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ABSTRACT

This study focuses on the development and performance of a comprehensive artificial neural network (ANN) model for the analysis of jointed concrete slabs under simultaneous aircraft and temperature loading.  Using the results from the ILLI-SLAB finite element program, a comprehensive artificial neural network model was trained for the different loading conditions of gear load only, temperature load only, and simultaneous aircraft and temperature loading cases.  Special consideration has been given to the loading of a typical jointed slab assembly under the tri-tandem type gear of the Boeing 777 aircraft.  In addition to various slab load locations (interior, corners, and two mid-span slab edges) and joint load transfer efficiencies, a wide range of realistic airfield slab thicknesses and subgrade supports have been considered as ANN input conditions.  Comparing the ANN predictions to the ILLI-SLAB solutions validated the performance of the ANN model.  The trained ANN model gave maximum bending stresses and maximum vertical deflections within an average absolute error of 1.4 percent of those obtained directly from ILLI-SLAB analyses.  The typical ANN prediction time is about 0.3 million times faster than the average ILLI-SLAB finite element solution.  The use of an ANN-based design tool is deemed to be very effective for studying hundreds or thousands of “what if” scenarios for including the temperature effects in pavement design.  A sample design is presented to illustrate how such an ANN-based design methodology can easily be applied in the pavement design process.
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INTRODUCTION
Today’s large aircraft with complex loading patterns, such as the six-wheel tri-tandem Boeing 777 gear loading, require detailed analysis in airport pavement design (FAA-AC, 1995).  The LEDFAA design approach currently used by the Federal Aviation Administration (FAA) employs an elastic layered program (ELP) for the analysis of rigid airfield pavements.  Joints within a Portland Cement Concrete (PCC) pavement naturally conflict with the assumption of an infinite, semi-elastic halfspace concept utilized in ELPs.  In addition, ELPs cannot be used to solve for the effects of varying climatic conditions, e.g., slab curling and warping.  These restrictions further necessitate the use of finite element models for a more sophisticated pavement analysis and an improved airfield pavement design.

The ILLI-SLAB (Tabatabaie, 1977; and Tabatabaie and Barenberg, 1978 and 1980) program was chosen in this study because of its ability to analyze the jointed concrete pavements.  Developed at the University of Illinois, ILLI-SLAB is a public domain finite element (FE) program that has been extensively tested and validated over the years by comparing its predictions with available theoretical solutions and results from experimental studies.  ILLI-SLAB was used as the primary analysis tool to solve for the critical pavement responses, i.e., the slab bending stresses and deflections, under the following three loading conditions: (1) B-777 gear loading, (2) varying levels of slab temperature gradient loading, and finally, (3) simultaneous aircraft and temperature loading.

The airfield pavement analysis approach adopted in this study incorporates the results of the ILLI-SLAB program into a knowledge-based artificial intelligence analysis tool, which will be referred to herein as an artificial neural network (ANN) model.  As an alternative to direct use of more traditional techniques, such as the finite element method, ANNs are valuable computational tools that are increasingly being used to provide results from resource-intensive, complex function approximation problems.  In recent successful applications, ANNs were introduced for the analysis of jointed concrete pavement responses under a dual-wheel and a tri-tandem type B-777 aircraft gear loading (Ceylan, et al., 1998 and 2000).  An ANN model was trained with the results of the ILLI-SLAB FE solutions.  In this way, pavement engineers could easily incorporate current sophisticated finite element methodology into routine practical design.

This paper mainly focuses on the development and performance of a comprehensive ANN model for the analysis of jointed concrete slabs under: (1) B-777 aircraft gear loading, (2) temperature gradient loading, and (3) simultaneous aircraft and temperature loading.  Because the new B-777 gear is currently one of the most complex gear configurations, special consideration was given to loading a jointed slab assembly under the tri-tandem B-777 aircraft gear.  For training the ANN model, a total of 5,616 ILLI-SLAB analyses were used to generate the pavement responses as inputs.  When compared to the actual ILLI-SLAB analyses, the trained ANN model successfully predicted the maximum bending stresses and maximum vertical deflections almost instantly (2,700 analyses per second).  Most importantly, using the ANN model, the magnitudes of gear loading and temperature loading (curling) stresses could be individually predicted to contribute to the total maximum bending stress.  A sample pavement design is presented to demonstrate the ability of the ANN model to study various “what if” scenarios.  Potential benefits of using an ANN-based design methodology in concrete pavement design are discussed.  

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, 1977; and Tabatabaie and Barenberg, 1978 and 1980).  This program was developed at the University of Illinois in the late 1970s for the structural analysis of jointed concrete slabs consisting of one or two layers, with either a smooth interface or complete bonding between layers subjected to wheel and temperature loadings.  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).
BACK-PROPAGATION ARTIFICIAL NEURAL NETWORKS
A back-propagation type artificial neural network model was trained in this study with the results from the ILLI-SLAB finite element program and was used as an analysis design tool for predicting stresses and deflections in jointed concrete airfield pavements. Back-propagation 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 “back-propagation network” actually refers to a multi-layered, feed-forward neural network trained using an error back-propagation algorithm.  The learning process performed by this algorithm is called “back-propagation learning” which is mainly an “error minimization technique” (Haykin, 1999; Hecht-Nielsen, 1990; Parker, 1985; Rumelhart, et al., 1986; and Werbos, 1974).
As with many ANNs, the connection weights in the back-propagation 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 to reduce the error.  After many examples (training patterns) have been propagated through the network many times, the mapping function is learned with some specified error tolerance.  This is called supervised learning because the network has to be shown the correct answers for it to learn.  Back-propagation networks excel at data modeling with their superior function approximation capabilities (Haykin, 1999; and Meier and Tutumluer, 1998).

ILLI-SLAB ANALYSIS OF CONCRETE SLABS
Concrete airfield pavements were represented in this study by a four-slab assembly, each slab having dimensions of 7.62 m by 7.62 m (25 ft by 25 ft).  Figure 1 depicts the geometry and analysis conditions of the pavement sections such as the constant slab size (L), standard tri-tandem B-777 loading applied only on one quadrant of the lower-left slab, and the standard finite element mesh used.  The elasticity 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 5,616 ILLI-SLAB analyses were conducted with the four-slab assembly by varying a number of design parameters used to generate a neural network training data file. 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 varied from 0% to 90%.  The representative/realistic variations of field values of the slab thickness (h), moduli of subgrade reaction (k), and the linear temperature gradient (tg) considered in the ILLI-SLAB finite element analyses for a total of seven input design parameters are also given in Table 1.

The standard tri-tandem gear loading consisted of a 209.2 kN (47,025 lb) wheel load approximated by a uniform pressure of 1,448 kPa (210 psi) applied over six rectangular areas of 0.145 m2 (1.56 ft2) each (see Figure 1).  These areas were placed at two axle spacings of 1,448-mm (57.0-in.) and a dual spacing of 1397-mm (55.0-in.), which is the geometry of the Boeing 777 aircraft’s main gear (see Figure 1).  The position of the tri-tandem gear loading was varied among four different slab locations (interior, two mid-span slab edges, and the corner) in the lower-left slab (see Table 1 and Figure 1).

To maintain the same level of accuracy in the results from all analyses, a standard ILLI-SLAB finite element mesh was constructed for the lower left loaded slab.  This mesh consisted of 1,554 elements with 38 nodes used in the x-direction at a standard spacing of 206.8-mm (8.15-in.) and 43 nodes used in the y-direction at a standard spacing of 174.6-mm (6.875-in.) (see Figure 1).  This mesh was reported previously to give a high level of accuracy when predicted stresses due to a single wheel loading were compared with the analytical solution (Korovesis, 1990).  The location of the B-777 gear loading on the mesh was also of primary importance to obtain accurate and consistent results for maximum slab stresses and deflections.  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).


The ILLI-SLAB analyses were performed in the following manner.  For each ILLI-SLAB run, the input variables for load location (x and y coordinates), slab thickness (h), modulus of subgrade reaction (k), load transfer efficiencies (LTEs), and the linear temperature gradient (tg) were recorded along with the outputs (i.e., critical bending stresses and critical vertical deflections).  First, analyses with gear loading and temperature loading cases were carried out separately.  For this purpose, a total of seven realistic through-the-slab-thickness linear temperature gradients between –65.6 (C/m (-3.0 (F/in.) and +65.6 (C/m (+3.0 (F/in.) were considered at 21.9 (C/m (1.0 (F/in.) increments (see Table 1).  Only Westergaard loading locations (slab interior, corner, and two mid-span slab edges) were considered in the analyses since most of the critical pavement responses occur at these load locations.  Slab thicknesses were kept between 305 mm (12 in.) and 610 mm (24 in.) considering that most design thicknesses would be in this range.  In a similar way, the moduli of the subgrade reaction were kept between the realistic range of 27 MPa/m (100 psi/in.) and 136 MPa/m (500 psi/in.).  Because load transfer efficiency values change throughout the year depending on the joint openings caused by the expansion and contraction of the slabs under different climatic/temperature conditions, the LTEs were varied between 0 % and 90 %.  Such correlations between LTEs and the air/pavement temperature values were studied by Foxworthy (1985) and Kapiri et al. (2000) using the Falling Weight Deflectometer (FWD) results.

A total of 5,616 ILLI-SLAB analyses were conducted to represent a complete factorial of all the input values.  2,592 of these analyses correspond to the temperature gradient loading.  Another 2,592 of ILLI-SLAB analyses were for the simultaneous aircraft and temperature gradient loading, and the remaining 432 runs were made to study the effects of B-777 gear loading.  After all the analyses were completed, an ILLI-SLAB data file was formed comprising of the seven input design parameters and four outputs, two critical vertical deflections ((D-max and (U-max) and two critical bending stresses ((x-max and (y-max).

Evaluation of the ILI-SLAB analyses showed that the (y-max under the B-777 gear loading varied from 172 kPa (25 psi) to 6,930 kPa (1,005 psi), while the (x-max changed from 483 kPa (70 psi) to 6,220 kPa (902 psi).  The critical downward deflections, ((D-max), ranged from 0.5 mm (0.02 in.) to 10.2 mm (0.4 in.), while the critical upward deflection, ((U-max) was -1.0 mm (-0.04 in.).  Table 2 lists the critical pavement responses computed for: (1) aircraft loading only, (2) temperature loading only, and (3) simultaneous aircraft gear and temperature gradient loading.  The critical downward deflections increased from 10.2 mm (0.40 in.) for the gear loading only to 12.4 mm (0.49 in.) for the simultaneous loading case.  Table 2 also lists for each critical pavement response the corresponding input parameters (load location, slab thickness, modulus of subgrade reaction, load transfer efficiencies, and the applied temperature gradient).  Likewise, the maximum upward deflection increased from -6.6 mm (-0.26 in.) to -12.4 mm (-0.49 in.) for the simultaneous gear and temperature loading case.  (x-max increased from 6,220 kPa (902 psi) to 8,530 kPa (1,237 psi) when a through-the-slab-thickness linear temperature gradient of +65.6 (C/m (+3 (F/in.) was applied.  In a similar way, (y-max increased from 6,930 kPa (1,005 psi) for the gear loading only case to 9,136 kPa (1,325 psi) for the simultaneous aircraft and temperature loading case.  Therefore, the magnitudes of gear loading and temperature loading stresses could be individually obtained from ILLI-SLAB analyses to contribute to the total maximum bending stress due to the simultaneous loading.  The critical stresses for the load only and the simultaneous loading cases generally occurred directly under one of the wheels except for the mid-span edge loading condition in which case the maximum stresses were found at the slab edges.

NEURAL NETWORK DESIGN, TRAINING, AND VALIDATION
To train a back-propagation type neural network with the results of the ILLI-SLAB finite element analyses, a network architecture was required.  Seven input variables (x, y, h, k, LTEx, LTEy, and tg) constituted the network input layer.  The four output variables for each loading case were the critical x- and y- bending stresses ((x-max and (y-max) and the critical downward and upward vertical deflections ((D-max and (U-max).  An ANN training data file was formed comprised of 3,024 rows and 19 columns with seven input parameters and twelve output responses (see Tables 1 and 2).  This was done by carefully recording the four critical pavement responses for the three loading cases.  A network with two hidden layers was exclusively chosen for the ANN models trained in this study.  Satisfactory results were obtained in the previous studies with these types of networks due to their ability to better facilitate the nonlinear functional mapping (Ceylan, et. al., 1998 and 2000).
To train the ANN models, first the entire training data file was randomly shuffled and divided into training and testing data sets.  About 90 % of the data, 2,724 patterns, was used to train different network architectures where remaining 300 patterns were used for testing to verify the prediction ability of each trained ANN model.  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 back-propagation ANN program “Backprop 3.5” developed by Meier (1995) was used for the training process, which consisted of iteratively presenting training examples to the network.  The neural network sigmoidal transfer function could only output results within the range of 0 and 1 (Rumelhart, et al., 1986).  Haykin (1999) suggested that offsetting the target values away from the limits of the sigmoidal activation function increases the learning process.  Both the 2,724 training and the 300 independent testing data sets, therefore, were normalized between the values of 0.1 and 0.9.  Each training epoch of the network consisted of one pass over the entire 2,724 training data sets.  The 300 testing data sets were used to monitor the training progress for a total of 10,000 learning cycles (epochs), which was found to be sufficient for proper network training (see Figure 3b).  The function mapping/approximation ability of the trained ANN model was verified for each of the critical stresses and deflections with the low testing and training Mean Squared Error (MSE) values.

Six network architectures with two hidden layers were trained for predicting the critical pavement responses with 7 input nodes and 12 output nodes.  Figure 3a presents the training and testing MSEs of the 12 output responses obtained for each network architecture at the end of 10,000 training epochs.  Overall, the MSEs decreased as the networks grew in size with increasing number of neurons in the hidden layers.  The testing MSEs for the two stresses and deflections were, in general, slightly lower than the training ones.  The error levels for both training and testing sets matched closely when the number of hidden nodes approached 60 in the 7-60-60-12 architecture (7 input, 60 and 60 hidden, and 12 output nodes, respectively).  The lowest training MSEs in the order of 5(10-7 (corresponding to a root mean squared error of 0.071 %) were obtained with the 7-60-60-12 architecture for both the maximum deflections and stresses.

The 7-60-60-12 architecture was chosen as the best architecture for the ANN model based on its lowest training and testing MSEs.  Figure 3b shows the training and testing MSE progress curves for the 7-60-60-12 network.  Both the training and testing curves for each of the twelve outputs are in the same order of magnitude thus depicting proper training.  The almost constant MSEs obtained for the last 5,000 epochs (see Figure 3b) also provided a good indication of adequate training for this network.
Figure 4 depicts the prediction ability of the 7-60-60-12 network at 10,000 learning cycles for the case of B-777 gear loading only.  Average absolute errors (AAEs) were calculated as sum of the individual absolute errors divided by the 300 testing patterns.  The AAE for the critical downward deflections was 1.0 % while the AAE for upward deflections was 3.9 %.  The AAEs for the critical bending stresses in the x- and y-directions were 0.9 %, and 1.0 %, respectively.  As shown in Figure 4, all 300 ANN predictions fell right on the line of equality for the four pavement responses thus indicating a proper training and excellent performance of the ANN-model.

Figure 5 shows a comparison of the predicted ANN model responses to the ILLI-SLAB solutions for the temperature loading case.  The AAEs for the maximum vertical deflections were in the order of 0.6 % to 0.8 % while the AAEs for the maximum bending stresses were approximately 1.0 %.  Such very low AAEs are again indicators of the superior function approximation ability of the trained ANN model.

Figure 6 shows the prediction ability of the 7-60-60-12 network at 10,000 learning cycles for the most important simultaneous aircraft and temperature gradient loading case.  Similar to the previous training results, the predicted critical ANN responses and the IILI-SLAB finite element results are in very good agreement.  The AAEs for the critical deflections were 2.1 % for downward and 1.9 % for upward while the AAEs for the critical stresses were 1.3 % in the x-direction and 1.6 % in the y-direction.  All 300 testing data points fell on the line of equality.

Analysis of slabs under the simultaneous aircraft and climatic loading is a complicated task.  As noted in Figures 4, 5, and 6, the prediction ability of the trained ANN model is very good even for the most complex simultaneous loading condition.  Only the seven input design variables are entered and the trained ANN model accurately predicts the 4 critical pavement responses in less than a millisecond for all the loading cases: (1) gear only, (2) temperature only, and (3) simultaneous aircraft gear and temperature.  An overall AAE value of about 1.4 % was computed for all the twelve pavement responses.  

Note that the principle of superposition is not valid for adding the critical pavement responses (either deflections or stresses) obtained under the aircraft loading only (Figure 4) and the climatic loading only cases (Figure 5).  The summation does not usually give the same pavement response as obtained from the simultaneous gear and temperature loading case (Figure 6).  Figure 7 clearly depicts this situation.  The superposed responses on the horizontal axes were obtained by simply adding values from gear and temperature loading only cases predicted at the same finite element nodes where critical pavement responses were computed for the simultaneous loading condition.

The 7-60-60-12 ANN model is deemed to have achieved its goal by literally enabling quick predictions of the ILLI-SLAB stresses and deflections on the standard concrete slabs under the three loading types.  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).  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.  

As part of this study, a Visual Basic user interface was developed for reading the desired pavement input parameters and plotting the responses using spreadsheet programs.  Such tools can be very useful since the user does not need to learn how to run the complicated finite element programs to obtain the pavement responses.  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 110 seconds on a personal computer with a 400 MHz Pentium II Processor and 384 MB of RAM.  

Comparison of the computation time required for the ANN model and the ILLI-SLAB program is summarized in Table 3.  Analyses of 2,700 different cases only take one second (including reading the inputs, computing the results and writing them to disk) for the ANN algorithm while the computation time for the finite element model would take about 82.5 hours.  This comparison shows that the ANN model is about 0.3 million times faster than the ILLI-SLAB model.  The required time for preparing the input data files and post processing the results from the finite element output files are not included in this comparison.  For a large number of analyses to be performed, the time saved using the ANN model can be invaluable to the pavement engineer when evaluating hundreds or thousands of “what if” scenarios.
APPLICATION OF THE ANN-BASED DESIGN METHODOLOGY
The most important analysis consideration for design deals with determining individually the critical pavement responses due to (1) gear loading and (2) climatic loading for their contributions to the total response under the simultaneous loading.  The ANN model trained in this study can be used to evaluate conveniently these critical pavement response contributions, i.e., load stress and curling stress.  All that needs to be selected are the seven input design parameters, i.e., slab thickness, modulus of subgrade reaction, load transfer efficiencies, temperature gradient, and the load location.  Once the input values are determined, the critical pavement responses can be obtained in about one-third of a millisecond for a single ANN-model run (or about 2,700 analyses per second) in our case using a 400-MHz Pentium II processor.  A sample design is next presented to demonstrate how pavement engineers can use trained neural network models as an essential tool for an improved pavement design.  

Consider the maximum bending stress in the y-direction, (y-max, to be the critical pavement response for fatigue on which the pavement design will be based to determine the thickness of the airfield slab.  Figure 8 depicts how the (y-max varies with the full range of deflection load transfer efficiency in the x-direction, LTEx, for different slab thicknesses.  These stress values are obtained for the mid-span edge loading (X-Edge) condition as shown in Figure 1.  This is one of the most critical loading locations in the analysis of the jointed concrete slabs.  The standard values of LTEy and the modulus of subgrade reaction k are set to be 90% and 27 MPa/m (100 psi/in.), respectively.  

The results of 21 analyses under the B-777 gear loading only are plotted in Figure 8b.  Since the load transfer efficiencies (LTEs) between the adjacent slabs change due to the seasonal/climatic variations, the effects of LTEs on the critical pavement responses have to be evaluated for the completeness of the design.  Such evaluations are very important for determining the fatigue life since different stress ratios cause different levels of damage to concrete slabs.  For example, the maximum bending stress in the slab may have to be kept below 3,450 kPa (500 psi) for maintaining the fatigue stress ratio, say, below 0.5.  The horizontal dashed line corresponding to the 3,450-kPa (500-psi) stress level intersects the dotted stress curves at three locations for the three pavement thicknesses given.  If the design engineer chooses a slab thickness of 406 mm (16.0 in.), in order to keep the critical pavement stress below 3,450 kPa (500 psi), then a minimum LTEx value of about 82% must be achieved in the field.  If instead the LTEx value is allowed to decrease to 60%, then a slab thickness of 457 mm (18.0 in.) is needed.  If the minimum LTEx value in the field may go as low as 42%, then a slab thickness of 508 mm (20.0 in.) is required to keep the critical bending stress under the 3,450 kPa (500 psi) limit.  Such charts, easily prepared using ANN-based toolboxes, will help the design engineers consider different design alternatives before making final design decisions.

Because pavements are under constant daily and seasonal temperature fluctuations, the environmental effects also need to be considered in the design.  Different temperatures experienced throughout the year result in constant variations in load transfer efficiencies primarily due to the expansion and contraction of the slabs.  Temperature and falling weight deflectometer data collected at the Denver International Airport (DIA) indicate that the LTE values for the same joint can be as low as 13% during the winter period and can go as high as 85% during the summer season (Kapiri, et al., 2000).  

Figures 8a and 8c illustrate the additional effects of having a positive or negative temperature gradient on the (y-max variation with LTEx, respectively.  Critical pavement stresses are plotted for +43.7 (C/m (+2.0 (F/in.), zero (gear load only), and -43.7 (C/m (-2.0 (F/in.) temperature gradients (see Figure 8).  As expected, the critical stresses are higher for the positive temperature gradients than those for the negative ones.  This is due to the downward curling of the slabs under the positive temperature gradients creating additional bending stresses.  For a LTEx value of 60%, the (y-max can be as high as 4,692 kPa (680.5 psi) under a +43.7 (C/m (+2.0 (F/in.) positive temperature gradient.  Or, the (y-max can go as low as 2,483 kPa (360.1 psi) under the -43.7 (C/m (–2.0 (F/in.) negative temperature gradient.  Whereas, the (y-max is a fixed 3,443 kPa (499.3 psi) when the temperature effects are ignored.


In summary, Figure 8 presents a sample design methodology to demonstrate how a trained ANN model can be used as an essential tool in pavement analysis and design.  More charts of this nature can be prepared to study how the critical pavement responses are affected by varying say, load locations, modulus of subgrade reaction, temperature gradients, etc. The introduced ANN-based design methodology can also be applied to more sophisticated 3-D finite element solutions.  Nevertheless, a recent study shows that there are no significant differences between the ILLI-SLAB results and the 3-D finite element model solutions (Kim, 2000).

CONCLUSIONS
Use of artificial neural networks (ANNs) as analysis design tools was demonstrated in this paper by analyzing concrete airfield pavements under the following three loading cases: (1) Boeing 777 aircraft gear loading only, (2) climatic loading only, and most importantly, (3) simultaneous aircraft gear and climatic loading.  An ANN model was successfully trained with the results of some 5,600 ILLI-SLAB finite element analyses performed on a four-slab airfield pavement system.  For the three different loading cases, the ANN model predicted maximum bending stresses and deflections with an overall average absolute error of less than 1.4% when compared to those computed by the ILLI-SLAB program.  The use of the ANN model also resulted in both a drastic reduction in computation time (about 0.3 million times faster than the finite element model) and a simplification of the complicated finite element program input and output requirements.  
The most important analysis consideration for design, determining individually the critical pavement responses due to (1) gear loading (load stress) and (2) climatic loading (curling stress) for their contributions to the total response, was successfully dealt with using the artificial neural networks.  The trained ANN model conveniently predicted these critical pavement response contributions.  It was also shown that the principle of superposition is not valid for simply adding the two critical responses (either deflections or stresses) obtained under (1) gear loading only and (2) temperature loading only cases.  The summation does not usually give the same pavement responses as obtained from the simultaneous gear and temperature loading case. 
An ANN-based design methodology was introduced.  A sample design was presented to demonstrate how pavement engineers could use the ANN model trained in this study as an essential tool for checking alternative design inputs (“what if” scenarios) with the inclusion of climatic effects.  Charts demonstrating the use of this methodology were prepared to show the effects of varying joint load transfer efficiencies, temperature gradients, and slab thicknesses on critical pavement stresses.  Similar charts would help designers consider the worst-case scenarios before they make final design decisions. 
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TABLE 1. Values of the Seven Input Parameters Used in ILLI-SLAB Analyses

	Location of the Boeing B777 Main Landing Gear
	Slab 

thickness,

h
	Modulus of subgrade reaction,

k
	Load Transfer Efficiencies,

(LTEs)
	Temperature gradient,

tg

	
	
	
	LTEx
	LTEy
	

	(x and y coordinates)
	(mm)
	(in.)
	(MPa/m)
	(psi/in.)
	(%)
	(%)
	((C/m)
	((F/in.)

	Corner
	305
	12
	27
	100
	0
	0
	-65.6
	-3.0

	Interior
	406
	16
	81
	300
	50
	50
	-43.7
	-2.0

	X-Edge
	508
	20
	136
	500
	90
	90
	-21.9
	-1.0

	Y-Edge
	610
	24
	
	
	
	
	0.0*

	
	
	
	
	
	
	
	+21.9
	+1.0

	
	
	
	
	
	
	
	+43.7
	+2.0

	
	
	
	
	
	
	
	+65.6
	+3.0


* Zero temperature gradient corresponds to the Boeing 777 gear loading case only

TABLE 2. Critical Pavement Responses for Different Loading Cases

	Units
	Downward Deflection 

(+)
	Upward Deflection 

(–)
	Bending Stress in the 

X-Direction 
	Bending Stress in the 

Y-Direction

	
	Load Only
	Temp.

Only
	Simul-taneous
	Load Only
	Temp.

Only
	Simul-taneous
	Load Only
	Temp.

Only
	Simul-taneous
	Load Only
	Temp.

Only
	Simul-taneous

	
	(L
	(T
	(S
	(L
	(T
	(S
	(L
	(T
	(S
	(L
	(T
	(S

	(in. or psi)
	0.40
	0.19
	0.49
	-0.04
	-0.26
	-0.49
	902
	367
	1,237
	1,005
	367
	1,325

	(mm or kPa)
	10.2
	4.8
	12.4
	-1.0
	-6.6
	-12.4
	6,220
	2,530
	8,530
	6,930
	2,530
	9,136

	Corresponding Input Parameters
	Load

Location
	corner
	none
	corner
	corner
	none
	corner
	x-edge
	none
	x-edge
	y-edge
	none
	y-edge

	
	h (in. /

mm)
	12 /

305
	24 /

610
	12 /

305
	24 /

610
	24 /

610
	24 /

610
	12 /

305
	12 /

305
	12 /

305
	12 /

305
	12 /

305
	12 /

305

	
	k (psi/in.

MPa/m)
	100 /

27
	100 /

27
	100 /

27
	100 /

27
	500 /

136
	100 /

27
	100 /

27
	500 /

136
	100 /

27
	100 /

27
	500 /

136
	100 /

27

	
	LTEx (%)
	0
	0
	0
	0
	0
	0
	90
	90
	90
	0
	0
	0

	
	LTEy (%)
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	
	tg ((F/in. (C/m)
	0
	+3 /

+65.6
	+3 /

+65.6
	0
	-3 /

-65.6
	-3 /

-65.6
	+3 /

+65.6
	+3 /

+65.6
	+3 /

+65.6
	+3 /

+65.6
	+3 /

+65.6
	+3 /

+65.6


Notation: (L = Maximum deflection due to the B777 gear load only

(T = Maximum deflection due to the applied temperature gradient only

(S = Maximum deflection due to the simultaneous gear loading and applied temperature gradient

(L = Maximum bending stress due to the B777 gear load only

(T = Maximum curling stress due to the applied temperature gradient only

(S = Maximum bending stress due to the simultaneous gear loading and applied temperature gradient
TABLE 3. Comparison of the Computation Time 

Spent for ILLI-SLAB Finite Element and ANN Models
	No of Analyses
	Computation Time (seconds)

	
	ANN Model
	ILLI-SLAB FE Model

	2,700
	1
	297,000  (= 82.5 hrs)
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