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ABSTRACT

This paper is about a statistical research analysis of 1995-96 classification and weigh in motion
(WIM) data from seventeen continuous traffic-monitoring sitesin New England. Datascreeningis
discussed briefly, and a cusum data quality control procedure is proposed. The main purpose of the
analysis, however, isto infer statistical methods for using data from multiple states in a common
resource data pool. Because data sharing means cross-state extrapolation, the combined data should
not be used without a proper statistical accounting for extrapolation error. Another major concern
in implementing a data-sharing procedure is operational simplicity. Of particular interest are the
possible analytical ssimplifications of combining vehicle classes (i.e., reducing the number of vehicle
classes used in practice) or combining HPM S roadway functional classes. Adjusting for seasonal
and day-of-week effectsis also a concern.

Conclusions based on the analysis are still preliminary. Analysis of the ultimate use of the data
suggests that from the perspective of vehicle load estimation, there islittle advantage to combining
vehicle classes. Analysis of both the WIM and classification data suggests that differences among
HPM S functional classes are sufficient to warrant against combining functional classes. But even
without these simplifications, data sharing among statesis agood idea. The analysis method used
here, one-way analysis of variance, is reasonably simple (can be done with an ordinary spreadsheet
program), provides an accounting for statistical error, and is thus an appropriate analysis tool for data
sharing.



1. INTRODUCTION

For many years the six New England States (U.S. DOT standard Region 1) have been collecting
vehicle classification and truck weight data to meet programmatic needs of the state and Federal
governments. Each state has a well-developed traffic monitoring system. In addition, a good
working relationship exists among the states. Thisis evident from technology sharing meetings held
severa times ayear, from regular exchanges of data, and from the states desire and commitment to
improve existing traffic monitoring programs, particularly for trucks. Currently, the Region 1 states
are reviewing the cost-effectiveness of their data collection and analysis activities, and exploring the
possibility of combining traffic data programs.

Although never formally demonstrated, it is reasonable to think that truck travel in each of these
states is similar, because of geographic location, the small size of each state, continuity of major
truck routes across the states, and similarity in economic activities. It isalso reasonable to think that
the six states may have other similarities and that a combined data collection effort may significantly
reduce the resource demand on each state. Unfortunately, available resources have limited detailed
analyses of each state’s data. These analyses are crucial to determine similarities in data and to
establish an effective way of combining their traffic data.

The work described here is an analysis of classification and weigh-in-motion data from several of
the Region 1 states. The classification data were vehicle counts for FHWA classes 1-13. The WIM
data were axle weights and spacings for trucks (classes 4-13). Details about data availability and
decisions about was kept for further analysis are documented in [1]. The decisions were based on
an analysis of missing data, and severa preliminary data-quality checks. For the classification data,
the checks were based on class frequency ratios, frequency changes, and three-standard-deviation
control limits. For the WIM data, the checks were based on a graphica analysis of front-axle and
gross-vehicle weights of five-axle single-trailer trucks (vehicle class 9). Table 1 gives basic
descriptive information about the sixteen classification sites and eleven continuous-monitoring WIM
sites kept for further analysis. The total number of different sitesis seventeen—ten sites were kept
for both their class and WIM data. Figure 1 shows the locations of the sites.

The data analysis was a research task. The objective was to analyze the traffic volume and
classification data, and at the same time to explore and develop statistical methods for (1) combining
data across states, (2) combining vehicle classes, (3) combining HPM S roadway functional classes,
and (4) making seasonal and day-of-week adjustments to short-term class or WIM data. Both the
need and the methodology for day-of-week and seasonal adjustments (i.e. adjustment factors) in
short-term traffic volume data are well understood [2]. Here we use the same approaches for
classification and WIM data. Therefore issue (4) will only be considered briefly.

Combining data across states means cross-site extrapolation beyond state borders. Cross-state
extrapolations are subject to site-differences attributable not ssmply to differences in location but
also to differences in weight-limit regulations. Therefore, it is especialy important that any
methodol ogy for data-sharing across state boundaries should include measures of the extrapolation
error, that is, standard errors of estimates based on extrapolating. Reasonable approximate standard
errors allow



Table1l. The Seventeen Classification/WIM Sites Kept for Classification Analysis

Avg. Ann. Pct.in  Avg. Avg.
Ste HPM S Class L ocation Yrs. Dir. Daily Class Dally GVW
(also see map) Traffic  4-13 Trks. (kips)
Rural—Major Rt. 117—9m N of
CT974 collector (7) Rt. 184 95 N 4802 461 190 9.8
Urban—Principal Arterial Rt. 2—2.5m W of
CT978 Other Free/Expwy (12) Rt. 83 9%5 w 16,094 415 600 30.0
Urban—Principal Arterial [-84—2 m W of
CT990 Interstate (11) Rt. 30 9%5  w 42,681 859 3,430 40.1
Urban—Principal Arterial [-84—75m W of Class  Class
CT991 Interstate (11) Rt. 31 9%5 w 33,009 10.09 ony  only
Urban—Principal Arterial
MAOQOL Interstate (11) [-93—N of Rt. 28 9% N,s 93070 564 9420 32.7
Urban—Principal Arterial
MAOO2 Interstate (11) [-391—N of 1-90 9% N,S 13,659 347 210 16.3
Urban—Principal Arterial Rt. 27—Sof Class  Class
MAOQO3 Other (14) Hospital Rd. 95,96 N,S 3,363 541 ony  only
Urban—Principal Arterial [-95—E of Class  Class
MAOQO4 Interstate (11) Acushnet River 9% EW 16,156 452 only  only
Urban—Principal Arterial [-95—S of
MAOQOS Interstate (11) Rt. 38 95,96 N,S 85,172 5.69 5450 30.7
Urban—Principal Arterial Rt. 146 at M ass.
RI350 Other Free/Expwy (12) StateLine 95,96 N,S 7,817 11.62 1,770 41.7
Rural—Principal Arterial Class  Class
VT132 Other (2) U.S. 7—Charlotte 95,96 N,sS 5131 8.09 ony ony
Rural—Principal Arterial VT 103, Class  Class
VT249 Other (2) Rockingham 9% EW 2512 11.35 only  only
Rural—Principal Arterial us. 7, Class  Class
VTadl Other (2) New Haven 95,96 N,S 3,135 851 ony ony
Rural—Principal Arterial WIM WIM
VTd92 Interstate (1) |-91—Fairlee 95,9 N,S  Only ony 1,420 38.6
Rural—Principal Arterial
VTNOL Interstate (1) |-91—Fairlee 9%5 N,S 3,893 1155 860 41.6
Rural—Principal Arterial U.S. 4—New
VTrol Other (2) Haven 95,96 E,W 3,194 1439 860 451
Rural—Principal Arterial
VTX73 Interstate (1) |-91—Putney 9% N,S 6,385 12.54 1,530 43.0
N, S
All  1,2,7,11,12, 14 CT,MA,RI,VT 959 EW 18,865 6.66 2,320 35.4
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Figure 1. The Seventeen Classifications/WIM Sites Kept for Analysis. *Classification analysis
only; **WIM analysis only; other sites were used in both analyses.



for decisions about whether cross-site extrapolations are adequate. In addition, error analysis can
identify where resources might best be spent in improving cross-site estimates (e.g., longer
monitoring at short-term sites vs. more continuous sites).

The process of converting short- or long-term WIM data or axle or classification counts into
estimates of |oads and other useful statistics is deceptively complex. Thus, in addition to technical
defensibility, a major concern in data-sharing methodology is simplicity of operation. Concerns
about operational smplicity (and cost) have lead to interest in combining vehicle classes or roadway
functional classes, for the purpose of data analysis, and these possible simplifications should be
considered in decisions about methods for data-sharing.

Another reason for investigating the possibility of combining vehicle classes is that because the
traffic for some of the classes is low-frequency, statistical properties of estimates (particularly the
relative error) for those classes tend to be poor. (Combining the vehicle classes might improve the
relative error.) In addition, validation “ground-truthing” experiments [3] have indicated that FHWA
vehicle classes 2 and 3 might well be combined because of the incapability of classification
equipment to differentiate those two classes. The same rationale about statistical properties applies
to HPMS functional classes, and, similarly, there is doubt that some of the HPMS classes are
sufficiently different to warrant separate consideration.

Analysis of variance (ANOVA) provides a mechanism for cross-site extrapolation with a formal
accounting for extrapolation error. It provides testsfor differences between classes of sites, such as
HPMS functional classes. Initssimplest form, one-way ANOVA, it is ssmple enough to implement
with an ordinary spreadsheet program such as Excel.

In Section 2 of this paper we discuss data quality checks. Although the basic selection of the data
for analysisis discussed elsewhere, several additional quality control checks were performed as part
of the analysis discussed here. In Section 3 we briefly consider seasonal and day-of-week effects.

In Section 4, propagation of errors is considered as a basis for deciding about whether vehicle
classes should be combined. The basic conclusion isthat for the purpose of load estimation, there
is little to gain by combining vehicle classes. In Section 5 we consider limitations on the data
structure, which affect how the data should be analyzed. ANOV Asare discussed in Section 6. The
ANOV As suggest that many HPM S functional classes differ substantially enough that they should
not be combined, and for the others there is not sufficient basis to combine them either.

The ANOVA and propagation of error methods together form a methodol ogy that can be used for
cross-state data sharing and extrapolation, a methodology that is reasonably simple and provides an
accounting for statistical error incurred in cross-site extrapolations. Conclusions and several
important areas for amore detailed analysis are mentioned in Section 7.



2. DATA SCREENING

The data selection criteria (discussed in [1]) we used for the classification data were more extensive
than for the WIM data. The checksfor the classification data had explicitly defined rgection criteria,
whereas the checks for the WIM data were graphical and more subjective. Therefore, although the
preliminary checks for both the class and WIM data were used to decide whether to keep or exclude
the class or WIM datafor entire site-years, the checks for the class data were also used as abasis for
excluding smaller sections from the “kept” data. For the WIM data, a number of additional checks
were made. The additional WIM data checking was done in two steps: (1) comparing data values
to internal and external references checks, and (2) serial checks and graphical inspection.

The interna and externa reference checks include, for example, comparisons: of axle weights to
minimum and maximum limits; of the number-of-axles data entry to the number of axles having
positive weight and to the number of axlesimplied by the six-digit code; of the total wheelbase data-
entry to the sum of individual axle-spacings. VTRIS [4] default l[imits were used for minimum or
maximum limits. For more details about these checks see [5].

The serial WIM data checks were performed as follows. For each site, direction, and year, daily
average gross vehicle weights (GVWSs) were plotted over time, and marked, using a change-point
algorithm, wherever appreciable jumps or change-points—possibly bad data—seemed to occur. The
change-point algorithm is based on the statistic:

mean for two weeks post - mean for two weeks prior
mean for two weeks post + mean for two weeks prior |’

T=200 x

evaluated at each point in the data series. The statistic T is actually a cusum (cumulative sum)
statistic from statistical quality control theory [6]. A changein the seriesis suggested at any point
for which the mean for the last two weeks is appreciably different from the mean for the next two
weeks. “Appreciably different” must be defined, of course, and should achieve areasonable balance
of false positives and false negatives. Here, after severa iterations, “appreciably different” was
defined as “greater than 15 percent.”

Two of these plots, for two Region 1 sitesin 1996, arein Figure 2. Appreciable changes are marked
as “Percent Shift (where > 15%).” There are no appreciable change points in the series for the first
site, but there is a change in the series for the second site, near the beginning of November 1996.

Upon inspection, the change in the second series is obvious, and the change may represent a change
in real traffic conditions, rather than an instrumentation problem. Nevertheless, the convenient
feature of the cusum approach is that‘alarnt can be sounded (e.g., email sent) when there
appears to be a substantial change. The series can then be examined graphically, with special
attention paid to those cases more likely to need attention, and without the need for routine (e.g.,
daily) inspection of all the data plots. Cusum and other data quality checking can be incorporated
into automatic data downloading procedures.
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