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Abstract: This paper evaluates the effect of inclement weather conditions on the travel demand for
three classes of vehicles for a primary highway in the province of Alberta, Canada. The demand
variables are passenger cars, trucks, and total traffic. It is well known from previous studies that
adverse weather conditions such as low temperatures and heavy snowfall cause variation in traffic
flow patterns. A winter weather model, based on the dummy variable regression model, was
developed to quantify the variations in traffic volume due to snowfall and temperature changes.
To establish the relationships, vehicular data was collected from six weigh-in-motion (WIM) sites,
and the weather data associated with the WIM sites was collected from nearby weather stations.
The study revealed that the variation in truck traffic, due to inclement weather conditions, was
insignificant compared to variation in passenger car traffic. This study also investigated the temporal
transferability of the developed winter weather model to test if a model can be applied irrespective of
the time when it was developed. In addition, an attempt was made to check if the model coefficients
could be optimized differently for different classes of traffic for estimating correct traffic variations.
To evaluate transferability, the performance of both dummy variable regression and naive (without
dummy variables) models was investigated. The results revealed that the dummy variable regression
models show better performance for passenger car traffic and total traffic and naive winter weather
models give better results for truck traffic.

Keywords: weigh-in-motion; vehicle classification; winter weather traffic model; temporal
transferability

1. Introduction

Travel demand forecasts are essential for transportation infrastructure development. These can
be obtained with demand models with a realistic theoretical base as well as applicable data. It is
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known that travel demand can be affected by among other factors, cost, level of service, and weather.
Also, traffic volume shows spatial as well as temporal variation. Depending upon application context,
temporal variation can be modeled on an hourly, daily, weekly, or yearly basis. Spatial variations are
caused by different highway locations and highway types. Generally, adverse weather conditions such
as heavy rain, snowfall, and very low temperatures are found to have a negative impact on transport
demand [1,2]. The drop in travel demand during extreme weather conditions can be attributed to
discretionary trips more than mandatory trips because the former can be rescheduled, or even canceled.
Adverse weather also causes variations in travel patterns resulting in higher accident rates, lower
speeds, and increased travel delays. It also causes modal shifts and changes in trip distributions.

Canada is susceptible to severe winter weather with heavy snowfall and very low temperatures.
As stated earlier, traffic volumes and patterns are highly affected by these winter weather conditions,
and as such understanding of the disruptions to traffic flow, due to these conditions, becomes
increasingly important for travel modeling at micro and macro scales.

Transferability of the travel demand model is usually explained in a temporal and spatial
context. Travel demand modeling assumes that travel behavior depends upon predictable behavioral
characteristics. Hence, the concept of transferability is based upon the expectation that the
travel pattern of individuals depends on their socio-economic characteristics, personal background,
transportation infrastructure, and that behavioral patterns do not change over time and space.
The transferability of travel demand models, temporally as well as spatially, is of significant practical
interest. The primary reason for this is that developing a travel demand model is a data-intensive
process and the collection of data usually requires huge investments, both in terms of money and time.
Therefore, the ability to transfer a model, or the parameters of a model, developed with historical
data for one at a point in time and space to predict the travel behavior at another point in time and
space for future application can help in the reduction of data collection resources and effort in model
development. Additionally, it will be very helpful to smaller Metropolitan Planning Organizations
(MPOs) with scarce resources who could reuse the models developed in the past to estimate present
and future demand. This study explores the effect of adverse weather conditions on classified traffic
volume and tests the temporal transferability of winter weather models.

2. Background

Akin et al. used historical meteorology data and remote traffic microwave sensor data (i.e., speed
and flow) to establish relationships between traffic flow parameters and the weather conditions for
an urban highway in Istanbul. The study concluded that the average reductions in speed and traffic
volume are 8-12% and 7-8% respectively due to rainfall. Light snowfall reduces the average speed by
4-5% and average traffic volume by 65-66% [3]. Hranac et al. developed weather adjustment factors
as a function of precipitation type, intensity, and the level of visibility to calibrate speed and traffic
volume. They reported the reductions in free flow speed and average traffic volume of up to 2-3.6%
and 10-11% respectively due to light rainfall (0.01 cm/hour) and 5-16% and 12-20% respectively
due to light snowfall (0.01 cm/hour). Visibility was reported to have a greater impact on traffic flow
parameters in the case of snowfall as compared to rain precipitation [4]. Some of the other previous
studies [1,5-10] also reported that the traffic volume and speed experience higher variations due to
adverse winter weather conditions. Highway traffic volume was also directly affected by the driver
behavior in terms of trip making decisions as a response to the prevalent adverse weather conditions
which may have led to the delay or cancellation of the trip [6,11].

Badoe and Steuart used the household model developed using linear regression analysis in 1974
to assess the temporal transferability of the model by estimating the household-level trips that occurred
in the Greater Toronto Area (GTA) in 1986. Transfer results were evaluated using the transferred
R? value, root mean square error (RMSE) values, and the transferability index. It was concluded
that the transferred model gives a good prediction of total home-based trips and home-based work
trips but a poor prediction of home-based non-work trips [12]. Doubleday studied the temporal
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transferability of a cross classification type linear regression model using age, employment, vehicle
ownership, and children as the determining factors. The model transferred from 1962 to 1971 appeared
to provide good predictions of home-based work trips, but forecasts for other trips were not good [13].
Ashford and Holloway while testing temporal transferability of model parameters developed for
zonal and home-based linear regression cross-classification model found a significant difference in
the estimated coefficients. The study concluded that transferability for long term planning horizons
could not be expected to be dependable [14]. Caldwell IIT and Demetsky used data collected from
three cities in Virginia to assess the spatial transferability of linear regression trip generation models at
household and zonal level. Results indicate that the models are transferable between similar cities
with similarity defined in terms of household income, auto-ownership and household structure [15].
Holguin-Veras et al. studied the transferability of freight trip generation (FTG) models, with the use
of validation data as a reference, to evaluate how well the FTG rates are predicted by a transferred
model. The study also assessed econometric models with pooled data from different establishments of
similar characteristics to study the locational effects that could affect transferability. They developed a
synthetic correction method to enhance the transferability of a model and the corrected model was
found to improve transferability by improving RMSE by an average of 13% [16]. Although many
practical applications of temporal transferability tests have been found, temporal transferability of
winter-weather traffic models for the Canadian provincial highway network remains as a subject
worthy of research attention.

In previous research, the effect of adverse weather conditions on the variation of traffic volume
was studied through rigorous statistical investigation using traffic data collected both from Permanent
Traffic Counters (PTCs) and WIM [17-19]. One of the major drawbacks of the past studies is that
they relied solely on the model of total traffic without considering various types of vehicle classes.
This limitation was considerably relaxed in a study conducted by Roh et al., where the impact of
snowfall and temperature on three vehicle classes was modeled [20]. However, the evaluation of the
temporal transferability of the developed winter-weather traffic models was not performed even in
that study. Therefore, the temporal transferability of the winter weather traffic models developed for
winter season attracted the attention of authors.

This study was designed to develop winter-weather traffic models for the various types of
vehicles based on the provincial highway network and then to test their temporal transferability.
The winter-weather model was developed using five years of WIM data. After verifying the robustness
of the model using standard statistical techniques, temporal transferability was tested using extra
one-year data collected from the same site. This study is expected to contribute to the literature as an
appropriate example of the temporal transferability test of winter-weather traffic models developed
in the provincial highway network providing various functions. The research framework and its
methodological components are shown in Figure 1.
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Figure 1. A diagram of the methodology adopted at each step.
3. Study Data

Traffic and weather data were the two data sources used in this study. Alberta Transportation (AT)
is a provincial agency that builds and rehabilitates the transportation infrastructure in the province of
Alberta and collects traffic data from the weigh-in-motion (WIM) system. AT has been continuously
collecting vehicle information data such as axle load, the speed of the vehicle, and the date and time
of travel through six WIM sites installed on Alberta highway network from July 2004. Five years
of the data spanning from 2005 to 2009 was used to develop the winter-weather traffic models, and
an additional 2010 data set is used to test their transferability. Although AT has been continuously
collecting WIM data at the same sites used for this research, the data of 2010 were the most recent data
for which vehicle classification, weather, and traffic data were available to us. Therefore, the data for
the year 2010 were used for assessing the temporal transferability of the weather traffic model.
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Environment Canada has about 8,000 weather stations installed over the country, out of which
598 are operating in the province of Alberta, which collect climatology data daily. The weather
parameters recorded by weather station includes rainfall (mm), snowfall (cm), mean temperature (°C).
Environment Canada’s National Climate Data Archive was used to extract the weather data for this
study. The weather data shows that snowfall and cold temperatures continue to be recorded from
November to March every year, so these five months were considered as the winter season and used
for modeling. As a result, a total of 510 days were selected for modeling for the five-year study period.

It is very important to designate a weather station that can adequately represent the climatic
conditions of the WIM site. To pursue this, a two-step process was developed. The first step involves
identifying all the weather stations around the WIM site. For this purpose, a base map with the help of
a geographic information system (GIS) was developed which included all the 598 weather stations
and the study WIM sites. The second step involved locating weather stations installed within a radius
of 16-24 km from the WIM site. The determination of this effective distance is based on the results
of previous studies [17,21,22]. These studies indicated that climatic conditions within a distance of
16-24 km from weather station could be considered homogeneous. Table 1 summarizes weather
stations that are closest to the WIM site and shows the amount of missing weather data of each weather
station. The Edmonton Woodbend weather station at Hwy 44 had missing weather data for 25 days
and the Monarch weather station at Hwy3 had missing weather data for 100 days. The Shining Bank
weather station at Hwy 16 had missing weather data for 157 days. Other weather stations associated
with Leduc Hwy 2A, Leduc Hwy 2, and Red Deer Hwy 2 had no missing data. According to the
recommended distance criteria and the integrity of weather data, modeling proceeded with three WIM
sites which satisfied the distance standard and had no missing weather data.

Table 1. Information on WIM Sites and their associated weather station.

Site No. WIM Site Name Asso;::ie:nv;lgather Weather Station Name D;:,tle;\r/}c(elérno)m Ml];s;&g(]‘sv:;:?er
1 Leduc Hwy 2A 3012205 Edmonton Int'l A Alberta 13.32 0
2 Leduc Hwy 2 3012205 Edmonton Int'l A Alberta 8.98 0
3 Red Deer Hwy 2 3025480 Red Deer A 7.08 0
4 Villeneuve Hwy 44 3012230 Edmonton Woodbend 24.19 25
5 Fort MacLeod Hwy 3 3034596 Monarch 13.34 100
6 Edson Hwy 16 3065885 Shining Bank 31.03 157

4. Model Development

4.1. Vehicle Classification

The first task of the model building process began with classifying vehicles using vehicular records
obtained from the study WIM sites. Vehicle classification was conducted in a three-step procedure.
The first step involved segregating vehicular records into two classes: complete data records (CDRs)
and incomplete data records (ICDRs) according to whether full information for classification exits or
not. The second step involved developing visual basic (VB) computer code that classifies vehicles
into 13 subclasses from CDRs using information about axle spacing and the number of axles based
on the scheme F developed by Maine Department of Transportation under the contract by of Federal
Highway Administration (FHWA) [23]. As the third step, the vehicular records in the ICDRs were
distributed proportionally to the traffic volumes of each vehicle classes classified in the second step.
Due to the low amount of truck traffic, and other subclasses, the 13 vehicle classes were aggregated
into three vehicle classes: total traffic, passenger car traffic, and truck traffic.

4.2. Preliminary Data Analysis

Vehicle classification was followed by preliminary data analysis which was carried out by plotting
scatter plots between the independent variables and the dependent variable. Figure 2 shows scatter
plots between the dependent variable of observed daily volume factor and the independent variables
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such as expected daily volume factor (EDVF), snowfall, and temperature for the data obtained at one
of the study WIM sites. Observed traffic volume factor, defined as the ratio of total daily traffic to
the annual average daily traffic (AADT), is used instead of daily traffic volume to account for annual
variations in traffic volume. The EDVEF, used as one of the independent variables in this study, is an
averaged daily traffic volume factor calculated from historical traffic volume over the five-year study
period. The relationship between observed daily volume factor and the EDVF shows a strong positive
linear for all three vehicle classes, as shown in Figure 2a,d,g.

As shown in Figure 2b,e for snowfall and Figure 2¢,f for temperature, heavy snowfall, and cold
temperature have a negative effect on the total traffic volume and passenger traffic volume. In contrast,
truck traffic was affected less by changes in snowfall and temperature, compared to total traffic volume
and passenger cars, as shown in Figure 2h,i.
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Figure 2. Scatter plots between dependent and independent variables.

4.3. Traffic Pattern

This section investigates the traffic patterns of passenger car and truck traffic at the three study
WIM sites. According to an initial statistic of WIM data, passenger traffic accounted for 92% of the
Leduc Hwy 2A site, 84% for Red Deer Hwy 2, and 83% Leduc Hwy 2. Passenger car traffic pattern is
very similar to total traffic pattern because of the high share of passenger cars in total traffic volume.
The hourly and daily variations in traffic patterns of passenger cars and trucks are shown in Figures 3-5
for each of the three WIM sites.

Sharma et al. developed a method of classifying highways according to the trip length and
purpose of the travel population [24]. The same classification system was employed to classify the
highway segments on which the study WIM systems were installed. The common traffic pattern
observed at two of the WIM sites, Leduc Hwy 2 (Figure 4) and Red Deer Hwy 2 (Figure 5), is that peak
hour traffic in both the morning and evening is not clearly distinguishable. The reason for this is that
the highways primarily carry a mix of long-haul inter-regional traffic and therefore can be classified
as an inter-regional long-distance route. On the other hand, the WIM site located on Hwy 2A near
Leduc (Figure 3) has observed the peak traffic volumes in the morning and evening, and the traffic
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volume on weekends was reduced compared to weekdays. This highway is primarily responsible for
work and business trips originating within commuting areas near the City of Edmonton and can be

classified as a regional commuter route.
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4.4. Model Development and Testing

To analyze and study the relationship between traffic volume and the weather factors, a dummy
variable regression modeling technique was employed. A dummy variable regression model was
developed respectively for each of the three WIM sites for total traffic and passenger car, truck traffic
volume. In the model specification, EDVF and snowfall are included as two quantitative independent
variables and daily mean temperature, categorized into seven classes, is included as a qualitative
independent variable. The EDVF used for model calibration was the traffic volume which is averaged
over historical traffic volume. The inclusion of this variable in the model specification was responsible
for the explanation of the systematic part in traffic volume changes that is repeated periodically solely
by the traffic event other than the climate events such as rainfall and snowfall. The systematic part
of the traffic volume change can be explained by the EDVF variable, but it cannot explain all the
changes. Thus, by including low temperature and snowfall in the model specification, the model can
be specified as a system which is capable of capturing the part of random changes in traffic volume
due to arbitrary meteorological phenomena. The daily mean temperature used as a dummy variable is
classified into seven cold categories with the same 5 °C interval ranging from the baseline category of
over 0 °C to CCq category of below —25 °C. The dummy variable regression model is constructed for
all three types of vehicles for all three WIM sites following the formulation given in Equation (1).

7
yi = f(EDVF, snowfall, temperature) = B1EDVF; + BySnow; + ) _ 7;CCij + € 1)
j=1

where, i indicates the ith observation; y; indicates estimated value of daily traffic volume factor for
each of the three types of vehicle; f1, 2 and 1; indicate coefficients for each independent variable;
CC;j = 1if observation i falls in cold category j, otherwise 0, and ¢; is the error term.

The variables coefficients are estimated for total traffic, passenger car traffic and truck traffic
models. Although total traffic is not a different class of vehicles, we considered developing models for
it. The rationale behind such a consideration is that most of the earlier studies analyzed the effects of
inclement weather conditions on total traffic without any classifications because of the lack of data
availability. Permanent traffic counters record only total traffic data, unlike WIM which provides
classified traffic count. It would be of benefit to see modeling results of each vehicle class including
total traffic to understand how each vehicle class is affected by severe weather conditions compared to
the study which considered total traffic, only.

Pearson correlation coefficient (R?) is used to evaluate the overall goodness of fit of the dummy
variable regression model. The correlation coefficient is above 99% for all the models, except for the
model 3 (Table 2), which implies that the developed models fit well with the sample data. The overall
significance of the dummy variable regression model is tested by F-statistics. Results from F-statistics
indicate that all the models are statistically significant at the 0.001 level. The result of the T-statistic is
presented using the symbol (*) which indicates the significance of the estimated coefficients by the number
of it. The incremented F-statistic was used to reject the null hypothesis that the dummy variable regression
modelling was not an improvement over the naive model which does not include any dummy variables.
The incremental F-statistics justify the inclusion of dummy variables of cold categories at 0.05 (or less than
0.05) level for all models. The estimated coefficients along with model structures are given in the Table 2
for Leduc Hwy 2A, Table 3 for Leduc Hwy 2, and Table 4 for Red Deer Hwy 2.
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Table 2. Daily winter weather regression models with dummy variables at Leduc Hwy 2A.

Variables Coefficients Total Traffic (Model 1)
EDVF 0.953139 (0.018599) ***
SNOW —0.023223 (0.001288) ***
Baseline 0.070487 (0.019425) ***
CCy 0.073362 (0.018567) ***
CC2 0.068267 (0.017861) XAk qust’lim’ = 0.953139 « EDVF — 0.023223 *x SNOW + 0.070487
- Yee1 = 0953139 x EDVF — 0.023223 + SNOW -+ 0.073362
CGs 0.064308 (0.018547) Vo2 = 0953139 + EDVF — 0023223 + SNOW + 0.068267
CCy 0.047430 (0.019156) * Y3 = 0.953139 « EDVF — 0.023223 * SNOW + 0.064308
. Y.cq = 0953139 « EDVF — 0.023223 * SNOW + 0.047430
CGs 0.037887 (0.018758) Yees = 0.953139 + EDVF — 0.023223  SNOW -+ 0.037887
CCq —0.037835 (0.019432) Y6 = 0.953139 « EDVF — 0.023223 « SNOW — 0.037835
R? 0.9974
F 21470
2
Change from Ry,;,, 0.0007
Incremental F-statistic 22.48 ***
Variables Coefficients Passenger cars (Model 2)
EDVF 0.936133 (0.021999) ***
SNOW —0.025511 (0.001357) ***
Baseline 0.093497 (0.022601) ***
cCy 0.092716 (0.021734) *+*
CC2 0.086344 (0020982) *%% quselim‘ =0.936133 « EDVF — 0.025511 * SNOW + 0.093497
Y. = 0936133 x EDVF — 0.025511 «* SNOW + 0.092716
CG 0.081455 (0.021670) Yec2 = 0.936133 % EDVF — 0.025511 + SNOW +0.086344
CCy 0.058824 (0.022246) ** Y3 = 0.936133 « EDVF — 0.025511 «* SNOW + 0.081455
ch4 =0.936133 x EDVF — 0.025511 * SNOW + 0.058824
CCs 0.052355 (0.021648) * Y5 = 0.936133 * EDVF — 0.025511 * SNOW + 0.052355
CCq —0.028791 (0.022443) chcé =0.936133 x EDVF — 0.025511 * SNOW — 0.028791
R? 0.9971
F 19190
Change from R%;,,,, 0.0009
Incremental F-statistic 22.27] ***
Variables Coefficients Truck Traffic (Model 3)
EDVF 1.0037034 (0.0195638) ***
SNOW 0.0030130 (0.0037855)
Baseline —0.0581293 (0.0278854) *
cC, —0.0133576 (0.0240148)
G, 0.0052190 (0.0224504)  Vagseline = 1.0037034 x EDVF + 0.0030130 + SNOW — 0.0581293
Y.c1 = 1.0037034 « EDVF + 0.0030130 * SNOW — 0.0133576
CGs 0.0031651 (0.0248472) V.2 = 1.0037034 + EDVF + 0.0030130 + SNOW — 0.0052190
CCy 0.0523929 (0.0286525) ?563 = 1.0037034 * EDVF + 0.0030130 * SNOW + 0.0031651
Y. = 1.0037034 + EDVF + 0.0030130 * SNOW + 0.0523929
CGs 0.0001393 (0.0321182) Yees = 1.0037034  EDVF +0.0030130 * SNOW -+ 0.0001393
CCq —0.0063834 (0.0326517) Y. = 1.0037034 « EDVF + 0.0030130 * SNOW — 0.0063834
R? 0.9812
F 2908
Change from R%\] sive 0.0006
Incremental F-statistic 2.28*

Regression coefficients with standard errors (in parenthesis); Coefficient is statistically significant at the 0.001
level (***), 0.01 (**), 0.05 (*).
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Table 3. Daily winter weather regression models with dummy variables at Leduc Hwy 2.

Variables Coefficients Total Traffic (Model 4)
EDVF 0.939204 (0.020096) ***
SNOW —0.021702 (0.001441) ***
Baseline 0.090719 (0.019334) ***
e 0.087950 (0.017985) ***
CC2 0.077982 (0‘017090) *R% Y/bAaseline =0.939204 * EDVF — 0.021702 * SNOW + 0.09071
o Yoe1 = 0939204 « EDVF — 0021702 + SNOW + 0.087950
G 0.061427 (0.017320) Yeep = 0.939204 + EDVE — 0.021702 « SNOW + 0.077982
CCy 0.037499 (0.018488) * chg =0.939204 x EDVF — 0.021702 * SNOW + 0.061427
Y.cs = 0.939204 « EDVF — 0.021702 * SNOW + 0.037499
CGs 0.018471 (0.019319) Yees = 0.939204 x EDVF — 0.021702 « SNOW + 0018471
CCq —0.046296 (0.018562) * Y6 = 0.939204 « EDVF — 0.021702 x SNOW — 0.046296
R? 0.9958
F 13270 ***
2
Change from Ry,;,, 0.0015
Incremental F-statistic 25.56 ***
Variables Coefficients Passenger cars (Model 5)
EDVF 0.960591 (0.017862) ***
SNOW —0.024322 (0.001630) ***
Baseline 0.078320 (0.017497) ***
cq 0.071646 (0.015926) ***
CC2 0.061157 (0015188) *%% Ybﬁselim‘ = 0.960591 « EDVF — 0.024322 * SNOW + 0.07832
— Y. = 0960591 « EDVF — 0.024322 x SNOW + 0.071646
CG 0.045415 (0.015331) Yec2 = 0.960591 % EDVF — 0.024322  SNOW +0.061157
CCy 0.016172 (0.016916) Y3 = 0.960591 « EDVF — 0.024322 « SNOW + 0.045415
Y.ea = 0.960591 * EDVFE — 0.024322 « SNOW + 0.016172
CCs —0.003761 (0.018545) Y05 = 0.960591  EDVF — 0.024322 + SNOW — 0.003761
CCq —0.068999 (0.017695) *** ch6 = 0.960591 « EDVF — 0.024322 * SNOW — 0.068999
R? 0.9944
F 9882 ***
Change from R%;,,,, 0.0019
Incremental F-statistic 2428 ***
Variables Coefficients Truck Traffic (Model 6)
EDVF 0.995660 (0.009039) ***
SNOW —0.007510 (0.001465) ***
Baseline 0.002533 (0.011789)
cq 0.022182 (0.010432) *
G, 0.024071 (0.009851) * Vigseline = 0995660  EDVF — 0007510  SNOW -+ 0.00253
Y:c1 = 0.995660 * EDVF — 0.007510 *x SNOW + 0.022182
CGs 0.002755 (0.010748) V.2 = 0995660 +* EDVF — 0.007510 % SNOW + 0.024071
CCy 0.002398 (0.011944) Y.3 = 0.995660 * EDVE — 0.007510 * SNOW + 0.002755
Y..s = 0.995660 + EDVF — 0.007510 * SNOW + 0.002398
CGs —0.003203 (0.013127) Yies = 0995660  EDVF — 0.007510 * SNOW — 0.003203
CCq —0.058014 (0.013328) *** Y6 = 0.995660 * EDVF — 0.007510 * SNOW — 0.058014
R? 0.997
F 18400 ***
Change from R%\] sive 0.0004
Incremental F-statistic 9.54 ***

Regression coefficients with standard errors (in parenthesis); Coefficient is statistically significant at the 0.001
level (***), 0.01 (**), 0.05 (*).
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Table 4. Daily winter weather regression models with dummy variables at Red Deer Hwy 2.

Variables Coefficients Total Traffic (Model 7)
EDVF 0.921144 (0.025447) ***
SNOW —0.025446 (0.001887) ***
Baseline 0.104429 (0.024368) ***
cG 0.099913 (0.023004) ***
CC2 0.095785 (0‘022359) *R% quseline =0.921144 « EDVF — 0.025446 * SNOW + 0.104429
- Yee1 = 0921144 x EDVF — 0.025446 + SNOW + 0.099913
CGs 0.085536 (0.022810) Yoo = 0.921144 x EDVF — 0.025446 + SNOW + 0.095785
CCy 0.037239 (0.024069) ¥cc3 =0.921144 « EDVF — 0.025446 * SNOW + 0.085536
Y,s = 0.921144 x EDVF — 0.025446 x SNOW + 0.037239
CGs 0.005832 (0.025113) Yees = 0.921144 x EDVF — 0.025446 % SNOW -+ 0005832
CCq —0.062117 (0.025035) * Yec6 = 0921144 « EDVF — 0.025446 « SNOW — 0.062117
R? 0.9950
F 11060 ***
2
Change from Ry,;,, 0.0017
Incremental F-statistic 24.33 ***
Variables Coefficients Passenger cars (Model 8)
EDVF 0.944257 (0.023299) ***
SNOW —0.027708 (0.002038) ***
Baseline 0.086179 (0.022198) ***
cCy 0.080507 (0.020635) ***
CC2 0.076265 (0020252) *Xk quseline = 0.944257 « EDVF — 0.027708 x SNOW + 0.086179
. chl = 0.944257 « EDVF — 0.027708 * SNOW + 0.080507
CCs 0.065927 (0.020637) Yec2 = 0.944257 « EDVF — 0.027708 + SNOW -+ 0.076265
CCy 0.012730 (0.022587) Y3 = 0.944257 « EDVF — 0.027708 x SNOW -+ 0.065927
ch4 = 0.944257 « EDVF — 0.027708 * SNOW + 0.012730
CCs —0.025178 (0.023941) Y05 = 0.944257 + EDVF — 0.027708 + SNOW — 0.025178
CCq —0.077922 (0.024133) ** ch6 = 0.944257 « EDVF — 0.027708 * SNOW — 0.077922
R? 0.9939
F 9040 ***
Change from R%;,,,, 0.0019
Incremental F-statistic 22.29 ***
Variables Coefficients Truck Traffic (Model 9)
EDVF 0.990601 (0.010468) ***
SNOW —0.012691 (0.001933) ***
Baseline 0.019481 (0.012907)
cC, 0.025764 (0.012149) *
G, 0.030801 (0.011777) ** Vigsetine = 0.990601 x EDVF — 0.012691 + SNOW + 0.019481
1(“1 =0.990601 * EDVF — 0.012691 * SNOW + 0.025764
CGs 0.017585 (0.012778) V.o = 0.990601 + EDVF — 0.012691 % SNOW + 0.030801
CCy 0.002090 (0.014246) YEC3 = 0.990601 «x EDVF — 0.012691 * SNOW + 0.017585
Y04 = 0990601 x EDVF — 0.012691 «* SNOW + 0.002090
CGs 0.006791 (0.016845) Y5 = 0.990601 % EDVF — 0.012691 * SNOW -+ 0.006791
CCq —0.131791 (0.018266) *** Y6 = 0.990601 * EDVF — 0.012691 * SNOW — 0.131791
R? 0.9962
F 14760 ***
Change from R%\] sive 0.0007
Incremental F-statistic 13.18 ***

Regression coefficients with standard errors (in parenthesis). Coefficient is statistically significant at the 0.001
level (***), 0.01 (**), 0.05 (*).
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It was found that total traffic and passenger car were affected in statistical terms by cold and
snow as observed from the modeling results in Table 2 (models 1 and 2) for Hwy 2A, in Table 3
(models 4 and 5) for Leduc Hwy 2 and in Table 4 (models 7 and 8) for Red Deer Hwy 2. However, the
phenomenon is not consistently observed in truck traffic. Truck traffic on Hwy 2A were not found
to be statistically affected by temperature and snow as shown in Table 2 (model 3). Interestingly,
trucks traveling on Leduc Hwy 2 (model 6) and Red Deer Hwy 2 (model 9) were more vulnerable to
temperature and cold than truck traffic on Hwy 2A. It is the consensus through this study that the
truck traffic is not influenced by cold temperatures and snowfall as much as passenger car traffic was
affected. It is also noted that the variation in truck traffic is affected differently by weather condition
according to the road classification of the highway segment. Figures 6-8 show scatter plots between
the estimated daily traffic factors and the observed daily traffic factors used in the development of
the models for the study WIM sites. The degree of accuracy of estimation between the two variables
is evaluated by performing regression analysis and is represented in terms of Pearson correlation
coefficient of R2. This value of R? is presented with the figures to show the overall accuracy of the
developed models. Figures 9-11 show the marginal variation of traffic volumes with different cold
categories for all the three WIM sites. Cold has a different effect on traffic flow depending on the nature
of the traffic that the highway is supporting. Overall, truck traffic is observed to be less dependent on
the cold category as compared to the passenger car traffic.
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Figure 7. Fitted dummy variable regression modeling results at Leduc Highway 2.
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5. Temporal Transferability

It will be of great utility to the transportation agencies if the models developed at one point in
time zone can be used at a different time zone. This helps to reduce the effort of data collection and
saves both time as well as money. This section aims to test the temporal transferability of the models
developed in the previous section. That is, it tests whether a model developed in a one-time frame can
be applied to another time frame irrespective of the gap between the development and application of
the model. To test the temporal model transferability of the models developed using data spanning
from 2005 to 2009, additional WIM data of 2010 was obtained from Alberta Transportation at the
same site. To test the accuracy of estimated traffic factors from the transferred model a regression
line between the observed and estimated traffic factors is developed and the value of R? is used as a
measure of accuracy. Temporal transferability is tested for both naive winter weather model as well as
the dummy variable regression model in order to develop a comparison between the two model types.
Another reason to test transferability with two different model specifications is to see if cold categories
were not found to be statistically significant for truck traffic and hence, to reach a decision that the
estimation of truck traffic might be better with a naive model as compared to a dummy variable model.
This could mean that a dummy variable model could be selected as a final model form for passenger
car traffic and total traffic whereas a naive model could be selected as a final model specification for
truck traffic.

Figures 12-14 show the transferability test results for the dummy variable regression model
and Figures 15-17 show the results for naive winter weather models for the three study WIM sites.
The regression line was developed for all the models and the value of R? is observed to be greater than
0.93 for all the models. A relatively strong value of R? between observed and estimated traffic factors,
indicates that the dummy variable regression model can be temporally transferred between two-time
frames and can be used to predict the traffic factors fairly accurately. The accuracy of prediction, R?, is
better with a dummy variable model for total and passenger car traffic (see Figure 12a,b compared to
Figure 15a,b and see Figure 13a,b compared to Figure 16a,b) while the naive model gives a slightly
better prediction for truck traffic (see Figure 12c compared to Figure 15¢ and see Figure 14c compared
to Figure 17¢). In the case of Red Deer Hwy 2, a naive model provides a marginally better performance
for the total and passenger car variables (see Figure 14a,b compared to Figure 17a,b). For the Leduc
Hwy 2, a dummy variable model provides a little bit better performance for truck traffic (see Figure 13c
compared to Figure 16c).
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Figure 12. The accuracy of temporal transferability for dummy variable regression model at Leduc 2A.
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6. Summary and Conclusions

This study focuses on the development of winter weather traffic models with the introduction
of dummy variable regression techniques to estimate the changes in traffic volumes for three types
of vehicles triggered by adverse winter weather factors such as snowfall and cold temperature.
The models in this study are developed with a five-year WIM data spanning from 2005 to 2009.
The data was collected at three WIM sites located on major highways in the province of Alberta,
Canada. The mixed traffic stream data was classified into three vehicle classes; total traffic, passenger
car, and truck traffic according to the purpose of this study. Meteorological data used in this study,
daily temperature and snowfall during winter months, was obtained from Environment Canada.
Temperature, used as a dummy variable in this study, was classified into seven categories (baseline,
CC1~CCg).

The results from winter weather traffic models developed indicate that total traffic and passenger
car traffic shows a constant decline with an increase in the amount of snowfall and a decrease in
temperature. However, truck traffic is not significantly affected by temperature. It seems that snowfall
has an impact on the variation in truck traffic on Leduc Hwy 2 and Red Deer Hwy 2, but it is less
compared to the impact on the passenger cars. This is because of the fact that trips carried out by
trucks are mostly mandatory trips and cannot be delayed or adjusted even by inclement weather
conditions. In the case of passenger cars when drivers encounter an adverse driving environment,
various options such as the flexibility of change of departure time, ease of change of travel route, or
cancellation of travel may be considered. Conversely, truck drivers often have to travel on a planned
rigorous schedule, regardless of weather conditions. This kind of business-oriented travel increases
the likelihood that a truck will show a unique driving pattern even in harsh weather conditions.
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Temporal transferability of the models has also been evaluated in this study by transferring the
developed models to the year 2010. The level of accuracy of the transferability was tested by regression
analysis between the estimated values (from the model) and the observed values (from the WIM site).
Two different types of model specifications such as the dummy variable regression model and the
naive model were tested for the accuracy of predictions in terms of transferability. While the dummy
variable regression models showed better accuracy in predicting total traffic and passenger car traffic,
naive models showed better accuracy for truck traffic predictions, but the difference was negligible.
This negligible difference can be attributed to the fact that truck traffic is relatively unaffected by
low temperatures and hence the cold categories (dummy variables) are statistically insignificant for
truck traffic.
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