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Abstract 
 
 Ten notched I-beams of A572-G50 bridge steel were loaded in three-point bending, and 
back-propagation neural network (BPNN) fatigue life predictions were performed on the acous-
tic emission (AE) amplitude histogram data taken during fatigue cycling.  BPNN fatigue life 
predictions based on the AE data from the first (0-25%), second (25-50%), and third (50-75%) 
quarters of the fatigue life data yielded worst-case errors of 18.4%, 16.8% and 5.3%, respec-
tively, for training on five beams and testing (predicting) on the remaining five.  The worst-case 
prediction errors decreased to -12.4%, -13.4%, and 4.5% when trained on the AE data from six 
beams and tested on four.  Thus, it was found that BPNN prediction accuracy was improved both 
by using more training data (six beams rather than five) and by training on AE data taken later 
(third quarter) in the fatigue life of the notched I-beams.  Moreover, in an effort to simulate ac-
tual AE structural health monitoring (SHM) of bridges, AE fatigue data taken at semi-random 
time intervals after fatigue crack initiation were used to predict fatigue lives, which resulted in a 
worst case prediction error of 5.1% using five beams for training and five for testing.  From all 
the above, it can be concluded that BPNNs trained on the AE amplitude histogram data from ei-
ther the third quarter of the fatigue life or at semi-random time intervals after crack initiation can 
predict fatigue lives in A572-G50 bridge steel I-beams with worst case errors of ≤5% by training 
on the data from at least six beams. 
    
Keywords: A572-G50 bridge steel, back-propagation neural network, fatigue life prediction, I-
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Introduction 
 

This paper is a continuation of previous research on the fatigue life prediction of axially 
loaded, notched bridge steel bars using acoustic emission (AE) data and neural networks [1].  
Back-propagation neural networks (BPNNs), when trained properly, are able to predict fatigue or 
residual life of cyclically loaded structures. 

   
Previously, twenty notched A572-G50 steel bars were axially fatigue tested using an MTS 

machine.  Fatigue life predictions were performed on the bars using AE amplitude histogram 
data as the input to the BPNNs.  This yielded worst-case prediction errors within ±20% for first 
quarter of data and ±12% for third quarter of data [2].  Here this research was extended to three-
point bending fatigue of notched A572-G50 steel I-beams, which are typical structural members 
used in bridge construction.  BPNNs were used to process the AE data occurring during the first, 
second and third quarters of the fatigue life with the goal of reducing the worst-case errors, hope-
fully to within the ±5% range.   
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Experimental Setup 
 
 Ten notched A572-G50 bridge steel I-beams were simply supported on a large-scale testing 
frame with a transverse load acting at the midpoint of the span (three-point bending), simulating 
the loading condition of actual bridge members.  Each S4 x 7.7 standard I-beam had a height of 
101.6 mm (4”) and span of 2.85 m.  A 45 kN MTS actuator was used to apply the loading, which 
ranged from 1.36 to 17 kN at a frequency of 1 Hz and had a maximum deflection of approxi-
mately 13 mm.  The actual loading was approximately sinusoidal, as the structure was stiff and 
the actuator would reach its resonant frequency when tasked to match the controller input exactly 
[3].  The hydraulic pump, located ~1 m behind the setup, generated noise, which was picked up 
by the AE analyzer but subsequently edited out of the data set.  A plastic block was placed be-
tween the actuator and test specimen to reduce this noise coming from the actuator (in steel-steel 
connection, noise emissions will be transferred).  Two 150 kHz AE transducers were mounted on 
the notched bottom flange of each I-beam.  The Physical Acoustics Corporation Pocket AE® ana-
lyzer with imbedded AEwin® software was used to record the AE data from the two transducers 
as the beam was fatigued to failure. The experimental setup is shown in Fig. 1. 
 

	  
	  

Fig. 1. Experimental setup. 
 
 A 2.5-mm deep 45˚ angle V-notch was machined on the bottom flange of the beam to ensure 
that fatigue cracking would initiate on the bottom, instead of on the top where the stress concen-
tration was formed due to the load application, as shown in Fig. 2. The AE transducers were 
mounted on each side of the notch using hot melt glue as an adhesive/couplant.  This setup al-
lows verification of the location of the source of the AE activity to ensure that the AE data col-
lected are from the known crack location at the center of the I-beam bottom flange. 
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Fig. 2. Bottom view of the notched beam. 

 
Noise Filtering and AE Settings 
 
 The noise involved in this experiment includes that from the MTS servo-hydraulic actuator, 
rubbing at the point of force application, ambient noise and electromagnetic interference from 
the AE analyzer/charger interface.  Various noise was removed by the appropriate setting of the 
signal threshold within the AE analyzer and the application of filters on the average frequency 
and the count characteristics of the incoming signals.  In order to investigate noise behaviors, 
several ambient noise tests were run without loading (the MTS machine switched on, but both 
the mean cyclic load and the span setting were set to zero) prior to the actual experiment.  These 
AE ambient noise data were recorded and analyzed.  The amplitude histogram and duration vs. 
count graphs were subsequently plotted.  
 
 The amplitude histogram of the noise data is shown in Fig. 3, which displays constant noise 
signals ranging from 30 to 43 dB.  This noise was probably a combination of the coupled hydrau-
lic pump noise and other ambient noise.  The threshold of AE analyzer was then set to 40 dB to 
eliminate this noise, meaning that the signals of amplitude below 40 dB would not be recorded.  
Here, the risk of losing data of interest was introduced, which is a typical issue involved in the 
AE nondestructive testing method.  Therefore, to be on the safe side, the highest amplitude am-
bient noise signals (41 through 43 dB) were not filtered out at this point. 
 
 A duration vs. count graph using the above noise data was also plotted, as shown in Fig. 4, 
where the ratio of counts divided by duration is the average frequency of each signal.  It can be 
seen from the graph that the noise was mostly confined to average frequencies (AFs) of 15 kHz 
or less, except for the long duration hits at the top.  An average frequency filter was thus applied 
to eliminate the noise of AFs less than 15 kHz.  Here again, the AFs from 15-30 kHz were not 
eliminated at this point so as not to eliminate any data of interest.  Figure 5 is the same plot as 
Fig. 4 but with the AF filter applied.  Note that the noise from 16-30 kHz is still present.  It can 
also be seen from Fig. 5 that there is a cluster of several thousand short duration, low counts sig-
nals close to the origin.  This was removed by filtering on AE hits with counts less than 5.  
	  
 In addition, AE hits with zero duration or rise time, or extra long duration (due to continuous 
rubbing or hydraulics) are either noise or incomplete data hits, both of which were removed 
manually from the individual data files recorded from the actual testing.  After the noise tests 

V-‐notch	   AE	  transducer	  
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Fig. 3. Amplitude histogram of unfiltered noise. 

	  
were performed, the amplitude threshold of AE analyzer was set to be 40 dB for both channels, 
and the maximum duration was set to 2 ms to allow all data of interest to be captured.  The 
waveform parameters, peak definition time (PDT), hit definition time (HDT), and hit lock-out 
time (HLT), were set to separate noise from fatigue data according to the recommended values 
[4].  	  
	  
Beam Experimental Results 
 
 The experimental fatigue lives of the ten I-beams ranged from 11,811 to 19,653 cycles with 
the typical large variability of fatigue lives evident. The mean and standard deviation were 
16,229 and 2,324 cycles, respectively. In this research, the AE amplitude histograms were util-
ized as inputs to the BPNN for fatigue life prediction.  The amplitude histograms for all ten I-
beams are plotted in Fig. 6.  It can be observed that the AE fatigue cracking data for all the 
beams are in the same amplitude band but have different magnitudes (some beams produce more 
AE than others). 
	  
 Three BPNN networks were constructed to predict the fatigue lives of tested I-beams based 
on the AE amplitude histograms from the first quarter (0-25%), second quarter (25-50%) and 
third quarter (50-75%) of the cyclic life data.  Predictions using either five or six training speci-
mens (beams) were then investigated. 
 
Fatigue Life Prediction Results 
 
BPNN Predictions Based on First Quarter (0-25%) of Life AE Data 
NeuralWorks Professional II/Plus Software was used for prediction. Two BPNNs were trained 
and tested based on the AE data of the first quarter (0-25%) of fatigue lives.  The first network 
was trained on five samples (beams 5, 6, 7, 8, 9) and tested on the other five, while the second 
network was trained on six (beams 5, 6, 7, 8, 9, 11) and tested on four.  The training specimens 
were selected to include the beams having the highest and lowest fatigue lives plus some in be-
tween for best prediction results.  The BPNN parameters were optimized to the parameters	  
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Fig. 4. Duration vs. count plot, unfiltered noise.     Fig. 5. Duration vs. count plot, filtered noise. 

 
Fig. 6. Amplitude histograms of all tested beams [3]. 

 
shown in Table 1.  Prediction results based on five training files are shown in Table 2, where the 
maximum prediction error was 18.4%. Table 3 shows the prediction results based on six training 
files, where the maximum error was -12.4%.  
 
BPNN Predictions Based on Second Quarter (25-50%) of Life AE Data 
This network predicts the fatigue life using AE data from the second quarter of fatigue life.  
Again both networks using five training files and six training files were investigated.  The BPNN 
parameters are shown in Table 4. The prediction results from these networks are shown in Tables 
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5 and 6, where the worst case error were 16.8% based on five training files and -13.4% based on 
six training files.  
 

Table 1. First quarter BPNN parameters. 
 

BPNN Parameter Train on Five Train on Six 
Hidden Layer Neurons 3  3 

Hidden Layer Learning Coefficient 0.8 0.5 
Output Layer Learning Coefficient 0.05 0.05 

Transition Point 90 85 
Learning Coefficient Ratio 0.5 0.2 

Learning Rule Norm-Cum-Delta Norm-Cum-Delta 
Transfer Function TanH TanH 

 
Table 2. First quarter prediction results (five training files). 

 

Specimen Experimental Fatigue Life Predicted Fatigue Life % Error 
Beam 10 19,188 17,636 -8.1 
Beam 11 13,573 16,068 18.4 
Beam 12 15,833 15,753 -0.5 
Beam 13 15,710 12,824 -18.4 
Beam 14 16,084 17,412 8.3 

 
Table 3. First quarter prediction results (six training files). 

 

Specimen Experimental Fatigue Life Predicted Fatigue Life % Error 
Beam 10 19,188 16,805 -12.4 
Beam 12 15,833 15,499 -2.1 
Beam 13 15,710 14,234 -9.4 
Beam 14 16,084 16,996 5.7 

 
Table 4. Second quarter BPNN parameters. 

 

BPNN Parameter Train on Five Train on Six 
Hidden Layer Neurons 3 3 

Hidden Layer Learning Coefficient 0.01 0.02 
Output Layer Learning Coefficient 0.01 0.01 

Transition Point 1000 950 
Learning Coefficient Ratio 0.5 0.5 

Learning Rule Norm-Cum-Delta Norm-Cum-Delta 
Transfer Function TanH TanH 

 
Table 5. Second quarter prediction results (five training files). 

 

Specimen Experimental Fatigue Life Predicted Fatigue Life % Error 
Beam 10 19,188 16,586 -13.6 
Beam 11 13,573 15,851 16.8 
Beam 12 15,833 17,496 10.5 
Beam 13 15,710 14,020 -10.8 
Beam 14 16,084 15,431 -4.1 
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Table 6. Second quarter prediction results (six training files). 
 

Specimen Experimental Fatigue Life Predicted Fatigue Life % Error 
Beam 10 19,188 16,629 -13.3 
Beam 12 15,833 17,270 9.1 
Beam 13 15,710 13,604 -13.4 
Beam 14 16,084 15,340 -4.6 

 
BPNN Predictions Based on Third Quarter (50-75%) of Life AE Data 
Another set of BPNN networks was setup using the AE data from the third quarter of fatigue life 
for predictions.  The network parameter setups are shown in Table 7.  The prediction results are 
shown in Tables 8 and 9, where the worst-case error of 5.3% was based on five training files and 
the 4.5% error was based on six training files.  It can be seen that the prediction becomes more 
accurate when using the AE data from the later part of fatigue life. 
 

Table 7. Third quarter BPNN parameters. 
 

BPNN Parameter Train on Five Train on Six 
Hidden Layer Neurons 3 3 

Hidden Layer Learning Coefficient 0.8 0.5 
Output Layer Learning Coefficient 0.05 0.05 

Transition Point 90 85 
Learning Coefficient Ratio 0.5 0.2 

Learning Rule Norm-Cum-Delta Norm-Cum-Delta 
Transfer Function TanH TanH 

 
Table 8. Third quarter prediction results (five training files). 

 

Specimen Experimental Fatigue Life Predicted Fatigue Life % Error 
Beam 10 19,188 19,568 2.0 
Beam 11 13,573 13,876 2.2 
Beam 12 15,833 16,667 5.3 
Beam 13 15,710 16,195 3.1 
Beam 14 16,084 16,249 1.0 

 
BPNN Prediction Based on Semi-Random Time Interval AE Data 
In order to simulate the prediction capability of a BPNN in actual field testing, another network 
was constructed using AE data that were selected semi-randomly but after initiation of the fa-
tigue crack.  AE data intervals used were all from the early part of the cyclic lives, as shown in 
Fig. 7, and they did not have the same start times or lengths.  
 

Table 9. Third quarter prediction results (six training files). 
 

Specimen Experimental Fatigue Life Predicted Fatigue Life % Error 
Beam 10 19,188 19,550 1.9 
Beam 12 15,833 16,485 4.1 
Beam 13 15,710 16,419 4.5 
Beam 14 16,084 16,362 1.7 
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Fig. 9. Graphical illustration of semi-arbitrary AE data used for training and testing [3]. 
 
The network was trained on five beams and tested on the other five. The BPNN parameters 

are shown in Table 10 with the prediction results in Table 11.  The worst-case prediction error 
for this network was 5.1%, which suggests the viability of BPNN in an actual structural health-
monitoring scenario. 
 

Table 10. BPNN parameters for semi-random time interval AE data. 
 

BPNN Parameter Train on Five 
Hidden Layer Neurons 3 

Hidden Layer Learning Coefficient 0.35 
Output Layer Learning Coefficient 0.01 

Transition Point 800 
Learning Coefficient Ratio 0.5 

Learning Rule Norm-Cum-Delta 
Transfer Function TanH 

 
Table 11. Prediction results for semi-random time interval AE data (five training files) 

 

Specimen Experimental Fatigue Life Predicted Fatigue Life % Error 
Beam 10 19,188 19,016 -0.9 
Beam 11 13,573 14,163 4.3 
Beam 12 15,833 16,286 2.9 
Beam 13 15,710 16,506 5.1 
Beam 14 16,084 16,611 3.3 

 
Conclusions 
 

First, it was seen that the more training data files (beams), the more accurate the BPNN were 
in predicting fatigue lives.  The fatigue life predictions based on the third quarter of fatigue life 
AE data had worst-case prediction errors within ±5%.  This is good in that AE testing during the 
third quarter is preferable for structural health monitoring (SHM) of bridges, in that fatigue 
cracks are typically observed as the structure approaches the later part of its useful life.  Second, 
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the predictions based on AE data of semi-random time intervals (after fatigue crack initiation) 
were performed to simulate the actual testing scenario, i.e., AE fatigue crack SHM subsequent to 
a fatigue crack being observed.  Here, using five beams for BPNN training and five beams for 
testing (predicting), the worst-case error was found to be 5.1%.  Thus, it can be concluded that 
BPNNs trained on AE amplitude histogram data from either the third quarter of the fatigue life or 
at semi-random time intervals after crack initiation can predict fatigue lives in bridge steel I-
beams with worst-case errors of approximately 5% or less by training on the data from at least 
six beams.   
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