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ABSTRACT
Knowing average annual daily traffic (AADT) is important because it can be used for many
activities including transportation planning, safety assessment, and even marketing. Today,
AADT is estimated based on traffic volume counts at fixed locations. Although the current
AADT estimation method achieves small measurement errors, the cost associated with traffic
counts is not small. In addition, the traffic volume at locations that do not have any traffic
counting stations remains unknown. In recent years, there have been attempts to estimate AADT
based on vehicle trajectory reconstruction. Because such a line of data may not always be
available for practical use, this paper proposes a new method to estimate AADT based on point
data gathered with mobile devices but without reconstructing vehicle trajectories. The method
uses the concept of cardinality as the relative likelihood of vehicle existence. Using datasets
provided by Safe2Save and the base AADT provided by the Texas Department of
Transportation, the accuracy of the methodology was tested in two locations in Texas. The
results showed good overall predictability (r = 0.955). Mean signed difference, mean absolute
difference, mean absolute percent error, and root mean square error were as small as those in
methods that required trajectory reconstruction. Since this methodology is still at its infancy,
there may be room for improvements including the potential application on hourly volume
estimation. It may be desirable to initiate a larger-scale research to investigate the effects of the
sampling rate, seasonal factors, and weather on the estimation of AADT.

Keywords: Traffic Volume, AADT, Mobile Device, Remote Sensing, Global Positioning
System
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INTRODUCTION
Vehicular traffic volume is a fundamental variable of transportation in a motorized
society. It not only indicates the level of traveler activity but also represents vehicle occupants’
exposure to a transportation system at an aggregated level. Depending on the purpose, vehicular
traffic volume can be measured for different durations, such as hourly, daily, weekly, monthly,
and yearly. In the United States, commonly-used traffic volume measures include average daily
traffic (ADT), average annual daily traffic (AADT) (1) or annual average daily traffic (AADT)
(2), average weekday traffic (AWDT), annual average weekday traffic (AAWT), average
weekend daily traffic (AWET), annual average weekend traffic (AAWET), and seasonal average
daily traffic (SADT) (3). Among these measures, AADT is widely used to determine
transportation planning, operation, and safety applications such as the calculation of crash rates
(4).
Perfectly-accurate traffic counts are only achievable when all volumes during a coverage
period are counted. However, it is not always practical nor meaningful to count all traffic in
terms of cost, especially when such counts are conducted at many locations. Therefore, AADT is
often a subject to be estimated. In the United States, the Federal Highway Administration
(FHWA) recommends estimating AADT based on 24-hour or 48-hour short-term counts (5).
Traffic volumes are affected by multiple factors, including weather and special events (6). Shortterm counts are multiplied by adjustment factors, such as seasonal factor and axle factor (7) to
get estimated AADT (Equation 1).
AADT = (Axles) × (Axle Factor) × (Seasonal Factor)

(1)

Other counting methods include manual counts, inductive loops, weigh-in-motion, and
video counts (3).
Point Data and Line Data
Although fixed-location counts can be a source of relatively accurate AADT estimations,
such counting methods are often accompanied by installation cost, maintenance cost as well as
labor costs. Also, counts are only available at the locations of counting facilities. However, the
recent development of the global positioning system (GPS) and the widespread use of mobile
devices has opened a new opportunity to collect traffic data remotely. With GPS-enabled devices,
geocoordinates and other attributes, such as device identification number and speed, are often
recorded as granular “point data” at a fixed interval (e.g., every 10 seconds) (8). Because point
data are like animals’ footprints, lines chronologically connecting points can reconstruct original
trajectories (9). When recording intervals are short enough, it is possible to reconstruct
trajectories of the objects with high accuracy.
If an AADT estimation method does not require special counting devices or laborforce at
the scene, it could eliminate spatial constraints, significantly reduce associated cost, and even
enable faster decision making (e.g., crash hot spot identification) (10). Actually, StreetLight Data
(11, 12) reconstructed vehicle trajectories from waypoints obtained by smartphones. They trained
the data with factors including U.S. Census data, speed limits, number of lanes, road
classification, precipitation, and air temperature. Although the company claims that they
achieved mean absolute percent errors (MAPE) of as low as 14.9 percent (for AADT larger than
50,000), the exact methodology has not been disclosed to the public. Turner and Koeneman (13)
investigated the accuracy of AADT estimation based on vehicle waypoints provided by
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StreetLight data for Minnesota Department of Transportation (MnDOT). The researchers
compared estimations with counts at 69 permanent counting locations in Minnesota and found 29
percent (for 20,000 to 50,000 AADT) to 68 percent (300 to 5,000 AADT) MAPE. The
researchers concluded the method needs to be improved to be practical for agencies to use. The
StreetLight Data reports (11, 12) did not include the estimation procedure, so the multiplicity of
its use is limited.
Although trajectory reconstruction can be useful for AADT estimation, it has some
disadvantages. One of them is that mass conversion of point data to line data requires large
computing power. In addition, the reliability of the reconstructed line data decreases when the
recording interval is not short enough. For these reasons, vehicle trajectory (or line data) may not
always be available for practitioners, so it would be valuable if there was a method to estimate
AADT based on granular point data. In this paper, the authors propose a method to estimate
AADT based on point data associated with vehicle speed, test its accuracy, and discuss its
applicability.
METHODOLOGY
In this research, the term “cardinality” is introduced and defined as the relative likelihood
of the number of vehicles passing through a unit area in a unit time. It is the morphism of true
traffic volume and conceptually close to cardinality in set theory, representing “how thick” the
value is. When the cordon i has k data points that represent vehicle occupants’ locations, its
cardinality can be expressed as Equation 2.
1
i ≔
ai
where:

m

k

S Sj

(2)

AFj, l
l=1

j=1

= cardinality of cordon i
ai = area of cordon i (ft2) on the lanes of measurement
SMSj = space mean speed of the jth vehicle footprint in area i (mph)
k = number of total vehicle footprints in the cordon i
AFj, l = the lth adjustment factor for the jth vehicle
m = number of adjustment factors
i

Cardinality is the sum of the number of observed data points weighted by the likelihood
(or “rarity”) of their existence at the location. To calculate cardinality, each data point
representing a vehicle location is multiplied by the space mean speed. This is because cardinality
is similar to probabilistic density, meaning the likelihood that a vehicle leaves a data point in a
cordon in a unit time is inversely proportional to its space mean speed in a cordon. For example,
a vehicle moving at 30 mph is twice more likely to leave its footprint than a vehicle traveling at
60 mph in a given segment in unit time when point data were recorded at a fixed interval. Like
traditional AADT estimation, each speed can also be multiplied by adjustment factors (e.g.,
seasonal factors) when such factors are available. Figure 1 shows an example of cardinality
cordons.
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Note: Greener colors indicate lower speed.

FIGURE 1 Vehicle footprints and cardinality cordons in College Station, TX.
The unit of cardinality can be “vehicle miles per hour,” but cardinality can be treated as a
unitless value because it is only usable as a relative value. Therefore, this method requires known
AADT for calibration. In this paper, AADT was calibrated in the following manner by highway
functional class (14).
Estimated AADTi =
where:

i

(2)

Fi̅

= cardinality of cordon i (when this location’s AADT is the subject to estimation)
Fi̅ = median of the other cordon’s ratios of base AADT to their cardinality
i

To calculate Fi̅, the authors used median of the other cordon’s ratios of base AADT to
their cardinality, therefore, the base AADT of each location was treated as unknown in the
estimation process. When cardinality was zero. That cardinality cordon was removed from the
calculation of median value, but AADT was still estimated to be zero. The remainder of this
section explains the datasets used for validation.
Data Preparation
In this research, the authors estimated AADTs based on point data provided by
Safe2Save, LLC and compared them to AADT provided by the Texas Department of
Transportation (TxDOT).
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Base AADT
As a base AADT, estimated AADTs of 2017 was provided by the Texas Department of
Transportation. The counts included short-term pneumatic tube counts and multi video coding.
These data were used as a base AADT for calibration and comparison. The 2018 AADT was not
publicly available at the time this research was conducted.
Driving Point Data
Anonymized point data were provided by Safe2Save, LLC, a Texas-based company that
develops and operates a mobile phone app that rewards users for not touching the phone while
driving by giving “SAFE 2 SAVE points” in the application (15). The application records user
locations every a few minutes once it detected users were driving. The app had an upper-speed
threshold at 100 mph so that it did not record user locations on flying airplanes. The dataset
consisted of data points obtained by their iOS application. Each data point had a user’s longitude,
latitude, speed, and timestamp. Because the application’s proprietary points can be redeemed as
coupons at local businesses and most of the partnered businesses were located in Texas, the users
of the application were mostly in Texas. As of July 2019, the app had more than 200,000
downloads.
Location Selection
The comparison of cardinality relies on the assumption that each AADT cordon has the
same level of user penetration rates of a mobile application; hence, it is necessary to select areas
that have homogeneous user penetration rates. Otherwise, the cardinality is largely affected by
the difference in penetration rates, making the comparisons less meaningful. In addition, the
higher the penetration rate, the smaller the sampling errors would be. For these reasons, this
research selected two areas for the estimations of AADT: Bryan-College Station, Texas and
Bexar County, Texas (Figure 2).
Bryan-College Station was chosen because the cities had the highest user penetration
rates compared to other locations. The user penetration rate was assumed to be homogeneous
because these two cities form a small college town community and are hours apart from large
cities such as Dallas, Houston, and Austin. AADTs of the functional class 2 (Other Freeways and
Expressways) through 6 (Minor Collectors) were estimated in these two cities. Because there
were no Interstates in Bryan-College Station, Bexar County, Texas was chosen for AADT
estimation for the functional class 1 (Interstates). The authors chose Bexar County because it had
higher user penetration rate than other large cities. The user penetration rate was expected to be
homogeneous on Interstates because users were spread out throughout the county. Basic
information of the selected areas and is summarized in Table 2.
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Bryan-College Station (n = 906)

Bexar County (n = 43)

FIGURE 2 TxDOT’s AADT Stations in Bryan-College Station and Bexar County
TABLE 2 Description of Dataset

Area

Estimated
population in
2018 (16)

SAFE 2 SAVE
downloads by
July 2019

Number
of all AADT
stations

Period of SAFE 2 SAVE data

Bryan-College
Station, Texas

201,663

30,000

906

August, 28, 2018 12:12:48 – July
15, 2019 19:02:22

Bexar County,
Texas

1,986,049

12,000

43

August 28, 2018 12:12:48 – July
29, 2019 23:59:59

To simplify the procedure while considering the isotropy of vehicular movements,
circular cordons (Figure 1) were used in this paper. The cordon radii were 60 ft for functional
classes 2 to 6 and 100 ft for functional class 1 (Interstates). The larger radii were created for
Interstates so that cordons were sufficiently large to cover roadways. At this point, 7 “inactive”
stations, 11 stations with 0 AADT, 2 cordons that overlapped other roadways, 3 cordons that had
the exact same locations with other cordons were removed from the analyses. AADT stations
with 0 volume were eliminated to avoid mixing up potentially closed segments. The final
cordons were 889 in Bryan-College Station and 37 in Bexar County. The observed data points
did not come from the same year of the base AADT, however, the authors considered it was still
feasible to compare the SAFE 2 SAVE data points with 2017 AADT for initial comparison.
Accuracy Measures
The following measures were used as accuracy indicators (Equations 3-6). For each
cordon, the base AADT of the same location was only referenced for this comparison purpose.
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1
MSD =
n
1
MAD =
n

n

(3)

|xi - xi |

(4)

i=1
n

i=1

1
MAPE =
n

RMSE =

xi - xi

n

i=1

|xi - xi |
xi

∑ni= 1 xi - xi
n

(5)

2

(6)

where: n = number of comparisons
xi = the ith estimated traffic volume based on cardinality
xi = base traffic volume count for the ith comparison
FINDINGS
Table 2 and Table 3 show accuracy measures by traffic volume level and highway
functional class, respectively. As shown in Table 2, MSD, MAD, MAPE were better than what
was reported in Turner and Koeneman (13) in most traffic volume levels. Overall, smaller MAPE
was observed in locations that had large AADT. The largest MAPE in 1-to-299 (158.6 percent),
indicating the difficulty of sampling small AADT. Because this AADT level was not even
included or mixed with larger levels of traffic in existing reports, at least it might be valuable to
know that AADT prediction accuracy can significantly drop at this small volume class.
Unlike classifications by traffic volume, MAPE did not show an obvious trend by
functional class, except for the largest MAPE (80.8 percent) was observed in the functional class
1. The reason that functional class 2 had the smallest MAPE (16.7 percent) was not clear. SAFE
2 SAVE’s relatively lower user penetration rate in Bexar County might have affected MAPE on
Interstates (37.3 percent).
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Table 2 Accuracy Measures by Traffic Volume Level

Note: The highlighted area indicates the differences between Turner and Koeneman (13).

Table 3 Accuracy Measures by functional class

Figure 3 is a scatterplot of the base AADT and the estimated AADT. The estimated
AADT showed a strong positive correlation to the base AADT (r = 0.955). This correlation was
not as strong as that of StreetLight Data (12) (r = 0.980), but the strong positive correlation still
indicated that cardinality can be used as a morphism of real traffic.
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FIGURE 3 Scatterplot of TxDOT’s AADT and the estimated AADT.
CONCLUSIONS
This research was significant from the following perspectives:
1. This paper proposed a method to estimate AADT based on point data without vehicle
trajectory construction.
2. It showed predictability as high as other similar proprietary methods.
Overall, the results suggested that granular point data can be used to estimate traffic
volumes as accurately as a method using reconstructed vehicle trajectories. The associated errors
were not as small as StreetLight Data (12) but were as good as Turner and Koeneman (13).
Considering there has been little existing research on this topic, it would be reasonable to say
that the proposed method got an initial passing mark. Considering the authors only used the
number of points and associated speed for predictions, the results were encouraging.
Including other similar methods, techniques to estimate AADT based on data obtained by
mobile phone are still at their infancy. Therefore, there would still be room for accuracy
improvements. In the first place, it is unknown what factors largely affect prediction accuracy. As
higher accuracy achieved by StreetLight Data (12) implies, factors such as seasonal factors,
demographics and weather could improve the prediction accuracy when they are included as
prediction factors. At this point, it is also not clear what level of sampling rate is required to
achieve what level of prediction accuracy. Although there is a study reporting that the sampling
rate as low as 0.1 percent can be used to estimate hourly volume (17), the rate should also be
confirmed for the new methods so that practitioners can make a proper decision.
This research used circular cordons for cardinality calculations. However, it may not
always be desirable to use uniform-sized cordons when they largely overlap other roadways or
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non-roads (e.g., supermarket) (Figure 4), so the results could be improved if cordon shape and
radius is optimized in some way. This can be a feature topic that needs to be addressed for
greater applicability.

Overpasses/Underpasses

Overlapping to supermarket

FIGURE 4 Undesirable cordons.
Furthermore, it may be possible to estimate hourly volume by the same or similar method
as long as enough data points are available. While this paper focused on AADT estimation, it
would be constructive for future work to address hourly volume estimations based on data
derived from mobile devices. If such a technique is established, agencies may be able to filter
traffic volume based on different conditions (e.g., daytime and nighttime) to identify crash
hotspots by detailed conditions.
Additionally, calculating cardinality without adjustment factor may not be suitable for
time series comparisons (e.g., February and August) when the number of app users changes
drastically across the time series. If that is the case, an adjustment method should be developed
to achieve higher prediction accuracy.
Limitations
There were some limitations to this method. First of all, the cardinality cannot be applied
where and when the penetration rate of a mobile application is not homogeneous. For example, if
Houston, Texas had 100,000 app users while Golden, Texas had 10 app users, cordons in
Houston would have larger cardinality values even though that does not reflect the actual
difference in traffic volumes in the two areas. Therefore, practitioners need to make sure that the
users of mobile devices represent accrual road user populations in the areas of interest.
In addition, this research compared data points recorded from 2018 to 2019 with AADT
in 2017. Since the base AADT in 2018 through 2019 were not available, the authors considered
that it was feasible to use AADT from 2017 for an initial comparison purpose. However, from a
technical standpoint, the accuracy should be confirmed using AADT in the same period. It is
nonetheless anticipated that the difference in AADT for closely-related years will be minimum.
To quantify accuracy with greater a detail, future work should also include a true
estimation of AADT by randomly selecting base AADT stations to calculate the ratio to estimate
AADT for other cordons. In conjunction, accuracy assessment based on the base AADT
availability (e.g., how many base AADT counts are needed to achieve an acceptable estimation
accuracy) should also be addressed in future work.
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