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SUMMARY: The paper is concerned with the development and comparison of alternative machine learning
methods of determining the type of truck crossing a bridge from the dynamic response it induces within the bridge
structure, the so-called weigh-in-motion problem. Weigh-in-motion is a rich engineering problem presenting
many challenges for current machine learning technologies, and for this reason is proposed as a benchmark for
guiding and assessing advances in the application of this field of artificial intelligence. A review is first provided
of existing methods of determining truck types and loading attributes using both machine learning and heuristic
search techniques. The most promising approach to date, that of artificial neural networks, is then compared to
support vector machines in a comprehensive study considering a range of configurations of both modeling
techniques. A local scatter point smoothing schema is adopted as a means of selecting an optimal set of design
parameters for each model type. Three main model formats are considered: (i) a monolithic model structure with
a one-versus-all truck type classification strategy; (ii) an array of sub-models each dedicated to one truck type
with a one-versus-all classification strategy; and (iii) an array of sub-models each dedicated to selecting between
pairs of trucks in a one-versus-one classification strategy. Overall, the formats that used an array of sub-models
performed best at truck classification, with the support vector machines having a slight edge over the artificial
neural networks. The paper concludes with some suggestions for extending the work to a broader scope of
problems.
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1 INTRODUCTION

Machine learning is a branch of artificial intelligence (Al) concerned with developing computational devices that
learn to respond to a problem based on experience rather than through direct programming. It is a form of empirical
modeling in that it develops a solution from observations of the response of the system being modeled or from
observations of the behavior of an analog of that system. It is widely used in fields such as science and engineering
when there is a lack of theory describing the relationship between the system variables, but it can also be used as
a substitute for theoretically derived models when they are found to be too slow computationally (Flood & Issa,
2010). Among the most common examples of machine learning devices are Artificial Neural Networks (ANNS)
and Support Vector Machines (SVMs).

There are several outstanding concerns with machine learning solutions, as with all empirically derived models,
that need to be resolved before the full potential of the approach can be realized. Most notably, these are:

o lack of insight - they are black box devices that provide little or no explanation of the rationale behind the
solution provided,;

o limited ability to extrapolate — generally, they do not extend to versions of a problem beyond the scope
of the observations used to develop the model (the input variables are value-constrained);

o lack of extensibility - they cannot be adjusted easily to operate beyond the set of input variables built into
the initial model (the model structure is variable-constrained) —any extension requires major redevelopment
of the model,

¢ rigid input format - the presentation of input values must match the exact format used when the model
was developed — this means, for example, that spatially and temporally distributed input values cannot be
translated within that space; and

o excessively large training datasets - the number of observations required to develop a model tends to
increase geometrically with the number of input variables required, the so called ‘curse of dimensionality’
(Bellman, 2003) — this is perhaps the most restrictive factor since, in practical terms, this limits model
complexity to 5 or 6 input variables if those variables are perfectly uncorrelated (Flood & Issa, 2010).

While these concerns are particularly significant in engineering applications they do not render machine learning
tools unusable and there is no indication they cannot be resolved or circumvented. As such they should be seen
as challenges to the application of machine learning rather than as fundamental limitations. An appropriate set of
benchmark problems can provide an effective way of directing and measuring progress in the research and
development of a technology. For machine learning, character recognition problems (such as classifying the
examples in the MNIST handwritten digit database (LeCun et al., 2017)) have provided a popular benchmark,
however, they do not directly address issues such as model extensibility or growth in the training dataset size with
respect to problem complexity. A good benchmark engineering problem for machine learning is truck weigh-in-
motion (WIM) where the goal is to estimate the attributes of a fast moving truck (such as, its axle configuration,
axle spacings, and axle loads) from measurements of the strain response of the structure over which it is traveling.
An accurate WIM system has many potential applications including allowing comprehensive statistics on truck-
bridge loading to be obtained for use in highway bridge design or fatigue rating of existing bridges. WIM is arich
problem exhibiting many of the challenges that machine learning techniques have difficulty resolving, such as,
input vector translation (resulting from, for example, event timing, velocity and acceleration of a truck), model
extensibility (to take into account alternative bridge configurations, lane configurations, multiple/concurrent truck
passage events, and truck axle configurations), and a geometric explosion in the number of training patterns
relative to problem complexity (Flood & Issa, 2010).

This paper first reviews and compares the main modeling approaches that have been developed for solving the
WIM problem, including a numeric simulation based heuristic search approach and ANN based empirical
approaches, identifying the advantages and limitations of each. The paper then compares the most promising of
these approaches (ANN-based empirical methods) to an alternative machine learning approach that has had a lot
of success in competing with ANNSs, namely support vector machines (SVMs) (Cortes & Vapnik, 1995). A range
of alternative strategies are considered for applying ANNs and SVMs to the truck classification aspect of the WIM
problem. The performances of these approaches are then compared for a simply supported bridge problem to
define a benchmark against which future developments in machine learning based WIM solutions can be
compared. This is followed by an identification of the outstanding issues with current WIM solution methods.
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2 APPROACHES TO THE WEIGH-IN-MOTION PROBLEM

The concept of WIM is illustrated in FIG. 1. When a truck crosses a bridge it induces a strain response in the
structure which changes as truck axles move onto and pass across the bridge, as illustrated by the actual strain
mapping (the dashed red curve in the figure). Numeric modeling techniques (for example, the Finite Element
Method (FEM)) can be used to predict the magnitude and form of this strain-time envelope for given truck loading
scenarios (the blue area in the figure), and is a critical part of the loading analysis of a bridge design. WIM is the
reverse of the loading analysis problem in that it attempts to estimate the truck loading scenario from the actual
strain-time envelope, as illustrated by mapping (3) in FIG. 1. However, whereas bridge loading analysis can be
readily solved using numeric modeling techniques (such as FEM) WIM has no theoretically based solution method.
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FIG. 1: The Truck-Bridge Weigh-In-Motion Problem.

2.1 Non-Machine Learning Solution Methods

Using non-machine learning based algorithms to solve WIM has attracted some attention, in particular with the
advance of model regularization techniques. For example, Fitzgerald et al. (2017) used a novel moving force
identification algorithm to predict axle weights. Instead of using machine learning based generalization technique
such as hyper-parameter tuning and cross validation, this method uses traditional mathematical regularization
techniques to prevent model overfitting when solving ill-posed problems. The approach can only solve for trucks
with 2 axles and lacks the ability to extend to more complex axle configurations.

Vala et al. (2011) used a heuristic approach to solve the WIM problem based on the use of genetic algorithms
(GA’s). The GA would search for a truck loading scenario that could best explain the actual strain envelope. A
numeric model was used to calculate the strain envelopes for the evolving truck loading scenarios. The fitness of
a solution was measured by comparing the numerically derived strain envelope to the actual strain envelope. The
GA approach was found to be reasonably accurate predicting axle loads to less than 15% error, depending on the
axle position and the number of strain sampling points used. However, there was no indication that the approach
could significantly outperform (in terms of accuracy of estimates) existing empirically derived solutions to the
problem.
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The main benefit of the GA approach is that it is not subject to the usual issues encountered by empirical modeling.
For example, the approach could be extended to new versions of the problem (in this case to different bridge
designs) simply by reconfiguring the numeric model. In addition, the approach does not require the use of training
data to develop a solution and so the issue of a geometric explosion in the number of observations required as a
function of problem complexity is not relevant.

The main problem with the GA approach is that it is computationally very slow. Each iteration in the GA process
(moving from one generation of solutions to the next) requires all current solutions to be evaluated for fitness. The
time required to determine fitness is dependent on the amount of processing required to execute the numeric
simulation that maps a loading scenario to the strain envelope, which for two or even three dimensional models
(necessary for modeling all but the simplest of bridge designs) can take many hours to complete (Farmaga et al.
2011). This duration must then be multiplied by the number of iterations in the search process, which typically is
in the order of hundreds or thousands (McCall, 2005). Consequently, the GA approach does not provide a practical
tool for solving non-trivial WIM problems given current computing technology, especially if the application
requires the output of solutions in real-time.

2.2 Artificial Neural Networks Solution Methods

Early empirical modeling work by Gagarin et al. (1994) demonstrated the viability of using artificial neural
networks (ANNS) to estimate truck attributes from bridge strain data. A two stage neural network system was
considered, similar to that illustrated in FIG. 2. The first of the two stages (that shown to the left of the figure)
was designed to classify a given truck loading condition and thus select an appropriate set of networks from the
second level of the system. The laterally connected architecture shown at level 1 in the figure is typical of networks
used for classification purposes, though conventional feedforward networks were used in the original study. The
networks in the second level were designed to operate for a given truck loading class, providing estimates of
velocity, axle spacings and axle loads.
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FIG. 2: Overall Structure of Modular ANN.

This modularized approach was adopted, in preference to a monolithic network, to facilitate the task of training
the ANNSs (Gagarin et al., 1994). In addition, it enabled individual modules to be retrained, and new modules
added, as new training data became available, without the burdensome task of having to retrain the complete
network system. However, this system is only as good as its weakest link. In particular, if the first level network
misclassified the type of truck crossing the bridge, then the incorrect second level network would be selected and
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the estimates would be completely invalid. The focus of much subsequent work, therefore, was to develop
alternative more accurate modules for the classification stage of this system (level 1 in FIG. 2).

A variety of different types of supervised-training neural networks were considered for the first level in the
network, the truck type classifier. The first of these was a radial-Gaussian feedforward networking system (RGIN)
that uses an incremental supervised training algorithm (Flood & Kartam, 1998). The FHWA system of truck
classification was used in the study, and is illustrated in FIG. 3 with a summary of the axle loading and spacing
ranges summarized in Table 1 (see Gagarin et al, 1994). Input to the RGIN networks was an array of strain
readings measured at the mid-span location on a girder of the bridge during the passage of a truck, as schematized
in FIG. 4a. Each output from the RGIN network represented a different truck loading class. The class to which a
given truck loading situation belonged was indicated by the output neuron that generates the value closest to 1.0

(all other outputs were trained to generate a value close to 0.0).

Type 1: 25 Type 4: 45 Type 7: 35-2
Type 2:35 Type 5:35-1 Type 8: 25-1-2

Type 3: 25-1 Type 6: 25-2 Type 9: 35-3

FIG. 3: Nine truck types used in this paper adapted from Gagarine et al. (1994)

Table 1: Axle Load and Spacing Range of Nine Truck Types adapted from Gagarin et al. (1994)

Truck Axle Loads (KN) Axle Spacings (m)
Type 1 2 3 4 5 6 land2  2and3 | 3and4 4and5 5and6
1 13.3-53.4 | 8.8-80.1 2.74-6.10
2 13.3-53.4 | 8.8-80.1 | 8.8-80.1 2.74-6.10 1.22
3 13.3-53.4 | 8.8-80.1 | 8.8-80.1 2.74-4.98 | 5.49-11.6
4 13.3-53.4 | 8.8-80.1 | 8.8-80.1 | 8.8-80.1 2.74-5.49 1.22 1.22
5 13.3-62.3 | 8.8-71.2 | 8.8-71.2 | 8.8-80.1 2.74-6.10 1.22 6.10-11.6
6 13.3-53.4 | 8.8-80.1 | 8.8-80.1 | 8.8-80.1 2.74-5.49 | 6.10-11.6 1.22
7 13.3-53.4 | 8.8-71.2 | 8.8-71.2 | 8.8-80.1 | 8.8-80.1 2.74-6.10 1.22 6.10-11.6 | 1.22
8 13.3-53.4 | 8.8-80.1 | 8.8-80.1 | 8.8-80.1 | 8.8-80.1 2.74-5.49 5.49 3.05 5.49
9 13.3-53.4 8.8-71.2 | 8.8-71.2 | 8.8-80.1 | 8.8-80.1 | 8.8-80.1 | 2.74-6.10 1.22 6.10-11.6 | 1.22 1.22

A second type of ANN used for the truck type classification was an extension of the simple Hamming network
EHAM, a detailed description of which is provided by Flood & Kartam (1998). Again, this system used a
supervised training algorithm and the FHWA classification system for trucks. Input to the EHAM networks was
a matrix of binary values representing a projection of the strain readings measured at a fixed location on a girder
of the bridge during the passage of atruck. The binary map was a 32 by 32 matrix, with one dimension representing
sample strains taken at different points in time during a truck crossing event, and the other dimension indicating
the magnitude of the strain readings (see, for example, FIG. 4b). Each output from the EHAM network represented
a different truck loading class. The class to which a given truck loading situation belonged was indicated by the
output neuron that generated the binary value 1 (all other outputs were trained to output a binary value of 0).

A detailed description of the training and relative performances of these classifiers is provided in Flood (2000).
In summary, however, they each had an average success rate at truck classification in the 80-90% range, except
for the truck type 2S-1-2 which was in the high 70% range. The poor performance of the classifiers for the truck
type 2S-1-2 could be attributed to the significantly different axle configuration of this type of vehicle compared to
the others in the FHWA classification system.
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FIG. 4: Formatting Strain-Time Curves for Input to a Neural Network: (a) vector of real-values; (b) matrix of
binary values (adapted from Flood (2000))

Since the 2000s, there has been a surge in interest in the application of machine learning to WIM and its related
problems, corresponding to significant increases in the performance of artificial intelligence techniques. For
example, machine learning methods have been used to predict potential vehicle overload from telematics such as
speed, engine speed, and road gradient (Kirushnath & Kabaso, 2018). Other research extends bridge WIM as a
sub-problem to help identify bridge damage using machine learning (Gonzalez & Karoumi, 2015), although the
technique was only used in railway networks where vehicle axle spacing is known. Deep ANNSs (comprising
multiple hidden layers) have been applied to the WIM problem, in particular using a convolutional neural network
(CNN) architecture. In the case of Ma et al. (2020), the CNN was trained using strain data gathered from multiple
sensors, which gave it more scope for accuracy but will increases it cost of implementation and maintenance.
Kawakatsu et al., (2019) used a CNN approach with a single sensor vehicle weighing system to predict lane speed,
vehicle position and number of axles, but axle loads were not predicted. Deep ANN technologies are a burgeoning
and rapidly developing field, with a lot of potential for future application to WIM.

Innovative WIM technology is not limited to modelling and prediction, but includes novel telemetric methods for
measuring bridge response and traffic loading data. For example, instead of using structural deformation
measurements (strain), bridge piezo-bearing sensors have been developed that measure induced load directly
(Choo et al., 2018). This technique uses the bridge bearing as a weighing scale to measure the reaction forces at
the supports resulting from passing traffic, and has the advantage of being relatively inexpensive to install. Fiber
optic system have been developed for detect axles and measure their configuration for a vehicle, instead of using
bridge deformation and reaction loads. The disadvantage of using fiber optics is its cost and installation effort
compared to traditional strain-based methods (Lydon et al., 2015). These alternative methods of data collection
offer potential for the development of future approaches to WIM modelling and prediction.

3 SUPPORT VECTOR MACHINE VERSUS ARTIFICIAL NEURAL NETWORK
APPROACHES

A series of studies was undertaken by the authors to determine whether support vector machines (SVMs) could
improve on the truck type classification performance of the ANN approach. New training and testing data were
established for this purpose to facilititate a direct comparison between the techniques. The bridge type considered
was 100 meters in length, single span, simply supported, with a single lane. The bridge was treated as a rigid beam
and the study assumed no dynamic effects on the structure. Single truck crossing events only were considered.
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3.1 Model Structure

A truck crossing event was represented as an array of bending moments induced at mid-span, while the type of
truck inducing the bending moments was indicated across an array of outputs. The FHWA system of truck
classification was adopted as used for the studies described above.

Three different model formats were considered as illustrated in FIG. 5 and described in detail by Wang (2015).
The first model format comprised a monolithic model that mapped directly from the input array of bending
moments to a set of 9 outputs representing the different truck types. Each output represented a different truck type
and was capable of generating a value between 0.0 and 1.0. The output that generated the closest value to 1.0 in
response to a set of bending moments was assumed to identify the truck type. This format was only adopted for
the ANN model since SVMs cannot include more than one output.

The second model format shown in FIG. 5 comprised a set of 9 sub-models, each dedicated to a single truck type.
A single array of bending moments was shared as input, and each sub-model had a single output capable of
generating a value between 0.0 and 1.0. As for the first model format, the output that generated the closest value
to 1.0 was assumed to identify the truck type. This format was adopted for both the ANN and SVM models.

The third model format shown in FIG. 5 comprised 36 sub-models, each dedicated to selecting between a pair of
truck types (there being 36 permutations of truck pairs in total). A single array of bending moments was shared
as input. Each output would select between a pair of trucks. For example, sub-model 1 was dedicated to comparing
truck types 1 and 2; an output of 0 would indicate truck type 1 and an output of 1 would indicate truck type 2.
Each output of 1 was regarded as a vote for that truck type. The truck type with the most votes across the output
array was assumed to be the truck type crossing the bridge.

3.2 Truck Crossing Simulation

The data used for training and validation of the models was based on a random selection of truck configurations
within the ranges provided in Table I. Data was generated by simulating the passage of a truck crossing the bridge.
The bending moment induced at the mid-span of the bridge, m, was calculated during the truck crossing event
using a 50 Hz sample rate. Each simulated truck crossing event was used to generate a single input to output
pattern to be used for training or validation of the models. For model formats 2 and 3 (FIG. 5), each sub-model
was trained independently. Each pattern comprised 626 inputs representing the bending moments induced by the
truck crossing event, and an array of binary outputs used to indicate truck type. A total of 900 input patterns were
generated (100 for each truck type) and the corresponding outputs were tailored to match the operation of each
model/sub-model. For each pattern, the axle loads and spacings were selected using a uniformly distributed
random variate with values ranged between the limits listed in Table 1.

3.3 Model Development and Parameter tuning

Training of both the ANN and SVM models requires preselection of certain model parameters, the values of which
can significantly affect the performance of the model. In addition, since the initial input arrays had a high
dimension (626 values) principal component analysis (PCA) was used to prune this number down to something
more manageable.

The architecture of the ANNs adopted for this study was the popular feedforward layout. Two ANN variants were
considered, one with a single hidden layer of 600 neurons and a second with two hidden layers of 300 hidden
neurons each. This provided a total of four ANNSs, two using format 1 (FIG. 5) and two using format 2. All ANNs
used the sigmoidal activation function. The training algorithm used was error backpropagation, a gradient descent
technique, and was implemented within the MATLAB R2015a environment (Mathworks Inc., 2016).

Since the error backpropagation requires careful selection of the step size to ensure convergence and acceptable
training quality, this study tested a range of learning rates from 0.01 to 0.1 in intervals of 0.01. For the SVM, the
kernel function adopted was the Radial Basis Function due to its popularity. The kernel function also requires
careful selection of its scaling value and so a range of values were tested from 3.60 to 3.70 in intervals of 0.01.
For pruning the number of input variables, a range in the array size was considered from 10 to 55 in steps of 5,
using principal component analysis (PCA) to select the most significant inputs in each case.
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3.3.1 ANN Development, Model Format 1

Training of each ANN was allowed to progress until 300 epochs had been completed, with the algorithm
converging around 240 epochs. Training used a random selection of 80% of the 900 pattern data set. The remaining
20% of the patterns were used for validating the resultant ANN. Model development was repeated for the range
of learning rates and input vector sizes outlined in the previous subsection (Model Development) providing 100
training trials. These experiments were repeated 10 times, each occasion using a different set of 900 patterns.

The performance of the ANNs was measured as the portion of the validation patterns correctly classified. This
was averaged over the 10 repetitions of the experiment. Local scatterplot smoothing (LOESS) was used (with a
span value of 0.15) to find the peak performance and thus the optimal values for the number of input variables and
the learning rate. The backpropagation training algorithm was set to include adaptive learning rate changes, and
all parameters (except for the learning rate which was ranged) were set to their default values for the
implementation. FIG. 6 shows the results of these experiments for the ANN with one hidden layer of 600 nodes,
plotting the proportion of correct classifications (from 0.0 to 1.0) against the number of inputs and the learning
rate. The optimal values were found to be 33 for the number of inputs and 0.0605 for the learning rate.
|
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FIG. 6: Performance of One-Hidden Layer ANN using Format 1 (FIG. 5) with LOESS Smoothing

The experiment was repeated this time using the ANN with two hidden layers of 300 nodes each, the results for
which are shown in FIG. 7. The optimum set-up was found to be 35 inputs with a learning rate of 0.0656.

ANN Format 1 with 2 hidden layers parameter tuning result
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FIG. 7. Performance of Two-Hidden Layer ANN using Format 1 (FIG. 5) with LOESS Smoothing
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The results of these two sets of experiments for ANN model Format 1 indicated that performance was not
particularly sensitive to changing from one to two hidden layers. The peak performances on the surfaces were
0.6623 and 0.6309 for the proportion of correct classifications for one hidden layer and two hidden layers
respectively. Thus, the best performing model Format 1 ANNs both misclassified about a third of the validation
cases.

Both the learning rate and the PCA dimension affected the performance significantly, although the behavior of the
LOESS smoothed surfaces (FIGs. 6 and 7) were quite erratic with no obvious trend. Thus, it seems unlikely that
if a new independent set of trials were performed that the same basic surface form and peak locations would be
achieved.

3.3.2 ANN Development, Model Format 2

The previous set of experiments were repeated but this time using the model Format 2 shown in FIG. 5, that is, the
system comprising 9 sub-models with a one versus all output selection strategy. For the one hidden layer ANN,
the number of hidden neurons in each sub-model was 67 giving 603 hidden neurons in total (close to the 600
hidden neuron total used for model Format 1). For the two hidden layer ANN, 33 hidden neurons were included
in each layer of each sub-model providing a total of 594 hidden neurons. The training algorithm, training
parameters and number of training epochs were the same as those used in the development of the Format 1 ANN
models.

FIGs. 8 and 9 show the results of these experiments for the one-hidden layer and two-hidden layer ANNs
respectively, as before plotting the proportion of correct classifications against the number of PCA selected inputs
and the learning rate.

ANN Format 2 with 1 hidden layers parameter tuning result
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The optimal values for the one-hidden layer ANN based on model Format 2 were found to be 10 for the number
of PCA selected inputs and 0.01 for the learning rate. Similarly, for the two hidden layer ANN based on model
Format 2, the optimal values were found to be 40 for the number of inputs and 0.0767 for the learning rate.

As with the Format 1 ANN experiments, the Format 2 ANNs were not particularly sensitive to changing from one
to two hidden layers. The peak performances were 0.8384 and 0.7905 for the proportion of correct classifications
of the validation cases for the one hidden layer and two hidden layer ANNSs respectively, significantly better than
the Format 1 ANNSs at 0.6623 and 0.6309 respectively.

As for the model Format 1 ANNSs, both the learning rate and the PCA dimension affected the performance
significantly, although the behavior of the LOESS smoothed surfaces (FIGs. 8 and 9) were again quite erratic with
no obvious trend.

3.3.3 SVM Development, Model Formats 2 and 3

The next two sets of experiments concerned development of the SVM models, the first using the one versus all
strategy (model Format 2) and the second using the one versus one strategy (model Format 3). FIG. 10 shows the
LOESS smoothed performance surface for the SVMs based on model Format 2. The surface plots the proportion
of correctly classified trucks in the validation data set versus the number of PCA selected inputs and the Radial
Basis Function kernel scaling value. The optimal values were found to be 20 for the number of inputs and 3.6312
for the kernel scaling value.

SVM Format 2 parameter tuning result
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FIG. 10. Performance of SVM using Format 2 (FIG. 5) with LOESS Smoothing

Similarly, the SVM system based on model Format 3 is plotted in FIG. 11. The optimal values were 17 for the
number of PCA selected inputs and 3.6262 for the kernel scaling value. It can be seen from FIGs. 10 and 11 that
after narrowing down the scaling value to between 3.6 and 3.7 it did not play an important role in determining the
performance of the resultant SVM. However, the number of PCA selected inputs was clearly very important for
both SVM modeling approaches. Moreover, the surfaces are well-behaved indicating a clear trend in performance
with respect to the PCA value.

The peak performances were 0.8280 and 0.8578 for the proportion of correct classifications of the validation cases
for the SVM Format 2 models and SVM Format 3 models respectively. The one-vs-one format (Format 3) slightly
outperformed the one-vs-all format (Format 2), with around 14-15% misclassification of the validation cases.
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SVM Format 3 parameter tuning result
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FIG. 11. Performance of SVM using Format 3 (FIG. 5) with LOESS Smoothing

4 MODEL EVALUATION

The optimal values determined for the number of inputs and the learning rate or kernel value were used to develop
a set of final evaluation versions of each of the 6 model forms (the 6 forms being the 1 and 2 hidden layer ANNs
for both model Formats 1 and 2, and the SVMs for model Formats 2 and 3). The performances of each optimal
model configuration are compared in FIG. 12 in terms of their ability to correctly classify the validation patterns.
Each bar summarizes the performances of 10 versions of the optimal configuration of a model form, showing the
full range of the results (lowest and highest bars), the lower and upper quartiles (lower and upper bounds of the
shaded box) and the median (thick bar). All 1,800 validation patterns generated across the 10 data sets were used
for this purpose. The graph demonstrates that the SVM models outperform the ANN models, and that the SVM
with the one-vs-all strategy was found to slightly outperform the one-vs-one strategy (median performance).
However, this best model achieved a median performance of less than 80% correct classifications, leaving a need
for further improvement.

For the ANN models, the structure comprising 9 sub-models significantly outperformed the monolithic ANN
structure. Having individual sub-models may provide the system more flexibility in learning the pattern of a
specific truck type and therefore improve the accuracy of the combined model.
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FIG. 12. Comparison of the Performance of the Optimal Configurations of Each Model Form
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FIG. 13 provides an analysis of the misclassified truck cases for an example close to the median performance for
the best performing model in this evaluation, the SVM using the one-vs-all format. The arrows indicate the number
and direction of the misclassifications. It can be seen from this figure that the misclassifications fall into clusters
between truck types 1 and 2, truck types 3, 5 and 6, and truck types 7, 8 and 9. These three clusters accounted for
around 85% of all the misclassifications. The confusion appears to be between trucks that have the same number
of axle groupings. For example, truck types 3, 5 and 6 comprise 3 groupings of axles. This suggests a better
modeling approach may be to first classify trucks by the number of axle groupings, and then to use second level
models to refine the classification to the specific FHWA type.

Type 1: 25 Type 5: 35-1 Type 8: 25-1-2

34 ;’)/ /7l \ \@ 22’ K’]P‘
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FIG. 13: Three Clusters Containing 85% of Truck Misclassification for the SVM Classifier using the One Versus
All Format (total cases: 1800)

5 CONCLUSIONS AND FUTURE WORK

The study first reviewed existing approaches for solving the truck WIM problem identifying this as a good
benchmark problem for developing more effective empirical modeling techniques. The study then developed and
compared the performances of six ANN and SVM based truck classifiers using synthetically generated truck
weigh-in-motion data. Three basic model formats were considered: (i) a monolithic model structure with a one-
vs-all truck type classification strategy; (ii) an array of sub-models each dedicated to one truck type with a one-
vs-all classification strategy; and (iii) an array of sub-models each dedicated to selecting between pairs of trucks
in a one-versus-one classification strategy. The optimal versions of each model were determined using a LOESS
based model development parameter selection schema. Overall, the formats that used an array of sub-models
outperformed the monolithic models, with the support vector machines having a slight edge over the artificial
neural networks.

Future work should be concerned with developing models that are extendable to a wider range of problems,
including bridges of different lengths, span configurations, and numbers of lanes, as well as situations involving
multiple truck crossing events and noise. Such models should also be able to estimate truck parameters such as
axle loadings and spacing, the level 2 components of FIG. 2. A challenge is to achieve this while circumventing
the problem of a geometric increase in the number of training patterns with respect to the number of variables
required to describe the problem. Work should also consider a range of novel ANN architectures applicable to
WIM, including deep systems such as ResNets (He et al., 2016), RNN (recurrent neural networks) and CNNs
(Dupond, 2019). Optimization should include parametric studies ranging the number of hidden layers and other
parameters in these devices.
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