 80.00 86.70 86.70 73.30 86.70 80.00 80.00 86.70 86.70
0.02 93.30 86.70 86.70 80.00 80.00 93.30 80.00 80.00 80.00
0.03 73.30 80.00 73.30 86.70 86.70 86.70 80.00 73.30 80.00
0.04 86.70 73.30 80.00 93.30 80.00 73.30 80.00 86.70 86.70
0.05 80.00 66.70 73.30 80.00 73.30 93.30 86.70 66.70 80.00
0.06 73.30 80.00 93.30 86.70 73.30 66.70 86.70 66.70 80.00
0.07 73.30 73.30 73.30 80.00 80.00 73.30 66.70 66.70 73.30
0.08 86.70 73.30 80.00 73.30 60.00 93.30 73.30 73.30 60.00
0.09 80.00 60.00 66.70 80.00 80.00 80.00 73.30 73.30 80.00
0.1 66.70 80.00 86.70 73.30 73.30 73.30 60.00 80.00 73.30

79.33 76.00 80.00 80.66 77.33 81.32 76.67 75.34 78.00

7.984297 8.441564 8.320791 6.641486 7.839792 9.830203 8.469297 7.73135 7.74281

78.29

Hidden Layer Standard Deviation

Global Mean
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l
MFL analysis

Number of Hidden Layer Nodes

Hidden Layer Mean
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Table 5:  Signal classification results using UT signatures only. 

 

 

10 15 20 25 30 35 40 45 50
0.01 73.33 86.67 73.33 80 100 86.67 86.67 80 93.33
0.02 86.67 86.67 86.67 86.67 73.33 86.67 93.33 66.67 73.33
0.03 86.67 93.33 80 86.67 80 86.67 86.67 86.67 86.67
0.04 86.67 93.33 86.67 66.67 86.67 86.67 93.33 86.67 80
0.05 86.67 100 86.67 86.67 86.67 86.67 86.67 86.67 93.33
0.06 73.33 73.33 80 86.67 80 86.67 86.67 93.33 86.67
0.07 66.67 86.67 86.67 86.67 80 86.67 66.67 86.67 86.67
0.08 66.67 86.67 93.33 86.67 86.67 86.67 80 73.33 86.67
0.09 73.33 73.33 66.67 86.67 80 80 80 93.33 80
0.1 66.67 86.67 80 80 73.33 80 66.67 86.67 80

76.67 86.67 82 83.33 82.67 85.33 82.67 84 84.67

9.03 8.31 7.73 6.48 7.83 2.81 9.53 8.43 6.32

83.11

Hidden Layer Mean

Hidden Layer Standard Deviation

Global Mean

   
   

E
rro

r G
oa

l
UT analysis

Number of Hidden Layer Nodes
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Figure 15: MFL and UT data fusion results for signal identification using Learn++. 
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Conclusion 
 

The principal progress during this reporting period involved Task 3.0 – Design and Development 

of Data Fusion Algorithms. 

The important research accomplishments and the conclusions drawn during this research 

period are: 

1. Design and development of a neural-network based geometric transformation algorithm 

for extracting redundant and complementary information present among NDE signatures 

obtained using different inspection methods. (Subtask 3.1 – Development of measures for 

complementarity and redundancy of information in fused signals) 

The training data results for all UT and MFL combination trials consistently show 

excellent performance – this indicates that information provided to the neural network is 

distinct and the resulting matrices are non-singular. 

The testing data results for all UT and MFL combination trials show considerable 

promise for both the redundant and the complementary information techniques.  The 

redundant information extraction neural network was capable of promoting a significant 

amount of the redundant data present within the two signatures and suppressing a fair 

amount of the complementary data present between the two signatures.  Likewise, the 

complementary information extraction neural network performed just as well.  In Trial 2, 

the networks had not seen as large an amount of training data as in Trial 1.  Therefore, the 

actual network outputs were satisfactory when compared with the desired outputs, 

however, they were not as good as those in Trial 1.  A similar result was obtained for 

Trial 3. 

The training results for all UT and thermal combinations as well as all MFL and 

thermal combinations performed well with the exception of one problem – all training 

instances where the test specimen had a defect but the ability to extract a meaningful 

NDE signature from the thermal phase image was not possible had minimal error within 

the image output of the redundant data extraction algorithm.  This error appeared because 

given the training data sets for Trials 1 through 3, the network had not seen enough data 

points and was therefore unable to suppress all of the complementary information within 
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the redundant network. The complementary extraction network for UT and thermal had a 

similar problem, but only for a minimal amount of training data. 

The testing results for all UT and thermal combinations for redundant and 

complementary information extraction show a consistent effort to suppress and promote 

their respective information types.  However, the results produced are not as good as the 

UT and MFL combination results.  Furthermore, some of the test results display the 

problem discussed in the above point as well.  A similar result was obtained for the MFL 

and thermal combination results for all three trials.  However, it is difficult to compare 

the performance of UT and thermal combinations to the performance of the MFL and 

thermal combinations due the lack of a uniform edge detection for each method (UT, 

MFL and thermal). 

2. Design and development of an incremental machine learning algorithm for fusing data 

from multiple inspection modalities to identify and separate pipe-wall anomalies from 

benign indications. (Subtask 3.2 – Development of algorithms for defect identification) 

The following observations can be made from the results presented in Tables 4 and 

5 and Figure 15. First, the proper selection of number of hidden layer nodes is indeed 

crucial in the performance of the MLP base classifiers. Second, the data-fusion 

performance of Learn++  provides improved performance over using UT or MFL only. In 

particular, while the individual performances were averaged 78% ~ 82% range, the 

Learn++ was able to achieve a 91% classification performance by fusing the information 

coming from UT and MFL. In summary, Learn++ proved its feasibility as a viable data-

fusion algorithm. 

During the next reporting period, we will concentrate on the design and development 

of multi-sensor data fusion algorithms to predict the size of those indications that are 

identified as anomalies. (Subtask 3.3 – Development of algorithms for defect sizing). 

Heterogeneous data sets (as described in the beginning of this report) will be included in the 

NDE signatures subjected to data fusion. We will also address Task 5 – Recommendations 

for Effective Data Management. 



 

DE-FC26-02NT41648: Technical Progress Report (Semiannual) April 2004 

 

42

References 
 

[1] J. Oagaro, P.J. Kulick, M.T. Kim, R. Polikar, J.C. Chen, and S. Mandayam, “A multi-sensor 
data fusion system for assessing the integrity of gas transmission pipelines,” Proceedings of 
the Natural Gas Technologies II Conference, Phoenix, February 2004.  

[2] P. J. Kulick, Multi-Sensor Data Fusion Using Geometric Transformations for the 
Nondestructive Evaluation of Gas Transmission Pipelines, Master’s Thesis, Rowan 
University, Glassboro, New Jersey, December 2003. 

[3] S. Mandayam, L. Udpa, S. S. Udpa and W. Lord, “Invariance transformations for magnetic 
flux leakage signals,” IEEE Transactions on Magnetics, Vol. 32, No. 3, pp. 1577-1580, May 
1996. 

[4] S. Haykin, Neural Networks - A Comprehensive Foundation, Second Edition, Prentice Hall, 
Upper Saddle River, New Jersey, 1999. 

[5] R. Polikar, et. al., “Learn++: An incremental learning algorithm for supervised neural 
networks,” IEEE Trans onactions Sytems., Man and Cybernetics (C), Special Issue on 
Knowledge Management, 31:4, pp. 497-508, 2001. 



 

DE-FC26-02NT41648: Technical Progress Report (Semiannual) April 2004 

 

43

List of Acronyms and Abbreviations 
 
 
AE Acoustic emission 

DCT Discrete cosine transform 

MFL Magnetic flux leakage 

MLP Multilayer perceptron 

NDE Nondestructive evaluation 

RBF Radial basis function 

UT Ultrasonic testing 

 


