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Abstract 

Traffic classification techniques were evaluated using data from a 1993 investigation of the traffic 
flow patterns on 1-20 in Georgia. First we improved the data by sifting through the data base, 
checking against the original video for questionable events and removing andor repairing ques- 
tionable events. We used this data base to critique the performance quantitatively of a classifica- 
tion method known as Scheme F. As a context for improving the approach, we show in this paper 
that scheme F can be represented as a McCullogh-Pitts neural network, or as an equivalent 
decomposition of the plane. We found that Scheme F, among other things, severely misrepresents 
the number of vehicles in Class 3 by labeling them as Class 2. After discussing the basic classifi- 
cation problem in terms of what is measured, and what is the desired prediction goal, we set forth 
desirable characteristics of the classification scheme and describe a recurrent neural network sys- 
tem that partitions the high dimensional space up into bins for each axle separation. The collec- 
tion of bin numbers, one for each of the axle separations, specifies a region in the axle space 
called a hyper-bin. All the vehicles counted that have the same set of bin numbers are in the same 
hyper-bin. The probability of the occurrence of a particular class in that hyper-bin is the relative 
frequency with which that class occurs in that set of bin numbers. This type of algorithm produces 
classification results that are much more balanced and uniform with respect to Classes 2 and 3 and 
Class 10. In particular, the cancellation of errors of classification that occurs is for many applica- 
tions the ideal classification scenario. The neural network results are presented in the form of a 
primary classification network and a reclassification network, the performance matrices for which 
are presented. Cancellation of errors is site dependent and the question of generalization to many 
sites suggests another measurement of goodness for a classification scheme that takes into 
account the need to operate the network under a variety of operating conditions. 



Introduction 

An unofficial standard for the classification of axle-spacing-based highway data into the thirteen 
classes of the Federal Highway Administration was developed by the Maine Highway Depart- 
ment a decade ago and is known as Scheme F. This scheme is not a FHWA standard and presents 
a highly inaccurate count of Class 2 and Class 3 vehicles in the Georgia study. We show that the 
assumptions built into this method can be overcome by adaptive means or by using probabilistic 
neural networks. Furthermore, these more general methods of characterizing partitioned axle 

- p a r a m e t e r  space,yielcLhigherprecisionreslllts, --I 

- _ _  - - -  -- - 
Regions of parameter space requiring special attention are those regions where two or more of the 
13 FHWA classes can not be uniquely separated. The Scheme F approach rigidly split parameter 
space into fixed compartments that were declared by fiat to be one and only one of the 13 classes. 
It was recognized that this approach was not strictly correct, but one would hope that the bound- 
aries could be carefully modified so that the errors incurred in one region of parameter space 
would cancel those in the other regions. For this to be the case, a number of assumptions have to 
hold. One of these assumptions is that the distribution of passenger cars (Class 2) and pickup-up 
trucks and vans (Class 3) remains of invariant shape from place to place. Another is that the rela- 
tive numbers of Class 2 and Class 3 vehicles conforms to a fixed ratio. Common sense opposes 
these assumptions as does extensive ground truth data. We utilize the 1993 study of traffic on I20 
near Covington Georgia to demonstrate that the assumption of cancelling errors under scheme F 
does not hold, even remotely. 

The I20 data suggest new approaches to the axle-based vehicle classification process. One of 
these is application of a probabilistic neural network that assumes static distributions. This net- 
work is tested with two data sets both of which have good cancellation properties. We also discuss 
adaptive classification procedures, the simplest of which is the moving demarcation line model. 
This model moves the linear boundary between two classes depending on observations. This 
method is highly non-linear in that it involves ascertaining the characteristics of the flow from all 
of the vehicles before deciding how to partition up the ambiguous regions of parameter space. 
Although the subclass decomposition is often well behaved, we point out instances where the con- 
cept of axle spectra has overwhelming experimental difficulties preventing its realization. Practi- 
cal data-reduction difficulties that occurred in acquiring the Georgia data are also discussed. 

Utilizing the Georgia data, we describe a new neural net approach, reclassification of the :ejected 
vehicles by a specially designed network for that purpose. Combined with the adaptive approach 
described above for the overlap regions, this approach promises greatly enhanced generalizability 
that tailors itself to particular geographic sites andlor functional categories. 



Scheme F results 

Scheme F is a method developed by the Maine Department of Transportation wyman, 19841 for 
the classification of vehicles. The basic regions for Scheme F are shown in Table 1 for each of the 
13 Classes of the FHWA classification. Scheme F has not been approved by the FHWA as a 
method of classification nor has it been based upon a systematic analysis of an underlying data- 
base that supports it as an optimal data classification scheme. We hold that any modern classifica- 
tion scheme must meet the criterion of conforming well to an established database. The results of 
classification using Scheme F of the Georgia I20 database are presented in Tables 2 and 3. These 
results closely track the relative performance matrices reported by Hakey for manufactured 
equipment in his study. That is, it appears that many vendors are basing their classification scheme 

-____ on something that closely resembles Scheme E-The-lack-ofsymmetry of-errorscanbeseen hy-- 
examination of the vehicles misclassified as Class 2 while they are really Class3. These are com- 
pared to the Class 2 vehicles that have been classified as Class 3. The latter are in the hundreds 
whereas the former are in the thousands. This type of asymmetry is characteristic of Scheme F 
shown in Tables 1 and 2. Another problem is the misclassification of Class 10 vehicles as Class 
13. The definition of Scheme F that we used is shown in Table 3. 

- 

Next we point out that Scheme F can be formulated as a McCulloch-Pitts neural network [McCul- 
loch, 19431; an example of this formulation is shown in Figure 1. Here we look at all the 3 axle 
vehicles. They can fall into Classes 2,3,4,6 or 8. The McCulloch-Pitts neural network has two 
input nodes; one for the separation between axles 1 and 2 and the other for axle separations 2 and 
3. We give an example and trace how the neural net responds to inputs of 12 and 14 respectively. 

Class 3 

Class 4 

Class 6 

Class 2 

Class 8 

Figure 1: Scheme F for three axIes as a McCulloch-Pitts neural net 

With 12 for the first axle separation (1-2), only those nodes that are above threshold fire. The 
dashed line indicates a negative weight of -1. Thus 12 becomes -12 going into the t=-10 node. 
Because -12 is below -10, the second node in the first layer does not fire. The first node in the first 
layer has a threshold of 10 which is below the value of 12, and thus it fires in the above threshold 



Table 1: Mij for Scheme F for the May 5-’7,1993 Georgia test 

Table 2: Mij for Scheme F for the September 9-11,1993 Georgia test 



Axle 
3 t o 4  

Axle 
Axle 5to 4 t o 5  

Table 3: The Scheme F assumptions 

Axle Space . In Feet 

No of 
Axles 

Axle 
1 to2 

Axle 
2 to 3 Class FHWA Vehicle Type 

1 motorcycle 

car 2 11 5.8-10 

-2 1048 

pickup 

pickup/l axle trailer 

10-15 

10-18 3 

10-15 

+Gz 
4 . 5  I pickup/2 axle trailer 

pickup/3 axle trailer 1 c3.5 I 
4 bus 

bus 

5 
~~ ~~ ~ 

single unit truck/dual rear axle 

single unit truck 

2 15-20 

6 3 4 8  

7 single unit truck 4 

2 axle tractor with 1 axle trailer 3 >18 

8 3 axle tractor with 1 axle trailer 4 <=5 >10 

>3.5 

3.5-8 

3.5-5 

>10 

4 2 axle tractor with 2 axle trailer 

3 axle tractor with 2 axle trailer 9 5 

2 axle tractor with 3 axle trailer 5 C6.1 
10 

~ -~ ~~~ 

any single tractorhailer comb. 
with 6 or more axles 

~ 

6 or 
more 

11 any tractor/double trailer unit 
with 5 or less axles 

5 

12 6 tractor/double trailer unit 

any tractor/double trailer unit 
with 7 or more axles 

13 7 or 
more 



condition. It is the only node that fires in the first layer that is connected to the first axle separation 
value. The second axle separation has 14 as the input. For the first of two nodes to which it is con- 
nected, the weight is -1 as indicated by the dashed arrow; thus the value going into the t=-10 node 
is -14, a value that is below threshold. Thus the first of the two nodes in layer one attached to (2-3) 
does not fire. Neither does the second node with e 1 8  because: 14 is below threshold. For these 
values, the only node that fires in the first layer is the’first node. When a node fires it produces a 
value of unity; otherwise it produces zero. 

. We now examine our special case for the second layer neurons that are denoted by A,B,C, and D. 
Of these, B,C, and D fire but A does not. The neuron C fires because it is connected to the firing 
neuron of layer 1. Neurons B and D fire because they have thresholds of 0 and have 0 inputs. Neu- 
ron A does not fire because none of its inputs are active. The interpretation of these nodes may be 

active. Node B fires whenever the second axle separation is less than 19. Node C fires whenever 
Class 2 is not active. Node D fires whenever the second separation is less than 18. 

- -helpfulinunderstanding thaxmainingpart ofthenetrNode A-fires whenever Class 3 isnot -- -- 
’ ’ 

The third layer is the classification layer. The reader may establish a few facts: Class 2 occurs 
whenever node C does not fire. Class 3 occurs whenever A does not fire. Class 4 occurs whenever 
B does not fire. The Class 6 and Class 8 nodes rely on the fact that the neural inputs sum the sig- 
nals entering the node. Each of the lettered nodes emit either a zero or unity pulse; only if all four 
inputs leading to Class 6 fire will the threshold of 4 be achieved. Because of the negative weight 
of -1 for the D node leading to Class 8, its edge can contribute only zero or -1 to the sum, whereas 
the edge from the B node can contribute either zero or unity depending on its firing condition. For 
this case only, if B fires and D does not, will the Class 8 node occur. 

Although the language of how a neural network operates is more difficult for most humans to fol- 
low in detail, its description, as given above, is nearly in the form required for a computer to 
absorb. Humans have a highly developed visual cortex and pictures are much more to their liking 
than the set of 15 rules computers like so well. In Figure 2, we show the same three axle system as 
a picture with the shaded areas representing regions where the Scheme F classification occurs. 
The axle separation (1-2) is plotted as the ordinate and the separation (2-3) is plotted as the 
abscissa. The scale can be established by a comparison with Table 1. Figure 2 contains the same 
information as Figure 1, but it is in a much more digestible form. 



Class IV 

Figure 2: Scheme F for three axle vehicles visually 

We can see that a neural network partitions a plane up into black and white regions that corre- 
spond to whether a particular node fires or does not fire. Although this is not quite in the form 
required for a classification scheme, it is very close. The scheme we describe later involves divid- 
ing each axle spacing up into bins, thereby dividing the plane up into a set of rectangular (hyper- 
bin) regions. In Scheme F, if properly defined, the hyper-bins fall into one - and only one - of the 
13 classes. In the general scheme described later, known as a probabilistic neural network, each of 
the hyper-bins has a mixture of the classes. For a given data set, a particular hyper-bin could con- 
tain, for instance, 10 vehicles in Class 2 and 34 vehicles in Class 3. 

The Neural Network Approach 

The basic information that we measure on the highway can be cast in terms of the hyper-bin in 
which the axle separations of the vehicle falls. If two vehicles fall into the same hyper-bin of bins 
with bin numbers (4,3,5,0,0,0) their axle separations are considered to be equal within the context 
of our model. We use the convention of bin 0 for the i’th axle separation of a vehicle when that 
vehicle has too few axles to generate that separation. Thus, the example vehicle described is a four 
axle vehicle with three axle separations. All vehicles having these bins for its axles will be com- 
pared against each other. If a hyper-bin of bins has only one class of vehicle, it can be assigned to 
that class uniquely. The most general situation is for a hyper-bin of bins to have more than one 
type of vehicle. Accumulation of the number of each type of vehicle that falls into a given hyper- 
bin of bins occurs during the training phase of the neural network. These numbers are then con- 
verted into a probability (more correctly a likelihood) of finding the vehicle in that hyper-bin of 
bins. In the testing phase, a vehicle that falls into a given hyper-bin of bins is equally considered 
to be any of the vehicles that have fallen into that hyper-bin during the training phase. Thus, a 
probability for each class of the 13 classes of the FHWA is assigned to the test vehicle according 



Quantized Input Nodes 
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A1 

A2 

A3 

A4 

A5 

A6 

Territorial Nodes 

Output Nodes 

/ A  
Class 1 
Class 2 
Class 3 
Class 4 
Class 5 
Class 6 
@Pass 7 
Class 8 

Class 9 
Class 10 
Class 11 
Class 12 
Class 13 



to these numbers. In the course of determining the performance matrix during the testing phase, 
the performance matrix element is incremented according to the probability. 

axle spacing min space max space 

1 4.0 30.5 

2 2.7 63 .O 

3 1.8 52 

The neural network has six axle separations as the inputs. Each axle separation has a range of con- 
tinuous values whose lower range is greater than zero. The value of zero is used to indicate that 
the vehicle is missing such a separation. The continuous range of separations is broken up into a 
user determined number of bins. A technical problem in achieving such a system is the potentially 
large number of bins that can occur. For the example below, the number of bin combinations is 3.2 
million. The computer science technique of a hash table [Sedgewick, 941 is used to condense the 
number of possibilities to only those hyper-bins that actually have vehicles. This is approximately 
a thousand such hyper-bins, a savings of about a factor of 3000 in the number of storage elements 

-- -that could be accessed as-thestorage bins. Thenetclassification timeisless than the inputand - 
output time - less than 6 seconds total on a SUN SPARC 10. 

number of bins 

40 

40 

20 

Table 4: Axle Spacings in 30.48 cm units 

~1 
3.5 

Table 5: Axle Spacings for reject classification 

In this technique, hyper-bins of parameter space are occupied during training and then accessed 
during testing. The data is divided into three parts by random choice: org.tm, org.tes, and org.tst, 
the training and two testing sets. Of the approximately 13,510 vehicles in file org.tes and 13,649 

. ._. 



Table 6: org.tes data of georgia 1993 study probabilistic neural net 40 40 20 20 10 1 bins 

Table 7: org.tst data of Georgia 1993 study 



Table 8: Truth Guess Reclassification with network applied to org.tst with spacings from 
Table 5. If all the vehicles listed as rejected in Table 7 are reclassified with this net, less than 
one vehicle(0.4) is rejected. The 1 in truth item 10 under rej column is the count in Class 13. 

4 

5 - 
6 

7 - 
8 - 
9 

10 

11 - 
12 - 
13 

1 1  2 I 3 1 4 1 5  
3.4 1 11.6 13.0 1 1 

I I l l /  

I I I 1 . 5  
.5 .2 

17.4 

69. 0 
4 

(-4) 
1 

3.1 0 

14. 0 
6 

0 



vehicles in the org.tst, 282 and 355 vehicles, respectively, are rejected as not being in any of the 
bins established during training. A methodology that.we plan to adopt in the near futue is to 
examine each of the rejected vehicles and determine how close they are to the established data set. 
Then to incorporate them if appropriate. The reclassification neural network classification is 
shown in Table 8. Of the combined nets, only one vehicle is unclassified. The rejected Class 10 
and Class 12 vehicles are shown in Table 10. These numbers me consistent with Tables 5 and 8. 

class 12 
11 
21 

The classification results are shown in Tables 6 and 7. These are seen to provide a much cleaner 
division in Class 2 and 3 i d  Class 3 and 5 than provided by Scheme F. Here the errors of classifi- 
cation of Class 2 as Class 3 and Class 3 as Class 2 balance out, giving the correct overall numbers 
in each class. Likewise, the errors in identifying Class 3 as Class 5 and Class 5 as Class 3 cancel 

n u t  in a similarfashim -11 

2 6 7 5 0 
2 8 4 8 0 

3. Utility Theory 
When there are many applications for a given set of data, utility theory can help sort out the 
important aspects of the data. The details of a particular application govern the utility function. 
One can imagine many scenarios of usage of traffic data: the most common involves estimation 
of a parameter at a particular site that depends linearly on the immber of vehicles in each class, or 
a derived quantity such as the average speed times the number of vehicles, or perhaps, the equiva- 
lent single axle loadings of all vehicles. An enforcement utility function, on the other hand, might 



involve specification o f  the characteristics of a single stolen vehicle. The best classification 
scheme depends on the characteristics of the associated utility function. For estimation the follow- 
ing utility function is appropriate for repeated samples with the same distribution at a given site: ’ 

i j  

where Wi indicates the importance of a particular class and Mij is the performance matrix ele- 
ment. This indicates that cancellation of errors is useful,; thus, if Class 2 vehicles are misidentified 
as Class 3 in the same number as Class 3 vehicles are misidentified as Class 2, the overall counts 
will be preserved and to the extent that cancellation happens, the prediction with cancellation will 

_ _ _ _ ~  -~ ~~ d e a s  good as that without,------ - _ _ _ _ _ _  

The problem is that most classification schemes are not geared for one site. Even if they were, the 
variations in traffic flow at a single site can change with weather, degree of urbanization, techno- 
logical factors, and the mission of society. In the language of neural networks, this phenomena is 
called the problem of generalization. The network is trained under one set of circumstances and is 
used for another; how does its performance change? In the case that the performance matrix 
showed perfect performance, this would be expected to hold at all sites. When cancellation of 
errors occurs, the cancellation effect depends on the volume of traffic in the two cancelling 
classes. This is shoiVn in the simple model moving demarcation line model, shown if Figure 4. 

Demarcation Line 

Figure 4: Moving demarcation line for intermediate case 
The two distributions of vehicles are assumed to maintain the same shape, but have variable 
amplitudes. If there are almost no vehicles in the second class, the height of the second triangle 
will be very small. There will be almost no overlap area under it. This means that the demarcation 
line moves to the right until the area under the first triangle, to the right.of the line, is almost zero. 
Contrariwise, if there are almost no vehicles in the first class, but lots of vehicles in the second 
class, the first triangle will have nearly zero height while the second triangle remains tall. Then 
the demarcation line moves to the left, until the area to the left of the demarcation line of the sec- 
ond triangle is nearly zero. An intermediate case is shown in Figure 4. Other models that vary 
with vehicle concentrations also show these effects and could be more important than the moving 
demarcation line model in practice. One such model would be to utilize a least square fit to the 



observed profile with variable coefficients multiplying two basis distributions. The conclusion is 
the same: namely a model’s generalization characteristics need to be examined in detail. 

The generalization characteristics drives the importance of the diagonal matrix elements. The two 
effects of cancellation of errors and large diagonal matrix elements in the performance matrix 
suggest the following form of utility function to decide on the best classification scheme with data 
derived fkom one site to be applied at other sites for the purpose of parameter estimation. 

Here -1- We indicates ---- the relative importance - of class ______I i. The parameter c is - chosen . -. large if the same 
- - 

. distributions of vehicles occur at all sites and small if the variations at sites are totally unpredict- 
able. 

Conclusion 
The undesirable characteristics of Scheme F have been described qualitatively and more generally 
with utility theory. A recurrent probabilistic neural network with a reclassification network for the 
rejected vehicles has been constructed and is a major remedy for the difficulties of Scheme F. The 
framework of utility theory can be the basis for determination of a best algorithm that applies to a 
variety of sites. With this and a study of the underlying phenomena at various sites, the details of 
best algorithm implementation can be determined. 
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