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Abstract

An artificial neural network (ANN) model has been trained in this study with the results of ILLI-SLAB finite element program and used as an analysis design tool for predicting stresses in jointed concrete airfield pavements. In addition to various load locations (slab interior, corners and/or edges) and joint load transfer efficiencies, a wide range of realistic airfield slab thicknesses and subgrade supports were considered in training of the ANN model. Under identical dual wheel type loading conditions, the trained ANN model produces stresses within an average of 0.38 percent of those obtained from finite element analyses. The trained ANN model has been found to be very effective for correctly predicting ILLI-SLAB stresses, practically in the blink of an eye, with no requirements of complicated finite element inputs.  The ANN model is currently being expanded to handle several other aircraft gear configurations and multiple wheel loading conditions. Design curves created from these neural network models will eventually enable pavement engineers to easily incorporate current sophisticated state-of-the-art technology into routine practical design.
Introduction 


Airfield pavement design is a decision making process which uses pertinent information available to make required judgments.  One of the tools used in the design process is analysis of the pavement system.  To be of value, it may be necessary to make many analyses of several pavement systems with different gear configurations, loading conditions, and subgrade support values.  With the more complicated models, such as the finite element models (FEM), this may require considerable time on the part of the designer.  Furthermore, many consulting firms and designers do not have the necessary background and/or computational tools needed to make many of the required analyses.  This paper specifically focuses on the analyses of Portland cement concrete (PCC) airfield pavements using a range of conditions to generate artificial neural network (ANN) models, which could be used by designers in making the desired analyses and design decisions.


Many mathematical models commonly used in the mechanistic-based design of pavement systems employ Elastic Layered programs (ELPs) (Asphalt Institute, 1982; FAA-AC, 1995).  ELPs assume that the pavement layers extend infinitely far in the horizontal directions.  Although ELPs generally perform well in the analysis of pavements without discontinuities (asphalt pavements), they are unsatisfactory in jointed concrete pavement design. This is due to the conflict between finite slab size with varying levels of load transfer across joints and the assumption of an infinite, semi-elastic halfspace concept used in the ELPs.  Pavement engineers and designers need to be provided with more accurate FEM solutions for the analysis of rigid pavements.  The necessary background that is required to generate these solutions would be considerably reduced if the complexity of the FEM program inputs and outputs were minimized.


Artificial neural networks (ANNs) are valuable computational tools that are increasingly being used to solve resource-intensive complex problems as an alternative to using more traditional techniques, such as the finite element method.  In a recent application, ANNs were successfully used to develop algorithms to predict jointed concrete pavement responses for various load locations on the slab and load transfer efficiencies of the joints (Haussmann et al., 1997).  An ANN model was trained in this study with concrete slab stresses obtained from the finite element program, ILLI-SLAB, under dual wheel loading conditions (Tabatabaie and Barenberg, 1978 and 1980). 


This paper primarily focuses on the development and the excellent performance of a comprehensive ANN model to handle a number of different concrete slab input conditions.  In addition to various load locations (slab interior, corners and/or edges) and joint load transfer efficiencies, a wide range of realistic airfield slab thicknesses and subgrade supports have been considered.  More than 63,000 ILLI-SLAB analysis runs have provided the design parameters and the pavement responses as inputs for training the ANN model.  Emphasis was given mainly to the dual wheel aircraft gear configuration.  The trained ANN model gave maximum bending stresses within an average error of 0.38 percent of those obtained from ILLI-SLAB analyses.

Rigid Pavement Theory and the ILLI-SLAB FEM Program


Jointed slab analysis was performed using a finite element program referred to in the literature as ILLI-SLAB (Tabatabaie-Raissi, 1977; Tabatabaie and Barenberg, 1978 and 1980).  This program was developed at the University of Illinois in the late 1970's for the structural analysis of jointed concrete slabs consisting of one or two layers, with either a smooth interface or complete bonding between layers.  The ILLI-SLAB model is based on the classical theory for a medium-thick elastic plate resting on a Winkler foundation, and can be used to evaluate the structural response of pavement systems with arbitrary crack/joint locations, any slab size, and any arbitrary loading combinations (Timoshenko and Woinowsky-Krieger, 1959).  Load transfer across joints/cracks can be provided by aggregate interlock or dowels or combinations of the two.  The model employs the 4-noded, 12-dof rectangular plate bending elements (ACM or RPB 12).  Assumptions regarding the slab, base layer, overlay, subgrade, dowel bar, and aggregate interlock can be briefly summarized as follows:  


(i) Small deformation theory of an elastic, homogeneous medium-thick plate is employed for the slab, base, and overlay.  Such a plate is assumed to be thick enough to carry transverse load by slab flexure rather than by in-plane forces, yet is not so thick that transverse shear deformation becomes important.  For this development the Kirchhoff theory is assumed in which lines normal to the middle surface in the undeformed plate remain straight, unstretched and normal to the middle surface of the deformed plate; each lamina parallel to the middle surface is in a state of plane stress; and no axial or in-plane shear stress develops due to loading;  


(ii) The subgrade behaves as a Winkler foundation;


(iii) In the case of a bonded base or overlay, full strain compatibility exists at the interface; or for the unbonded case, shear stresses at the interface are nil;


(iv) Dowel bars at joints are linearly elastic, and are located at the neutral axis of the slab;


(v) When aggregate interlock is used for load transfer, load is transferred from one slab to an adjacent slab by shear.  However, with dowel bars, some moment as well as shear may be transferred across the joints.

This model has been extensively tested by comparison of results with available theoretical solutions and results from experimental studies (Tabatabaie et al., 1979; Tabatabaie and Barenberg, 1980; and Thompson et al., 1983).
Backpropagation Artificial Neural Networks


A backpropagation type artificial neural network model was trained in this study with the results of ILLI-SLAB finite element program and used as an analysis design tool for predicting stresses in jointed concrete airfield pavements. Backpropagation ANNs are very powerful and versatile networks that can be “taught” a mapping from one data space to another using examples of the mapping to be learned. The term “backpropagation network” actually refers to a multi-layered, feed-forward neural network trained using an error-backpropagation algorithm (Werbos, 1974; Parker, 1985; Rumelhart et al., 1986; and Hecht-Nielsen, 1990).  


As with many ANNs, the connection weights in the backpropagation ANNs are initially selected at random.  Inputs from the mapping examples are propagated forward through each layer of the network to emerge as outputs. The errors between those outputs and the correct answers are then propagated backwards through the network and the connection weights are individually adjusted so as to reduce the error.  After many examples have been propagated through the network many times, the mapping function is “learned” to within some error tolerance.  This is called supervised learning because the network has to be shown the correct answers in order for it to learn.  Backpropagation networks excel at data modeling with their superior function approximation capabilities.

ILLI-SLAB Analyses of Concrete Slabs


Concrete airfield pavements were represented in this study by a four-slab assembly, each slab having dimensions 7.62 m x 7.62 m (25 ft x 25 ft).  Figure 1 depicts the geometry and analysis conditions of the pavement sections such as the constant slab size (L), standard dual wheel loading applied only on one quadrant of the lower-left slab, and the standard finite element mesh used.  The Young’s modulus and the Poisson’s ratio for the concrete slabs were set at 27,560 MPa (4,000 ksi) and 0.15, respectively.  A total of 63,504 ILLI-SLAB analysis runs were conducted with the four-slab assembly by varying a number of design parameters used to generate a neural network training database. Various loading locations (slab interior, corners and/or edges) and joint load transfer efficiencies (LTEs) chosen along x- and y- directions are tabulated in Table 1.  LTEs were realistically varied from 25% to 90%.  Also given in Table 1 are the representative values of the slab thicknesses (t) and moduli of subgrade reaction (k) considered in the ILLI-SLAB finite element analyses for a total of six input design parameters. 


The standard dual wheel loading on the pavement sections consisted of a 175.1 kN (39,375 lb) wheel load approximated as a uniform pressure of 1,206 kPa (175 psi) applied over two square areas of 0.145 m2 (1.56 ft2) each (see Figure 1).  These areas were placed at a spacing of 1333.5-mm (52.5-in.), which was deliberately chosen to be different than any aircraft wheel spacing, since the primary motivation in this study was to demonstrate a new analysis technique rather than presenting results for a specific aircraft.  The position of the dual wheel load was varied among nine different locations along each of the x- and y-directions (a total of 81 points with load center coordinates x/L and y/L, L = 7.62 m, 25 ft) in the lower-left pavement slab (see Table 1).  The nine locations chosen in both x- and y-axes were determined according to the results of an extensive study, which investigated the effects of load location on the trained ANN model accuracy. Applying symmetry along both x- and y-directions, these locations effectively covered a representative area for all possible dual wheel-loading positions on the four-slab assembly. 


To maintain the same level of accuracy in the results as obtained from all analyses; a standard ILLI-SLAB finite element mesh was constructed for the lower-left, loaded slab.  This mesh consisted of 1600 elements with 41 nodes used in each direction (x- and y-) at a standard 190.5-mm (7.5-in.) spacing (see Figure 1).  This kind of mesh refinement was reported previously to give a high level of accuracy when predicted stresses due to single wheel loading were compared favorably with the analytical solutions (Korovesis, 1990). The location of the applied dual wheel loading on the mesh was also of primary importance to obtain the most accurate and consistent results for maximum slab stresses. Both the corners and the center point of each loaded square had to coincide at all times with the node points in the finite element mesh (see Figure 1). 


At the end of each analysis, the maximum bending stresses ((x-max and (y -max) due to the applied loading were calculated on the pavement section.  While the maximum bending stress in the x-direction varied from 186 kPa (27 psi) to 6,393 kPa (927 psi), the maximum bending stress in the y-direction changed only from 580 kPa (84 psi) to 3,631 kPa (527 psi).  The maximum stresses were generally predicted directly under the center of one wheel except for the edge loading condition of the slab in which case the maximum stresses were computed at the slab edges.  After each analysis was complete, the input variables for load location (x/L and y/L), slab thickness (t), modulus of subgrade reaction (k), and load transfer efficiencies (LTEs) were recorded along with the output maximum bending stresses.  Finally, a training database was formed of the 63,504 data sets comprising both the input variables and the output stresses as obtained from all analyses. 


An independent testing database would also be required during training to verify the prediction ability of the various ANN models.  For this purpose, 8,100 additional ILLI-SLAB runs were generated using new input parameters.  The new input values were selected completely different from, but also within the ranges of, those used previously for training of the ANN model (see Table 1).  Since ANNs learn relations and approximate functional mapping limited by the extent of the training data, the best use of the trained ANN models can be achieved in interpolation. The maximum bending stresses corresponding to the new independent testing data sets were then calculated using the ILLI-SLAB program and compared to the output stresses obtained from the ANN model.
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Neural Network Training and Validation


To train a backpropagation neural network with the results of the finite element analyses, a network architecture was required.  Six input variables (x/L, y/L, t, k, LTE-x, and LTE-y) were used in the network-input layer.  The two output variables were the maximum bending stresses ((x-max and (y-max) in the pavement section. Two hidden layer networks were chosen exclusively for the ANN models trained in this study.  Satisfactory results were obtained previously with these types of networks due to their ability to better facilitate the nonlinear functional mapping with the use of relatively fewer neurons (Haussmann et al., 1997).  


The backpropagation ANN program “Backprop” developed by Meier (1995) was used for the training process, which consisted of iteratively presenting training examples to the network.  Both the 63,504 training and the 8,100 independent testing data sets were first normalized between the values 0 and 1 since the neural network sigmoidal transfer function could only output results within that range (Rumelhart, 1986).  Each training “epoch” of the network consisted of one pass over the entire 63,504 data sets.  The 8,100 independent testing data sets were used to monitor the training progress for a total of 10,000 epochs, which was found to be sufficient for proper network training. The function mapping/approximation ability of the trained ANN model was verified for each of the maximum stresses with the low testing Mean Squared Error (MSE) as compared to the training MSE value.
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Ten two-hidden layer network architectures were trained for predicting the two maximum bending stresses with 6 input nodes and 2 output nodes.  Figure 2 compares the training and testing MSEs obtained at the end of 10,000 training epochs for each of the maximum x-stress ((x-max) and y-stress ((y-max).  Overall, the MSEs decreased as the networks grew in size with increasing number of neurons in the hidden layers.  The training MSEs for the maximum x-stress were initially higher in magnitude, however, the similar low error levels were achieved later from training of the larger networks.  The testing MSEs for the two stresses were in general lower than the training ones.  The error magnitudes for both training and testing matched closely when approached to the 6-18-18-2 network architecture (6 input, 18 and 18 hidden, and 2 output neurons, respectively).  The lowest training MSEs of approximately 2(10-6 (corresponding to a root mean squared error of 0.14%) were obtained with the 6-18-18-2 architecture for both the x- and y-stresses.  Networks larger than 18 neurons in the hidden layers, not shown in Figure 2, did not significantly improve the already very low error levels. 
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The 6-18-18-2 architecture was chosen as the best architecture for the ANN model based on its lowest training and independent testing MSEs.  Figure 3 shows the training and testing MSE progress curves for the 6-18-18-2 network.  Both training and testing curves for each of the maximum x-stress ((x-max) and the y-stress ((y-max) are approximately in the same order of magnitude thus depicting proper training.  The testing MSEs were in general slightly lower than the training ones possibly due to the 8,100 testing data sets being sampled away from those high stress concentration load locations.  In addition, the training MSE curves were smoother than the testing ones, displaying no error spikes at all.  The almost constant MSEs obtained for the last 2,000 epochs (see Figure 3) were also a good indication of adequate training for this network.
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Figures 4 and 5 compare the predicted maximum ANN stresses in x- and y-directions, respectively, with the finite element results. The average error for the maximum stress in the x-direction was ( 5.5 kPa (0.80 psi) [i.e., ( 0.36%], while the average error in the y-direction was ( 5.8 kPa (0.84 psi) [i.e., ( 0.38%].  These average errors were calculated as sum of the individual errors divided by 8,100.  The maximum individual error for the stress in x-direction was ( 40 kPa (5.8 psi) [i.e., ( 1.33%] for an actual stress magnitude of 2138 kPa (310.1 psi), while the maximum individual error for the stress in y-direction was ( 37 kPa (5.4 psi) [i.e., ( 1.86%] for an actual stress magnitude of 2818 kPa (408.6 psi).  Both of the maximum errors in predicted x- and y-stresses occurred at x/L = 0.075, y/L = 0.225, and t = 31.8 mm (12.5 in.), which actually correspond to the lowest testing input values for slab thickness and load location (see Table 1).  This was expected since the magnitudes of predicted stresses and the stress gradients increase considerably for thinner slabs and especially in the case of close-to-edge loading conditions, which was also observed by Haussmann et al. (1997).
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The 6-18-18-2 ANN model was deemed to have achieved its goal and performed excellent by literally enabling quick prediction of the ILLI-SLAB stresses on the standard concrete slab under a dual wheel load.  As mentioned before, the results from the ILLI-SLAB model have been extensively tested by comparison of results with available theoretical solutions and experimental studies (Tabatabaie and Barenberg, 1978 and 1980).  Therefore, the feasibility of using an ANN model as a toolbox for facilitating the results of finite element analyses on various loading conditions appear to be very promising and are currently being pursued within the scope of this study.


The most important benefit of the ANN model is that it does not require any complicated and time-consuming finite element input file preparation for routine design applications. Also, it provides a considerable reduction in the calculation time needed for each analysis. The actual ILLI-SLAB computation time for each analysis in this study took approximately 25 seconds on a PC computer with a 200 MHz Pentium Processor.  In contrast, the ANN model requires no complicated input file construction once the network is trained, even old model, low-end computers can be used to predict the stresses practically in the blink of an eye, and finally, there is no need for an extra step to obtain the output stresses, i.e., the post-processing of the output file.  For a large number of analyses to be performed, the time saved using the ANN model can be invaluable to the pavement engineer.
Sensitivity Analyses of the ANN Model Prediction 


The training input variables, i.e., the load coordinates on the slab (x/L and y/L), slab thickness (t), the modulus of subgrade reaction (k), and the load transfer efficiencies (LTE-x and LTE-y) had to be extensively studied and researched for obtaining the shown excellent performance from the ANN models.  The best performing 6-18-18-2 ANN model then supposedly captured within its network connections the functional relations between those critical inputs (x/L, y/L, t, k, and LTEs) and the predicted output stresses.  How effective were those selected input values for improving the training and function approximation is investigated in this section by further testing the prediction capabilities of the 6-18-18-2 network with different input queries.


In the first analysis, sensitivity of the ANN predicted maximum stresses to load location was studied by varying individually each of the load coordinates x/L

and y/L.  The slab thickness, the modulus of subgrade reaction and load transfer efficiencies were held constant at 457.2 mm (18 in.), 27.1 MPa/m (100 psi/in.) and 50%, respectively.  Figure 6 shows the variations of the predicted stresses ((x-max and (y-max) with load location when (1) x/L = 0.025 was kept constant and y/L values were queried for 0.135, 0.187, 0.262, 0.31, 0.41, and 0.475; and (2) y/L = 0.5 was kept constant and x/L values were queried for 0.04, 0.09, 0.014, 0.185, 0.325, and 0.425.  In addition, also shown in Figure 6 are the stresses predicted under the slab at those 9 training and 6 testing load locations for x/L (or y/L), which were used in the previous section for training and testing of the ANN model (see Table 1). The load locations selected, therefore, corresponded to a complete range of values along each of the x- and y-directions that analyzed in detail both the critical interior and near edge slab loading conditions.


When y/L = 0.5 was kept constant and x/L was varied from 0.025 to 0.5, maximum x-stress increased in a piecewise continuous functional form whereas the maximum y-stress smoothly decreased.  On the other hand, the opposite occurred when x/L = 0.025 was kept constant and y/L was varied from 0.025 to 0.5, i.e., the x-stress decreased first and remained almost constant whereas the y-stress continuously increased.  In agreement with the slab theory, the maximum stresses in the pavement are shown in Figure 6 to decrease as the load moves towards the center (interior) of the slab.  As the load coordinate x/L or y/L increases from 0.025 (edge) to 0.5 (center), the maximum stresses predicted smoothly change in a piecewise continuous functional form. This suggests that the ANN model then sufficiently generalized the load location input parameters used in the training data.
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In the second analysis, the effects of increasing slab thickness on the predicted maximum stresses were investigated.  The coordinates of the load location (x/L, y/L), the modulus of subgrade reaction (k), and load transfer efficiencies (LTEs) were held constant at (0.025, 0.5), 27.1 MPa/m (100 psi/in.), and 50%, respectively. To further validate the prediction ability of the ANN model, six new queries were made for the following additional slab thicknesses: 311.2 mm (12.25 in.), 336.6 mm (13.25 in.), 365.8 mm (14.4 in.), 431.8 mm (17.0 in.), 501.7 mm (19.75 in.), and 584.2 mm (23.0 in.).  Figure 7 shows the variations of the predicted maximum x- and y-stresses for slab thicknesses 304.8 mm (12.0 in.) to 609.6 mm (24.0 in.).  Again, the thicknesses used for training and testing of the ANN model were also plotted in Figure 7 together with new 6 query results.  Due to the selected load location (x/L = 0.025 and y/L = 0.5) and the orientation of the dual wheel loading, the predicted maximum y-stresses are much larger than the x-stresses.  Nevertheless, there is a significant amount of reduction (almost threefold) for both the x- and y-stresses with increasing slab thickness.
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Thirdly, the effects of increasing modulus of subgrade reaction (k) on the predicted maximum stresses were studied for k-values varying from 13.6 MPa/m (50 psi/in.) to 135.7 MPa/m (500 psi/in.).  This time, the coordinates of the load location (x/L, y/L), the slab thickness (t), and the load transfer efficiencies (LTE-x, LTE-y) were held constant at (0.025, 0.5), 457.2 mm (18 in.), and 50%, respectively.  Five additional k-values, 15.0 MPa/m (55 psi/in.), 20.4 MPa/m (75 psi/in.), 29.8 MPa/m (110 psi/in.), 50.2 MPa/m (185 psi/in.) and 104.5 MPa/m (385 psi/in.), were selected as new queries and used in the sensitivity study. The analysis results for the predicted maximum stresses are plotted in Figure 8. While the y-stresses tend to decrease significantly with increasing subgrade support k-values, for all practical purposes, the x-stresses remain constant and are not affected by changing subgrade stiffnesses.  Once again, the predicted stresses for the new 5 k-values exactly fell on the piecewise smooth curve obtained by the trained ANN model.
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Finally, the effects of load transfer efficiencies (LTEs) on the predicted maximum bending stresses were analyzed by varying LTE values from 25% to 90% for two load locations A and B (see Figure 9).  For this analysis, slab thickness (t), and modulus of subgrade reaction (k) were held constant at 304.8 mm (12 in.), and 13.6 Mpa/m (50 psi/in), respectively.  Figure 9 shows the variations of the predicted stresses ((x-max and (y-max) with load transfer efficiencies when: (1) LTE-x = 25% was kept constant and LTE-y values were queried for 30%, 45%, 60%, and 80%; and (2) LTE-y = 25% was kept constant and LTE-x values were queried for 28%, 45%, 67.5%, and 82.5%.  Similar to previous illustrations, the bending stresses predicted from training and testing of the ANN model are also shown in Figure 9 together with the new query results.  As can be seen in Figure 9, when LTE-x = 25% is kept constant and LTE-y is  varied from 25% to 90%, maximum y-stresses increase in a piecewise continuous functional form whereas the maximum x-stresses smoothly decrease. On the other hand, the opposite occurs when LTE-y = 25% is kept constant and LTE-x is varied from 25% to 90%, i.e., maximum x-stresses increase in a piecewise continuous functional form whereas the maximum y-stresses smoothly decrease.
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The 6-18-18-2 ANN model, therefore, successfully interpolates the predicted results for the various training input variables, i.e., the load coordinates on the slab (x/L and y/L), slab thickness (t), the modulus of subgrade reaction (k), and load transfer efficiencies (LTEs).  Without constrained by an a priori assumption as to the functional form of the relationships, the trained ANN model has captured the nonlinear relations between the maximum x- and y-stresses and the critical input variables.  The prediction capability of the network appeared to be accurate as noted by the excellent match of the validation stresses on the piecewise smooth functional relations indicated in Figures 6, 7, 8, and 9.


It is suggested that the final design always be checked using the basic analysis models.  Design curves created from ANN models, such as the 6-18-18-2 model presented herein for the dual wheel loading, will enable pavement engineers to easily incorporate the Best Demonstrated Available Technology (BDAT) into routine practical design processes.  The trained ANN models basically run in the blink of an eye as compared to the FEM programs and also require much less sophisticated computers.  These models will allow the designers in the average consulting office to use more sophisticated tools without having to acquire a vast body of knowledge or extensive equipment for the sophisticated analyses.

Conclusions

1.
In jointed concrete airfield pavements, maximum bending stresses calculated under the wheel load vary considerably depending on the load location on the slab, the joint load transfer efficiencies, the slab thickness, and the subgrade support. The potential use of artificial neural networks (ANNs) as concrete pavement analysis design tools has been investigated in this paper.

2.
An ANN model was successfully trained with the results of more than 63,000 ILLI-SLAB finite element analysis runs performed on a four-slab airfield pavement system. Under a standard dual wheel type loading, the ANN model predicted maximum stresses with average errors less than 0.38% when compared to those computed by the ILLI-SLAB.

3.
The prediction capability of the ANN model appeared to be accurate when the predicted maximum stresses for various load locations, slab thicknesses, and subgrade supports matched exactly on the piecewise continuous functional relations obtained from training of the model. 
4.
The use of the ANN model resulted in both a reduction in computation time and a simplification of input and output requirements over the finite element program.  The application of an artificial neural network model to predict the results of finite element analyses, therefore, proved to be very promising.

5.  
Current research has focused on the expansion of the ANN model to handle several other aircraft gear configurations and multiple wheel loading conditions.  Design curves created from these ANN algorithms will eventually enable pavement engineers to easily incorporate current sophisticated state-of-the-art technology into routine practical design.
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