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EXECUTIVE SUMMARY 
Annual Average Daily Traffic (AADT) is defined as the average daily measure of the total volume of 

vehicles on a roadway segment over a year divided by 365 days. AADT is one of the most important traffic 
measures used in many transportation engineering projects (e.g., roadway design, transportation planning, 
and traffic safety analysis). In many cases, daily traffic volume can be directly counted each day with 
Automatic Traffic Recorders (ATR). However, installing and maintaining ATRs along every road is 
prohibitively expensive because of the number of roads and the cost to install and maintain the ATRs.  To 
compensate for the lack of ATRs, AADT is often estimated using the short-term counts on an as-needed 
basis. Since this input is needed for most transportation engineering projects, the accuracy of AADT 
estimation using short-term counts is critical for any transportation study that uses AADT as an input 
parameter.  

 

In an effort to identify accurate and cost-saving methods for estimating AADT, the research team 
began with a review of federal legislation in terms of data collection requirements. This included different 
state traffic monitoring program manuals as well as legislative documents themselves including Highway 
Safety Improvement Program and Highway Performance Monitoring System. It was determined that the 
South Carolina Department of Transportation (SCDOT) meets all federal requirements. As part of the review 
of common practices, available technology for count collection was explored and summarized based on 
strengths and weaknesses. While established technologies such as pneumatic tubes continue to hold value, 
new technology such as LIDAR, Probe Vehicles, Crowdsourcing and Unmanned Aerial Vehicles (UAV) have 
emerged as promising prospects for use in future data collection.  

 

Next, a national survey was developed and distributed to state DOTs in the United States, as well as 
the governing bodies in Canadian Provinces. This survey sought to understand the AADT data collection and 
reporting procedures of other states, as well as challenges faced and opportunities for improvement. This 
survey identified some trends in the responses. Namely, that the primary use for the data was for reporting 
to the federal government, but they are also used in traffic safety studies and for pavement management. 
Many states indicated a desire to work with other local agencies to conduct these counts, as well as to 
improve communication with these agencies to collect accurate and well-coordinated data.  

 

A second survey was distributed to cities and counties within South Carolina. This survey collected 
information on how cities and counties use the AADT data provided by SCDOT, as well as identified needs 
and challenges they may have. From this information, the researchers determined recommendations for 
improving the data collection plan in South Carolina. While 10 of the responding cities and counties were 
satisfied with the data provided by SCDOT in the past, 15 cities and counties indicated that more timely and 
accurate data would be beneficial in the future. Seven city and county agencies indicated challenges with 
performing short-term counts, with the primary concerns being lack of staff and destruction/vandalism of 
short-term count equipment.   

 

Lastly, the research team developed three separate models for estimating AADT. The first, based on 
the Origin-Destination Centrality Method, estimated AADT using deterministic variables based on the theory 
of centrality. As a result, it is possible to reduce the number of count stations by 60% without compromising 
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accuracy. The next model developed was based on Ordinary Least Squares (OLS) linear regression. It uses 
information such as roadway characteristics, the economic vitality of surrounding businesses, and 
socioeconomic attributes of surrounding households to determine AADT. 

 

The last model developed was based on Machine Learning (ML). Two methods were explored, 
Support Vector Regression (SVR) and Artificial Neural Network (ANN). The SVR method is a non-linear 
regression model. The ANN method is a multilayered, feed-forward, backpropagation network for supervised 
learning. The models were compared based on calculated Root Mean Square Error (RMSE) and Mean 
Average Percentage Error (MAPE). Short-term counts were used as an input to the model, and then 
compared with nearby ATR count data, which served as the ground truth data. A case study was conducted 
based on a complete year of data from 2011, with 2016 data used for model validation. Evaluating both 
models, it was found that the SVR method outperformed the ANN method when compared to the ground 
truth AADT data from the ATRs. For each functional class, the SVR model performs the best, with lower 
RMSE and MAPE values. Overall, when comparing the SVR method with the factor method, the SVR method 
has an average percent error of 3% while the factor method has an average percent error of 6%.  

 

Pilot testing to evaluate the regression and ML models were conducted with new data that were not 
used previously for model calibration. First, the OLS model developed for this research was compared 
against other regression models used by other states: Alabama, Wyoming, and North Carolina. In this 
comparison, the OLS model developed in this project yielded the lowest average MAPE. Next, the three 
models developed in this research project were compared in terms of MAPE for interstates, arterials, and 
collectors. Among these three models developed (OLS, ANN, and SVR), the SVR model outperformed the 
other two for all three roadway classifications.  While the OLS model is useful in terms of its non-reliance on 
short-term counts, the accuracy of the machine learning models, specifically the SVR model, is higher than 
the OLS and factor method. As such, a software, estimAADTion, was developed, based on the SVR method, 
for use by the SCDOT.  This software requires 24-hours counts.  A comparison was also made between the 
OLS model and the factor method for non-coverage count stations in Dorchester and Marion Counties.  The 
results indicated that the factor method outperformed the OLS model.   

 

In addition, an improved scheme for the vehicle classification tree was developed as part of this 
project. Utilization of this improved scheme will allow for more accurate classification of pickup trucks and 
buses. The project team also investigated methods for estimating the number of evacuees in the event of a 
hurricane. It is recommended that the method used by Delaware DOT can be used in conjunction with the 
South Carolina formula to estimate the number of occupants per evacuating vehicle. The Delaware DOT 
method considers census data, GIS data, and percent occupancy of seasonal rental units along the coast 
which will likely result in an accurate occupancy estimation.  

 

Based on the results of the pilot test of each of the models developed, the SVR-based machine 
learning model yielded the most accurate estimation of AADT. Therefore, it is recommended that the SCDOT 
consider the use of the developed estimAADTion software.  AADT data estimation can be further improved 
if there are other complementary data collected via video camera, LIDAR, and/or social media at various 
locations throughout the state. Lastly, based on the survey results, it is recommended that the SCDOT 
facilitate the collection and exchange of AADT data with other cities and counties in the state. 
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1 INTRODUCTION  
Annual Average Daily Traffic (AADT) is defined as the average daily measure of the vehicle volumes 

on a roadway segment, and it is derived by dividing the total number of vehicles over a year with 365 days. 
AADT is used in many transportation engineering projects such as roadway design, transportation planning, 
traffic safety analysis, highway investment decision making, highway maintenance, air quality compliance 
studies, and travel demand modeling. The accuracy of AADT estimation from short-term count stations is 
critical for any transportation project that uses AADT as an input parameter. For example, AADT is a vital 
input variable for the Safety Analyst software and the Highway Safety Manual (Harwood et al., 2010). As a 
part of the traffic monitoring program, every state Department of Transportation (DOT) reports the annual 
statewide estimated AADT to the Federal Highway Administration (FHWA, 2016).  

 

Using permanent traffic count stations or Automatic Traffic Recorders (ATR), AADT can be directly 
measured for any location. An ATR collects traffic data 24 hours per day for the entire year using different 
technologies such as inductive loops, microwave radar sensors, magnetic counters, and piezoelectric 
sensors. However, the installation of ATRs at thousands of locations to count vehicles over the year is not 
economically feasible. For this reason, ATRs are installed at a limited number of strategic locations. To 
supplement these ATRs, short-term traffic counts are collected wherein the count technology is strategically 
placed for a temporary period of time, usually 24 to 48 hours. The data collected at these locations are used 
for AADT estimations. The data collection frequencies at short-term count stations vary among different 
states. While short-term counts are collected annually in some states, others collect every few years (Islam, 
2016). Short-term traffic counts are essential because they provide data from roadways of all functional 
classes and lane configurations, accounting for varying volumes on all roads. Although necessary, short-
term traffic counts are also expensive and can exhaust resources such as investment in data collection 
workforce, equipment, and data analysis.   

 

For the locations that do not have any ATRs, the AADT is traditionally estimated using expansion 
factors (i.e., seasonal, daily, monthly, growth and axle factors). Many DOTs including the SCDOT use this 
method to determine AADT from short-term counts. The expansion factors are calculated based on the 
continuous traffic volume data collected from the permanent count stations (Garber & Hoel, 2014). To 
develop accurate expansion factors, permanent and short-term count stations are combined based on the 
roadway functional class and geographical location (Schneider & Tsapakis, 2009). After grouping, permanent 
count station data are used to determine the expansion factors. Data from short-term count stations within 
the same group are used to determine AADT based on the short-term count locations by applying these 
factors. This method of AADT estimation is known as the factor method, which has some drawbacks. There 
are no defined guidelines or established standards about assigning the expansion factors from ATR to short-
term traffic count stations (Islam, 2016). 

 

Moreover, the relatively small number of ATRs in the lower roadway functional classes creates a 
challenge for the development of accurate expansion factors for the larger number of short-term count 
stations on local roads. One solution is to have more permanent count stations in the lower functional classes, 
but that has significant financial investment implications. Currently, there are 166 ATRs in South Carolina. 
For other locations, SCDOT collects short-term traffic volume data. They use the factor method to convert 
short-term counts to AADT.  
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Research Objectives 
In this project, the project team has three primary objectives. 

 
1. Review current statewide data collection programs in the US for obtaining, maintaining and estimating 

AADT data, and identify best practices;  
2. Review current data collection practices for obtaining, maintaining, and estimating AADT on different 

functional classes of roads in South Carolina; and 
3. Develop and pilot test methods and procedures to improve the statewide AADT data collection 

program in South Carolina for different roadway functional classes, which includes county and city 
roads in the state.  
 

To accomplish the above, the project team developed several models based on centrality, machine 
learning, and regression for AADT estimation. The objective of all these models was to reliably estimate 
AADT with higher accuracy and no additional resources compared to the existing factor-based AADT 
estimation method.  
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2 RESEARCH OVERVIEW 
To accomplish the objectives of the research project, the research team began by conducting a review 

of publications from available peer reviewed publications, federal agencies, and individual state 
transportation agencies. Then, these reviews were used to establish a baseline understanding of the state 
of the practice and to develop an online survey, which was distributed to all State DOTs and select 
transportation ministries in Canada. After receiving the results of the survey, the research team conducted 
detailed telephone interviews with select survey respondents and DOTs of interest. The results of the 
literature review, the online survey, and telephone interviews were analyzed to identify the current practices 
of traffic data collection strategies 

 

Subsequently, these results and other lessons learned from the literature and state agency reviews, 
online survey responses, and telephone interviews were incorporated in the development of best practices. 
Following the survey, three AADT Estimation models were created, and evaluated using new data to test for 
performance. Based on the findings of this research effort, a list of recommendations was prepared for 
SCDOT’s consideration. Figure 1 shows an overview of the process employed in conducting this research 
project, which is discussed in greater depth later in this report. 

 

 

Figure 1 Research Overview 
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3 DATA COLLECTION TECHNOLOGY 
Technology Overview 

Engineering and planning projects are deeply reliant on the availability of accurate traffic data, which 
can be collected using several data collection technologies. In general, the data collection technologies can 
be classified as either intrusive or non-intrusive, as well as active or passive. Intrusive technologies are 
directly embedded into the pavement surface. Non-intrusive technologies, on the other hand, can be installed 
above ground with minimum traffic disruption and no modifications to the pavement. Active sensors transmit 
and receive energy in order to detect objects whereas passive sensors only receive reflected energy from 
objects on the road. A list of the technologies explored can be found in Figure 2. The selection of which 
technology to use is dependent upon factors like type of data required, life-cycle cost, vendor support, road 
type and weather conditions. 

 

Different types of traffic data are collected using these 
technologies such as vehicle volumes / counts, speed, vehicle 
classification etc. Data can be collected continuously or at 
specific time, using permanent and short-term data collection 
technologies. In permanent data collection, permanent traffic 
count stations or ATRs are installed at strategic locations. An 
ATR collects traffic data 24 hours a day and 365 days a year 
using different combinations of traffic detectors from the list in 
Figure 2. However, limited funding prevents ubiquitous 
installation of permanent data collection stations. Therefore, 
transportation agencies use portable traffic detectors to 
collect short-term counts at different locations. Usually, these 
traffic detectors are cheaper and easy to install. 

 
Manual traffic data collection is still a popular method 

among transportation agencies. Based on our survey on 41 
transportation agencies, 39% of the agencies use manual 
counters for short-term traffic volume counts and 34% of the 
agencies use manual counters for vehicle classification. 
However, the traffic detector technologies are improving with 
time, and these advanced technologies can provide better 
coverage and higher performance compared to the manual counters. All the traffic detector technologies 
have been discussed in detail in the FHWA traffic detector handbook (Klein et al., 2006). In this section, we 
will highlight a few key points about each technology, and we will investigate some new technologies that 
SCDOT can consider in the future.  

Intrusive Technology Options 
 

Inductive Loop Detector 

Inductive Loop Detector (ILD) is a popular technology for traffic data collection. It can collect traffic 
volumes, speed, vehicle classification data as well as vehicle presence and occupancy data. Based on our 
survey on 41 transportation agencies, 32% of the agencies use ILD for short-term traffic volume counts and 

Intrusive

•Inductive Loop Detectors (Active)
•Magnetic Detectors (Passive)
•Pneumatic Tubes (Passive)

Non-Intrusive

•Video Detection Systems (Passive)
•Microwave Sensors (Active)
•Acoustic Sensors (Passive)
•LIDAR (Active)
•Infrared Sensors (Passive)
•Ultrasound Sensors (Active)
•Probe Vehicle (Passive)
•Unmanned Aerial Vehicles (Passive)

Figure 2 Examples of Traffic Detectors 
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22% of the agencies use ILD for vehicle classification. ILD is a matured technology, which is why it is widely 
used (Ali et al., 2012). Loop detectors are tuned electrical circuits with several inductive elements and a 
detector electronic unit. As soon as a vehicle passes over the loop, a current is introduced in the wire loops, 
which decreases its inductance, and finally data regarding the vehicle is captured. ILDs are less sensitive to 
weather interference. Despite their flexibility and simplicity, ILD can be unreliable as they are associated with 
frequent maintenance issues (Klein, 2017). ILDs have a low average lifetime of 5 years. Its capital cost is 
$2k-6k on corridors and $6.8k-12k at intersections. The operational and maintenance cost is $300-500 on 
corridors and $700-1000 at intersections (Leduc, 2008). 
 
Pneumatic Tube 

Pneumatic road tubes are, by far, the most popular technology used by transportation agencies for 
traffic data collection, especially for short-term data collection. Due to its simplicity, cost and portability, it has 
become very popular for short-term counts. It can collect traffic volumes, speed, vehicle classification data, 
but not vehicle presence and occupancy data. Based on our survey on 41 transportation agencies, all 
agencies use pneumatic tubes for short-term traffic volume counts and 93% of the agencies use pneumatic 
tubes for vehicle classification. Pneumatic tubes work by generating a pulse of air for each car that drives 
over the tubes, and a detector detects the pressure change. In terms of cost, it is the cheapest of all the 
sensors, with lower capital and maintenance cost. However, these sensors have lower lifetime compared to 
other sensors. Its accuracy is sensitive to weather, temperature, traffic conditions and speed of vehicle. In 
terms of accuracy, pneumatic tubes have low accuracy, and the performance error could be as high as 7% 
to 12% (McGowen and Sanderson, 2011). 
 
Magnetic Sensor 

Magnetic sensor is a traditional technology for traffic data collection. It can collect traffic counts, 
speed, classification as well as vehicle presence and occupancy data. Based on our survey on 41 
transportation agencies, 10% of the agencies use magnetic sensors for short-term traffic volume counts and 
5% of the agencies use magnetic sensors for vehicle classification. This sensor recognizes vehicles using 
the metal parts of it. The magnetic sensor contains one primary winding and two secondary windings. When 
the voltage across the secondary winding rises above a threshold due to the presence of metal, the electronic 
unit measures the change and generates a pulse, which indicates the presence of a vehicle. (Klein, 2017). 
Magnetic sensors have lower lifetime compared to other sensors, since it is prone to damage. However, it is 
unaffected by weather conditions.  

Non-Intrusive Technology Options 
 
Video Detection Systems 

Video Detection System (VDS) is made up of one or more cameras, a processing hardware 
(computer) and a software (algorithm) to map the images or videos to the desired traffic data. The software 
consists of image processing techniques that can convert raw pixels from images to numeric traffic data such 
as vehicle volume, speed, classification etc. Significant advances have been made in the conversion of image 
/ video data into traffic data (Fu et al., 2017, Abdulrahim & Salam, 2016). Techniques such as image 
segmentation, feature extraction are used in the processing of the images (Klein, 2017). Machine learning 
and deep learning algorithms have become popular in establishing the relationship between images and 
traffic data. The biggest advantage of video camera is technological advancements resulting in specialized 
cameras with night vision, 360-degree rotation and high-definition video recording. VDS can be used to 
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extract all types of data from the image such as counts, speed, classification, vehicle presence, and 
occupancy. Based on our survey on 41 transportation agencies, 37% of the agencies use VDS for short-term 
traffic volume counts and 39% of the agencies use VDS for vehicle classification. Video camera has a higher 
average lifetime of 10-20 years compared with 5 years for ILD. Its capital cost is $5k-15k, and the operational 
and maintenance cost is $1k-1.8k/year (Leduc, 2008). However, the cost has decreased significantly in 
recent times with traffic surveillance video cameras available for $1k-2k. 
 
Microwave Radar Sensor 

Microwave radar sensors are active sensors that send radio signals. The signals are scattered back 
to the receiver and analyzed using a detector (Ma et al., 2015). Based on our survey on 41 transportation 
agencies, 29% of the agencies use radar sensors for short-term traffic volume counts and 17% of the 
agencies use radar sensors for vehicle classification. There are two types of microwave radar sensors, 
presence-detecting sensor and Doppler sensor. The presence-detecting sensor detects the distance to the 
object and the Doppler sensor detects the speed of a moving object. Radar sensors operate well in bad 
weather conditions, since radio waves are not affected by heavy fog or snow (Klein, 2017). Radar sensors 
have a high average lifetime of 10 years. The capital cost is $7k-10k, and the operational and maintenance 
cost is $100-460/year on corridors. The capital cost of microwave radar is $13k and the operational and 
maintenance cost is $100/year at intersections (Leduc, 2008). 
 
Ultrasonic & Acoustic Sensor 

Ultrasonic sensors use sound waves to detect vehicles. An emitter emits ultrasonic sound waves, 
which are reflected back to the receiver. The operating frequency range is 25-50 kHz, which is higher than 
the human audible range (Jo et al., 2014). Ultrasonic sensors can only be used as a vehicle counter and a 
vehicle presence detector. It is unable to measure speed or vehicle classification. These sensors can provide 
vehicle count, vehicle presence, and occupancy (Leduc, 2008). Acoustic sensor is the passive version of the 
ultrasonic sensor. These sensors can detect all types of traffic data such as vehicle count, speed, 
classification, occupancy, and vehicle presence. The biggest problem with these sensors is that they are 
susceptible to noise and interference from environment (Klein, 2017).  
 
Infrared Sensor 

Infrared (IR) sensors detect energy directly emitted from objects or the energy emitted from the 
atmosphere and reflected by the objects. These sensors are mounted above the road, and register reflected 
infrared energy from passing vehicles. The energy is focused using an optical system onto an infrared 
sensitive material. The material is used to convert the IR signal into an electrical signal. Real time signal 
processing is used to get the electrical signal, which can be used to determine the presence of a vehicle. 
These sensors can also be used to get other traffic data such as speed (Zheng et al., 2016). One big 
disadvantage of IR sensors is its inability to perform multilane operations (Klein, 2017). Cost of a passive IR 
sensor setup can range from $500-900 (Leduc, 2008). 
 
Light Detection and Ranging Sensor  

Light Detection and Ranging (LIDAR) sensor works in a similar way that microwave radar does, as 
described above, with one major difference. LIDAR uses laser diodes to transmit energy, instead of radio 
waves. A typical LIDAR scanner consists of multiple laser emitters and receivers. LIDAR sensors rotate at 
very high speeds, generating a point cloud of the surrounding environment. The point clouds can be 
converted into high resolution 2D or 3D images using advanced signal processing techniques. LIDAR has 
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already been used for vehicle detection (Liu et al., 2016), traffic prediction (Takeuchi et al., 2015), and traffic 
sign detection (Gargoum et al., 2017). A big advantage of LIDAR is consistent operation at all times of day, 
as it is not affected by night time conditions. However, it is affected by heavy fog and snow (Klein, 2017). 
Another disadvantage of LIDAR is its high price. However, with recent technological developments in the 
field of solid-state LIDAR, the cost of LIDAR sensors has dropped from the range of $60k-80k to $1k-2k 
(Poulton et al., 2017).  
 
Probe Vehicle & Crowdsourcing 

Probe vehicles are vehicles used for real time data collection. If connected vehicles are equipped with 
GPS sensors, then the vehicle can be tracked in real time. The real time location and speed data from one 
probe vehicle can be used to estimate speed and travel time of a corridor (Seo et al., 2015). Though 
commonly used for real-time applications, it can also be a great source for non-real time applications, such 
as AADT estimation (Khan et al., 2018b). Another types of probe vehicle, the autonomous vehicles can 
continuously collect real time sensor data (Camera, LIDAR, GPS) from different locations, which can be 
processed to extract traffic data. Sensor data fusion techniques can be utilized to get desired traffic data from 
autonomous probe vehicle data (El Faouzi & Klein, 2016). However, in order to get other types of traffic data 
such as vehicle count and density, data from multiple probe vehicles are required. Crowdsourcing can solve 
this problem, and it has become a popular source of traffic data for transportation agencies. Companies like 
Google, Waze and INRIX collect real-time traffic data using cell phone applications. Users of the applications 
share their real time location and speed information, which can be processed to get desired traffic 
information. Many DOTs such as Wisconsin, Virginia, Florida, Iowa and Nevada collaborate with Waze to 
acquire the crowdsourced data (Kumar et al., 2018). The advantage of crowdsourcing is the volume and 
variety of probe vehicle data. Crowdsourcing data can be used to extract traffic data other than speed and 
travel time, such as traffic volume, density etc. The accuracy of probe vehicle data depends on the accuracy 
of GPS. Without any correction, GPS accuracy can range from 4-10 meters. However, using Real-time 
Kinematic-GPS or RTK GPS and further corrections, millimeter accuracy can be achieved (Liu et al., 2014).  
 
Unmanned Aerial Vehicle 

Unmanned Aerial Vehicles (UAVs) have been used to collect traffic data. UAVs are generally 
equipped with vision-based sensors (video camera) and GPS. Drones are one type of UAVs that have 
become very popular for traffic data collection. They are small aerial robots that carry a video camera. Drones 
can travel at a high speed and collect a huge amount of image data from all over the city, covering a large 
area. Connected drones can send data to the server in real time, for storage and processing. The analysis 
of image data from drones can reveal many information about the state of traffic. In recent years, many 
studies have been conducted focusing on extracting traffic data from camera (Zhao et al., 2016) and LIDAR 
(Liu et al., 2016) using UAVs. These studies indicate that drones can be a resourceful option for traffic data 
collection in the future, and it has the potential to replace the traditional technologies of traffic detection.  

Conclusions 
Based on the survey (discussed in a later chapter), the research team has observed that many 

transportation agencies still use manual counters and pneumatic tubes. SCDOT also uses pneumatic tubes 
for all short-term counts. For the 166 ATRs that SCDOT maintains, two different types of traffic detectors are 
used: inductive loops and magnetic sensors. Based on the review of different technologies, it can be 
concluded that other reliable data collection technologies can be used too, which include video cameras, 
LIDAR sensors, crowdsourcing based probe vehicle and UAVs. The technology for video cameras has 



  
 
 
 
 

 

 

10 

10 

improved significantly, with many high-definition and night-vision cameras available in the market. The cost 
of video camera is decreasing day by day. The improvement in vision technology is complemented by the 
improvement in algorithms to process vision data. With the recent developments in machine learning and 
deep learning technologies, processing video data and getting the desired output have become very 
common. Moreover, with the introduction of advanced data collection methods, such as probe vehicles and 
UAVs, video and LIDAR data of large volume and variety can be collected by the agencies. These data can 
be supported by crowdsourced data from cell phone applications collected by different companies. SCDOT 
can use video cameras / LIDAR, crowdsourced data and advanced analytics for the traffic data collection in 
the future. 
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4 CURRENT FEDERAL REQUIREMENTS FOR 
TRAFFIC MONITORING DATA COLLECTION 

The Federal Highway Administration (FHWA) divides traffic data records into six types: 1) station 
description data, 2) traffic volume data, 3) speed data, 4) vehicle classification data, 5) weight data, and 6) 
per vehicle data format (FHWA, 2016). Each data record type has a predefined data format, and their 
parameter values are filled differently, depending on whether it is used or unused and their importance. Every 
state DOT must submit a set of traffic data to satisfy the federal traffic reporting requirements. The Highway 
Performance Monitoring System or HPMS, a national highway information system, is a federal requirement 
that requires data from every state regarding the “extent, condition, use, and operating characteristics of the 
highways under each state jurisdiction” (Boilé, et al., 2001). Another federal traffic data requirement is the 
Highway Safety Improvement Program or HSIP-related requirement. Under the Moving Ahead for Progress 
in the 21st Century (MAP-21) Act, HSIP is a core federal-aid program to be used by each state to reduce 
traffic fatalities and injuries on all public roads.  

Highway Performance Monitoring System Requirements 
FHWA is responsible for evaluating the performance of the U.S. highway systems and developing 

future investment and policy decisions to support future traffic demand and economic growth (FHWA, 2014). 
To accurately carry out this responsibility, FHWA depends on state DOTs for the data necessary to make 
performance evaluations via the HPMS program. States are required to collect traffic data on public highways 
owned by the state, county or city, and privately-owned toll roads under the HPMS program. HPMS data 
cover what are known as sample panel (e.g., K-factor, D-factor), full extent (e.g., AADT), and partial extent 
(e.g., AADT-single-unit for truck volume) data. 

 
According to the HPMS requirements, a minimum of a three-year count cycle is required for interstate, 

principal arterial system, other national highway systems and HPMS sample sections. To ensure the three-
year count cycle, “one-third of the HPMS full extent and sample sections must be included in each year's 
coverage sample” (FHWA, 2016). A minimum six-year count cycle is required for all other federally aided 
roadway sections, including minor arterials, collectors, and ramps. At least, one continuous counter for each 
National Highway System (NHS) highway or major principal arterial system is required, and it needs to collect 
data for at least one full 24 hour day for each day of the week for each month. For roads with volume higher 
than 5,000 AADT, a minimum of 24-hour counts is required, whereas if vehicle volume is less than 5,000 
AADT, a minimum of 48-hour counts is required. A minimum of a 48-hour count is required for vehicle 
classification.  All states have their own traffic data monitoring programs and standards, which satisfy these 
HPMS needs, and a few examples include Georgia (GDOT, 2013), New Jersey (NJDOT, 2014), New York 
(NYSDOT, 2018) and Maryland (MDOT, 2016) traffic monitoring programs and standards. Findings from the 
online survey, as found in this research, show the current practices of different state DOT traffic data 
collection programs to satisfy the HPMS data requirements.  

MAP-21 and Highway Safety Improvement Program Requirements 
The MAP-21 Act was introduced in 2011 and signed in to law in 2012, to replace the Safe, 

Accountable, Flexible, Efficient Transportation Equity Act: A Legacy for Users (SAFETEA-LU) (Cambridge 
Systematics, 2013). The MAP-21 Act extends the HSIP, wherein each state must collect traffic and safety 
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data on public roads to develop an effective HSIP. The HSIP includes the Strategic Highway Safety Plan 
(SHSP) requirements, which mentions that safety levels of all public roads, not just state roads, must be 
analyzed to identify common statewide goals, discard redundant activities, and leverage existing funding 
resources (Cambridge Systematics, 2013). States are asked to set performance measures and goals for 
reducing the number of fatalities and serious injuries. To identify the safety problems and prescribe solutions 
to support the HSIP, each state has to collect traffic data according to a  2011 guidance memorandum 
released by the FHWA Office of Safety. The MAP-21 Act establishes the requirement of a new subset of the 
Model Inventory of Roadway Elements (MIRE) data, which includes traffic volume. The SCDOT 2017 HSIP 
states that South Carolina already satisfies the requirement of the MIRE data collection that includes the 
traffic volume/AADT data (SCDOT 2017).  

Conclusions 
Federal government require data from U.S. states to assess the highways and roads for policy 

development, performance evaluations and roadway condition monitoring. Each required data has to follow 
a predefined data format, and the data values are filled following specific federal requirements. States share 
data with the federal government to get federal aid, and to avoid any inconsistencies in the national and state 
traffic data repositories. Based on the observations from the online literature and discussion with SCDOT 
personnel and other documents, South Carolina is already satisfying the federal traffic monitoring data 
requirements. Based on our research, we have created an AADT estimation software which can be used to 
predict reliable AADT values using short-term traffic counts to help SCDOT report AADT following the federal 
requirements. Details of this software are discussed later in this report. Cities and counties in South Carolina 
also need data from SCDOT, as discussed in the next chapter. Some of them complained about the accuracy 
of the data collected by SCDOT. Using the AADT estimation software, more accurate AADT values could be 
estimated to be shared with the South Carolina cities and counties.   
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5  SURVEY RESPONSES AND ANALYSIS 
U.S. State and Canadian Province Survey 

A national survey was sent to U.S. states and Canadian province agencies to determine the standard 
practices of the agencies short-term count methods, frequency, and technologies. Thirty-eight states 
participated in the online survey, along with three Canadian provinces, as pictured below in Figure 3. The 
following sub-sections present findings from the survey. 
 

 
 

Short-term Count Stations 
When asked how the state or province conducts short-term counts, 41 respondents indicated that 

there were two main factors used to determine the location of short-term counts. These factors included a 
perceived change in roadway volume (85%), and roadway functional class (73%). In addition to the locations 
determined by these two factors, about 16 of the 41 transportation agencies responding to this question 
indicated that a short-term count is conducted at a location where there is a need for a traffic impact study 
and half of the respondents indicated there were additional factors considered.   

 

All 41 transportation agencies responded that tube counters were among the technologies used at 
short-term traffic count locations, and this was the only technology to have a majority of responses. Fifteen 
transportation agencies stated that they use cameras and video counts, and 12 stated that they use radar 
counters. Sixteen agencies also indicated the use of manual counters and 13 indicated use of inductive loops. 
Only four of the respondents indicated the use of magnetic counters. When asked which of these 
technologies were used for vehicle classification, 38 of the respondents indicated the use of pneumatic tubes, 
followed by 14 agencies using manual counters, nine that use inductive loops and eight that use piezoelectric 
sensors. Magnetic counters were only used for vehicle classification data by two of the 41 transportation 

 

Figure 3 State and Provice Survey Respondents 
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agencies responding. Sixteen transportation agencies indicated using video counters or cameras, and seven 
transportation agencies indicated using radar counters for vehicle classification. Figure 4 represents the 
technologies used for count and classification data collection.  

  

 

Figure 4 Technology Used at Short-term Count Locations by Data Type 

 

Transportation agencies were asked to select in which months they typically performed traffic counts. 
Their summarized responses can be seen in Figure 5. The winter months saw the lowest percentages of 
transportation agencies performing short-term traffic counts, with slightly more than 30% of responses 
indicating counts between December and February. The months of April to September all saw response rates 
over 90%. Those that indicated "other" mentioned that short-term counts are conducted year-round. 

 

 

Figure 5 Frequency of Short-Term Counts 
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Federal Requirements and Reporting 
The transportation agencies were asked under what circumstances they collect traffic data at 

locations beyond those needed for federal requirements. Thirty-four of the 41 respondents said they collect 
additional data based on transportation agency-specific needs, while 21 of the respondents said they collect 
additional data if there are special requests from local agencies or others. Twelve of the responses indicated 
other reasons, which varied widely from determining changes in travel patterns to satisfying state 
requirements for traffic counts.  

 

Forty transportation agencies responded to the question “Which entity in your state collects the traffic 
count data at locations for federal reporting?” Nine of the respondents said only the transportation agency 
collects that data, while two said, only contractors collect the data. Eight of the respondents indicated that 
both the transportation agency and local agencies collect the data, and the highest response rate, 13 of 40, 
said that both the transportation agency and contractors collect data for federal reporting. Eight respondents 
input “other” answers and four of those indicated that the transportation agency collects that data along with 
other entities including MPOs, cities, counties, and contractors. Figure 6 depicts the breakdown of data 
collecting agencies.  

 

 
 

Figure 6 Entities that Collect Traffic Count Data for Federal Reporting 

 

Thirty agencies answered whether local agencies or contractors follow the HPMS data reporting 
formats. Of those responses, 16 said yes, two said no, and 12 input an “other” answer. Of those that opted 
to input their own answer, several indicated that local agencies and contractors submitted raw data to the 
agency, and the agency put it into the proper format.  

 

Thirty agencies explained the process of validating the quality and accuracy of data collected and 
reported by local agencies and contractors. Twenty-six of those 30 answered that the numbers were 
compared with the historical data. Twenty-one agencies said that they used in-house quality control software, 
12 agencies said that they use manual data validation, and three said they use HPMS software. 
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Forty agencies responded to the question: “Which entity in your state collects the traffic count data at 
locations that are not required for federal reporting?” Only one agency each said, ‘only the state DOT,’ and 
‘only the local agencies’ collect data at locations not required by the federal agency, while three agencies 
said, ‘only contractors’ collect data at those locations. Thirteen agencies indicated that both the state agency 
and local agencies collect the data, and 11 agencies indicated that both the state DOT and contractors collect 
the data at those location where federal reporting is not required. Five agencies said that transportation 
agencies, local agencies, and contractors all collected the data from these locations not covered for federal 
reporting. 

 

Forty-one transportation agencies identified the factors used to determine the location of permanent 
traffic count stations. Thirty-one of these agencies indicated that the placement of ATRs is based on roadway 
functional class, while 25 agencies said the placement is based on volume of roadway. Additionally, eight 
agencies said that ATRs are placed along evacuation routes. 

 
Special Traffic Data Collection 

Forty transportation agencies responded to whether traffic data collected from permanent stations 
were used in emergency evacuation planning. Twelve of the agencies said they use permanent station data 
for emergency evacuation planning, while 28 agencies said they do not use permanent station data. 
 

Of the 41 agencies to select whether or not their agency performs traffic data collection for special 
events, 22 said yes, and 19 said no. When asked during what special events the agency collected data, ten 
of the 22 agencies answered for sporting events and 13 said for concerts, festivals and rallies. The 
breakdown of the responses of 22 agencies’ purposes for special traffic data collection is found in Figure 7. 
The majority of the respondents selected “information for decision makers for future planning” and 13 
respondents selected identification of the peak traffic demand as the value of the special event traffic account.  
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Figure 7 Purpose of Special Event Traffic Count 

 
 
 
AADT Estimation Using Short-Term Traffic Counts 

Thirty-nine transportation agencies specified how permanent traffic count stations are grouped for 
AADT estimation. Of those 39, 26 said the permanent count locations are grouped by roadway functional 
class, 20 said by variation of the seasonal traffic pattern, 19 said by the area type (urban or rural), and 11 
said by cluster analysis.  
 

When asked what method the agency uses for estimating AADT from short-term traffic count stations, 
38 of 39 said the factor approach, while only four said the regression method. Thirty-nine transportation 
agencies specified what conversion factors are used to estimate AADT from traffic volume data at short-term 
traffic count locations. Thirty-two agencies said axle adjustment factors were used, while 30 said monthly 
adjustment factors were used to estimate AADT from short-term counts. Twenty-nine agencies said daily 
factors and 26 agencies said seasonal factors are used to derive AADT from short-term counts. These values 
are shown in terms of percentage of respondents in Figure 8.  
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Figure 8 Factors Used for AADT Adjustments 

The most commonly stated challenge in estimating AADT at short-term traffic count locations using 
the factor approach was maintaining enough permanent traffic count locations to ensure accurate factors, 
which was said by 28 of 40 respondents. Assigning individual short-term count locations to the correct 
permanent traffic count station group was said by 22 agencies and grouping the permanent count stations 
appropriately was said by 20 agencies as the AADT estimation challenges. Seventeen agencies said that 
grouping short-term traffic count stations was a challenge, while 11 said assigning the group of short-term 
count locations to the correct permanent traffic count station group was a challenge. 

 

Twenty transportation agencies said that they used historical data from the same location to estimate 
missing traffic count values at permanent traffic count stations. Fourteen agencies said that they do not 
estimate missing data. Seven agencies said that the missing count was estimated using data from sites with 
similar traffic characteristics. 

 

Forty transportation agencies answered whether or not their agency applies a default AADT value for 
lower functional highway segments that do not have short-term traffic counts. Fifteen agencies said yes, they 
do apply a default value. Twenty-five agencies said no, they do not apply a default value to the locations 
without short-term count data. 

 

The transportation agencies were then asked what revisions they currently plan to implement for data 
collection, processing, and estimation. Of the 40 agencies to respond, 22 said to add more permanent traffic 
count stations, 16 said to add more short-term traffic count locations, 12 said to re-group the permanent traffic 
count stations, six said they do not have any plans for further implementation, while three said to revise the 
current re-count decision tree, and two said revise the current vehicle classification tree, respectively. 

 

Forty-one transportation agencies listed the difficulties faced by the agency in collecting traffic data 
from short-term traffic count locations. Twenty-nine said ‘a lack of staff for data collection and processing’, 
27 said ‘safety concerns for staff’, 18 said ‘limited seasons to conduct counts’, and 11 agencies each said 
‘damage to equipment and safety concerns for the public’ are the difficulties of short-term counts. Some 
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additional difficulties of short-term counts were reported by agencies, with 10 agencies saying the cost of 
data collection equipment, nine saying data management issues, and three saying lack of power source or 
communication equipment. 

 

Of the 39 agencies that answered what purposes traffic data collection on local roads had in addition 
to satisfying federal requirements, the ‘VMT estimation and reporting’ was the most common response with 
35 agencies, as shown in Figure 9. Other responses include traffic safety studies (28), long-range 
transportation planning (24), pavement management (20), short-range transportation planning (19), traffic 
impact studies (17), new road design (17), and transportation Improvement Program (17) and verification of 
other traffic counts (14) as the purpose of local road data collection. 

 
Figure 9 Reasons for Collecting Data on Local Roads 

Of 41 agencies to respond, 17 said that they use alternative methods to predict local roadway AADT. 
Twenty-four agencies said that they do not use alternate methods. Alternate methods listed by the 17 
agencies included historical counts by seven agencies, and travel demand model data by five agencies to 
predict local roadway AADT. 

 

Thirty-nine transportation agencies answered whether or not their agency had any long-term goals 
involving local agencies for statewide traffic data collection. Eighteen agencies said they do have such long-
term goals, while 21 agencies said that they do not have those goals. Of the 18 agencies who said that they 
do have long-term goals involving local agencies for traffic counts, 11 agencies said that these goals involved 
more data sharing between the local agency and the state. Eight of those 18 agencies said that those long-
term goals involved better coordination of traffic counts between the local and state agency. 

 

Forty-one agencies responded to the question, “Does your state DOT evaluate the performance of 
the traffic monitoring program?” Thirty-four agencies responded that they do, while seven agencies 
responded that they do not evaluate the traffic monitoring program performance.  
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Of the 34 transportation agencies who evaluated their traffic data collection program, the most 
commonly evaluated aspect of the programs was quality control with 29 of 34 respondents. Other evaluated 
aspects of the traffic data collection programs were data collection practices and validation of the collected 
data with 26 respondents each, types of technologies with 25 respondents, and the number of short-term 
stations and the number of permanent stations with 24 each. Twenty-one respondents each said analyzing 
data and equipment inventories, 18 respondents said data dissemination practices and 16 said site selection 
procedures were the most commonly evaluated aspect of the programs. Figure 10 depicts the percentage of 
respondents indicating each reason for evaluating their data collection plan. 

 

Figure 10 Reasons for Evaluating Data Collection 

 

Twenty-one agencies of the 33 who responded to the next question said that they evaluate their traffic 
monitoring program every year. Meanwhile, three agencies said that they evaluate the traffic monitoring 
program every five years. Four state agencies indicated that they do not evaluate their traffic monitoring 
program on any regular schedule.  

City and County Survey 
The entire state of South Carolina was surveyed by county and city, and 16 complete responses and 

nine incomplete responses were collected from those surveyed. Figure 11 shows counties in which at least 
one response was submitted from either the county or cities within.  
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Figure 11 City and County Survey Respondents in SC 

 

Twenty-five cities or counties in South Carolina answered whether or not SCDOTs current traffic data 
collection program meets all of their needs. Ten cities and counties said yes, the SCDOTs current traffic data 
collection program does meet their needs, while 15 said no it does not yet meet their needs. When asked to 
specify further, 12 cities and counties responded. In terms of what data is needed by the cities and counties, 
six respondents each said vehicle count data, speed data, and directional counts, and four respondents said 
vehicle classification data. Two respondents provided additional comments for SCDOT about traffic data 
collection. One agency wrote that “ADT data available from SCDOT is often two or more years old. Need 
more timely updates." And the other agency wrote, "We have determined the SCDOT projected data is not 
accurate versus counts we have taken."  

 
Traffic Data Collection Programs 

Twenty-two cities and counties stated which entity (other than SCDOT) performs their traffic data 
collection for the agency. Seven cities and counties said that both agency staff and external contractors 
collect the traffic data. Six respondents said only agency staff collect traffic data, while two respondents said, 
only contractors. Additionally, five agencies said that they only use traffic data from SCDOT. Of the five 
agencies who only use SCDOT data, all five said they have no plans to establish their own traffic data 
collection program in the future. Those same five agencies were asked what entity is responsible for traffic 
data collection when a new development is proposed. Four of the five agencies said the project developer is 
responsible for traffic data collection when a new development is proposed. 

 

When asked how often their agency or contractors collect traffic data, 10 of 15 responding agencies 
said on an as-needed basis. Two agencies said they regularly collect traffic data, and two said rarely. When 
asked with what frequency the agency collects short-term traffic counts, seven agencies responded. Of the 
seven respondents, four agencies said they collect short-term traffic counts on an as-needed basis, while 
one agency said monthly, and one agency said yearly. Fifteen agencies stated the purpose of their agency’s 
traffic data collection. Six agencies each said for agency use only, and for both agency use and SCDOT use. 
Zero agencies indicated that traffic data was collected for only SCDOT use. 

 

Responding Counties 

Non-Responding Counties 
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Twelve agencies identified the common uses of their traffic data collected by the agency. Nine 
respondents use traffic data for traffic and safety studies. Seven cities and counties use traffic data for traffic 
impact studies, and for short-range transportation planning. Five cities and counties indicated use of the 
traffic data for new road design. Four cities and counties said the traffic data are used for long-range 
transportation planning, for roadway rehabilitation, and for signal timing updates. Three cities and counties 
said the traffic data are used for pavement management, and two cities and counties each said for verification 
of other traffic counts and the Transportation Improvement Program. Figure 12 shows the breakdown in 
percentages for each of the categories.  

 

 
Figure 12 Primary Use of Traffic Data 

 

Thirteen cities and counties answered what types of traffic data their agency collects. All 13 
respondents said volume counts. Ten respondents said they collect speed, while five respondents said 
vehicle classification by axle spacing, and one agency said vehicle classification by vehicle length. No 
agencies said they collect vehicle classification by weight. 

 

Thirteen agencies responded with what technologies they use to collect traffic data. Six respondents 
each said they use tube counters, and manual counters to collect traffic data. Five agencies said magnetic 
counters are used to collect traffic data. No agencies said that they use inductive loops to collect data. All 12 
agencies indicated that they do not have any permanent traffic count stations that operate 365 days per year.  

 

Eleven cities and counties submitted a response regarding use of a vehicle classification tree. Five 
of the agencies use the vehicle classification tree provided by SCDOT, and five do not use a vehicle 
classification tree at all.   

 

Of the 12 respondents with a data collection program, two agencies said they have plans to revise 
the program. One plans to switch to county data collection rather than a contractor, and one agency plans to 
upgrade the software and hardware used. Ten agencies indicated they have no plans to revise their current 
program. 
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Short-Term Traffic Counts 
When asked if their agency performs short-term-traffic counts, seven of 12 respondents indicated that 

they do. Five agencies answered no, they do not have short-term traffic counts. When asked about the 
frequency of collecting the short-term counts, four out of these seven agencies mentioned that they collect 
data as needed. One agency mentioned they collect data monthly, and other agency mentioned they collect 
data annually. In terms of short-term count duration, three of the seven agencies said that the short-term 
traffic counts last 72 hours. Two agencies said the short-term traffic counts last 48 hours, and one agency 
said they short-term traffic counts last 24 hours. 
 

When asked if the agency estimates AADT from short-term counts, two of the seven responding 
agencies said yes, they do estimate AADT from short-term counts. Five of the seven respondents said no, 
they do not estimate AADT from short-term counts. Furthermore, both of the two yes responses also said 
that they use the factor approach to estimate AADT, and for the factor method both agencies use daily factors 
and monthly factors. 

 

The seven agencies who performed short-term traffic counts were asked to identify the catalyst for 
conducting a short-term count at a specific location. Three of the seven each said that they select locations 
based on an observed change in the volume of the roadway or a roadway in need of a traffic impact study. 
Two of the seven agencies each said that they use the roadway functional class or the need for roadway 
rehabilitation when determining location for conducting a short-term count. 

 

When those seven agencies were asked which challenges are encountered in collecting short-term 
traffic counts, six agencies said a lack of staff to collect and process data, five agencies said damage or 
vandalism to equipment, and two agencies said the cost of data collection equipment. Additionally, one 
agency each said safety issues concerning staff and data management are the challenges. 

 

Conclusions 
Based on the responses from the states, certain trends were observed. It is clear that most states 

primarily collect AADT information for reporting purposes. However, there are additional benefits for 
collecting AADT, such as conducting traffic safety studies, or managing pavement quality. To capture traffic 
count information, the most commonly used technology is the pneumatic tube. These counts are conducted 
year-round, weather permitting, in most states. In terms of goals for the future, states intend to involve more 
agencies in their data collection plans. However, when states use agencies to conduct counts, many find that 
coordinating this work to be a challenge. For many of the respondents who identified their long-term goals, it 
is a common goal to improve coordination between agencies for conducting counts. There are opportunities 
for improvement across the United States as well as Canadian provinces to continue to create a more robust 
data collection process.  

 
Based on the responses from the city and county respondents, these agencies are interested in using 

AADT data in their jurisdictions. While 10 of the survey respondents indicated they have what they need from 
SCDOT in terms of AADT data, 15 were able to identify opportunities for improvement. Since many 
respondents indicated that they rely on this information for things like traffic safety studies, short-term 
planning and traffic impact studies, it is in the best interest of the state to continue to improve the data 
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collection plan at a statewide level. Short-term traffic counts are less commonly conducted by cities or 
counties within South Carolina, but when conducted generally last 24-72 hours. In some cases, these cities 
or counties use this short-term count data to estimate AADT in the area. The challenges faced by the cities 
and counties mirror that of the states, in that labor and safety are large concerns. Overall, there seems to be 
a general interest in collaboration between cities, counties, and the SCDOT for AADT data collection. 
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6  AADT ESTIMATION MODELS 
Three AADT Estimation models were developed and tested for this project, which would save cost 

and time for SCDOT without sacrificing accuracy. They include the Origin-Destination Centrality model, the 
Classic Linear Regression model, and a Machine Learning model. Each is described below. 

Origin-Destination Centrality Model 
This method aimed to develop an adequate means of estimating AADT on every roadway within a 

given jurisdiction, while limiting the number of coverage counts needed. The new deterministic variables 
introduced were based on the 
theory of centrality. The new 
centrality based AADT model 
reduced the Root Mean Square 
Error (RMSE) to half compared to 
the travel demand-based AADT 
model. Additionally, it is found that 
using centrality based AADT 
estimation model, the number of 
coverage count stations needed can 
be reduced by 60% without 
compromising the AADT estimation 
accuracy. Figure 13 shows the 
method of O-D centrality 
calculation. 

 

 

A "node" in this instance 
refers to either a Traffic Analysis Zone (TAZ) or a gateway. The majority of the steps included in this research 
were performed through a GIS software. All of the data used in the new model development are open access, 
updated at least once annually. The base data used in the model development is collected from the City of 
Greenville, SC's Geographic Information Systems (GIS) Data website and the Institute of Transportation 
Engineer’s (ITE) Trip Generation Manual. This method does not require any additional data collection or cost 
for the purchasing of data from private organizations. The data used are geocoded in GIS shapefiles for the 
data sets shown in Table 1 below. 

 

Table 1 Shapefiles and Attributes used in the Model Development 

Shapefile Notable Attributes 
Street Centerlines Street Name, Functional Class, Speed Limit, Number of Lanes 
Parcels Parcel Number, Number of Buildings, Parcel Area 
Zoning Zone Number, Zoning Code 
Count Station Locations Station Number, Count Data 

 
 

Figure 13 Method of Origin-Destination Centrality Calculation 
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Possibility of Reduction of Coverage Counts using a Centrality Based AADT Method 

In an attempt to explore whether the number of short-term count locations maintained throughout the 
city can be reduced applying centrality based AADT estimation method, random sub-sets of short-term 
counts were used to determine how many short-term stations were necessary to achieve the same level of 
AADT estimation accuracy for all roads in the city. Five random sub-sets of each scenario were used, and 
the scenarios consist of 100%, 80%, 60%, 40% and 20% of the total short-term count stations in the city of 
Greenville. In each random sub-set, two-thirds of the data were used for model calibration, and one third was 
used for model validation. 

 

After the model of the calibration set was developed, the validation set was used in the linear 
regression model. Then the Median 
Absolute Percent Error (MdAPE) of 
the calibration and validation data 
sets was calculated. This process was 
repeated five times for each scenario. 
As demonstrated in Figure 14, after 
using more than 60 short-term count 
stations (40% of current short-term 
count stations), little AADT estimation 
accuracy is gained in terms of 
MdAPE, suggesting that the number 
of coverage counts used in the 
modeling can be reduced by 60%, 
which could substantially reduce data 
collection cost for the SCDOT. The 
project team believes this method can 
further save DOTs resources without 
compromising model accuracy.  

 

The new centrality-based 
AADT estimation model, utilizing roadway characteristics and newly derived origin-destination centrality 
variables based on the theory of centrality, illustrates a method that is capable of minimizing cost and effort 
when compared to deploying dozens of short-term count locations or using models such as the travel demand 
model.  Not only was a new variable to estimate AADT created, but the model has a lower RMSE than the 
city's travel demand model and can be developed using a GIS software alone. This method establishes a 
means of estimating AADT on every roadway within a given jurisdiction while reducing the number of 
coverage counts in Greenville, SC by 60%. It has the potential to be used in cities that do not have the time, 
funding or resources to use coverage counts at many roads throughout their jurisdictions.  In addition, this 
method uses existing and publicly available data to estimate AADT within a reasonable estimation threshold. 
While this method is successfully applied to Greenville, SC, it has not yet been tested for transferability 
among other cities within and outside SC. Another limitation of this method is that the "base AADT" counts 
are not perfectly accurate AADT values. At 142 of the 148 locations utilized were calculated counts, the AADT 
values compared with the ones calculated using this model were also calculated counts and may not be 
entirely accurate. The limitations of this method prevent the recommendation for implementation by SCDOT 
at this time.  

0

20

40

60

80

100

120

100 80 60 40 20

M
ed

ia
n 

A
bs

ol
ut

e 
P

er
ce

nt
 E

rr
or

Number of Short Term Count Stations

Calibration Data
(67%)

Validation Data
(33%)

Figure 14 Reduction of Coverage Counts Applying the Centrality 
Method 



  
 
 
 
 

 

 

27 

27 

Ordinary Least Squares Regression  
To develop the Ordinary Least Squares (OLS) linear regression model, data were used from a total of 

11,341 short-term count stations and 155 permanent count stations (i.e., ATRs) located throughout the state 
of South Carolina (as of December 30, 2017).  In addition to AADTs, four types of data were obtained for 
each count station: 1) relevant socioeconomic attributes of surrounding households (American FactFinder, 
Census Bureau 2018), 2) land use and economic attributes of surrounding businesses, 3) roadway 
characteristics including number of lanes and functional class on which the count station is located, and 4) 
type of area the count station is located in (provided by the SCDOT).  Table 2 provides a summary of the 
attributes considered in previous AADT regression models and those considered in this study.  This study 
adopts the concept of “buffer area” proposed by Zhao and Chung (2001).  That is, it assumes that the AADT 
recorded at each count station is influenced only by those households located nearby.  In this study, the 
buffer size is assumed to be the zip code that the count station is located in for socio-economic variables and 
county for business sales volume.  The following summarizes the data obtained to develop the AADT OLS 
linear regression model. 
 

1. Mean household income within each zip code (Figure 15). 
2. Percent of employment of persons 16 years and over within each zip code (Figure 16). 
3. Percent below poverty of all families within each zip code (Figure 17). 
4. Number of registered vehicles within each zip code (Figure 18). 
5. Number of housing units within each zip code (Figure 19). 
6. Population within each zip code (Figure 20). 
7. Land use of the road that the count station is located on (Figure 21). 
8. Sales volume within each county (Figure 22). 
9. Number of business establishments within each zip code (Figure 23). 
10. Total roadway mileage within each zip code (Figure 24). 
11. Number of lanes of the road that the count station is located on (Figure 25). 
12. Area type (1 if the count station is located in an urban area and 0 if it is located in a rural area) (Figure 

26). 
13. Functional class of the road that the count station is located on (Figure 27). 
14. Distance from the count station to the next higher functional class road. 
15. AADT (Figures 28 and 29).  These figures show the AADT values for 2016 but 6 years of AADT data 

from 2011 to 2016 were used for model development. 
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Table 2 Summary of the AADT Estimation Literature Review 

Author(s) (year) 

(State) 

Variable  

MI* Emp.* PBP* RV* HU* Pop.* LU* SV* NE* TRM* NL* UA* FC* ATHFC* R2 

Mohamad et al. (1998)      ✔"#    ✔"#  ✔"#   0.75 

Xia et al. (1999)  ✔"#  ✔"#   ✔"#    ✔"#  ✔"# ✔"# 0.60 

Zhao and Chung 
(2001) 

 ✔"#    ✔"#     ✔"#  ✔"# ✔"# 0.75 

McCord et al. (2003)  ✔"#         ✔"#   ✔"# 0.84 

Zhao and Park (2004)  ✔"#    ✔"#     ✔"#   ✔"# 0.76 

Yang et al. (2011) 
(North Carolina) 

✔"#  ✔"#  ✔"#      ✔"#    0.65 

Apronti et al. (2015) 
(Wyoming) 

     ✔"# ✔"#       ✔"# 0.64 

Raja et al. (2018) 
(Alabama) 

 ✔"#    ✔"#         0.84 

Current study 
(considered variables) 

✔"# ✔"# ✔"# ✔"# ✔"# ✔"# ✔"# ✔"# ✔"# ✔"# ✔"# ✔"# ✔"# ✔"#  

*MI:Mean Income, Emp.:Employment, PBP: Percent Below Poverty, RV: Registered vehicles, Pop.: Population, LU: Land Use, SV: Sales Volume, NE: Number of 

Establishments, TRM: Total Road Mileage, NL: Number of Lanes, UA: Urban Area, FC: Functional Class, ATHFC: Access to Higher Functional Class Road. 

 

 

Figure 15 Mean Household Income within each Zip Code 
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Figure 16 Percent of Employment of Persons 16 Years and Over within each Zip Code 

 
Figure 17 Percent below Poverty of all Families within each Zip Code 

 

 
Figure 18 Number of Registered Vehicles within each Zip Code 
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Figure 19 Number of Housing Units within each Zip Code 

 
Figure 20 Population within each Zip Code 
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Figure 21 Land Use of the Road on which the Count Station is Located 

 
Figure 22 Sales Volume within each County 



  
 
 
 
 

 

 

32 

32 

 
Figure 23 Number of Business Establishments within each Zip Code 

 
Figure 24 Total Roadway Mileage within each Zip Code 
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Figure 25 Number of Lanes of the Road on which the Count Station is Located 

 

Figure 26 Type of Area in which the Count Station is Located 

 
Figure 27 Functional Class of the Road on which the Count Station is Located 
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Figure 28 AADT on Interstates 

 

Figure 29 AADT on All Roads 

Method 
In this study, OLS linear regression models were used to determine which factors have an effect on AADT 

counts.  Regression analysis is one of the most widely used methods to study the relationship between a 
variable of interest and a set of explanatory variables (Saber and Lee, 2012).  The variable of interest is 
called the dependent or response variable and the predictor variables are called explanatory variables or 
independent variables.  When performing a multiple regression, the following assumptions are made (Keith, 
2015). 

• There exists a linear relationship between dependent and independent variables 
• The errors are normally distributed 
• The independent variables are not highly correlated  
• The variance of errors is similar across all independent variables 
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Let X = (x1, x2, ..., xk) be a set of explanatory variables and Y be the response variable.  A multiple regression 
model indicated the relationship between X and Y as follows (Montgomery et al., 2012). 
 

    (1) 
where  

 (j = 0,…, k) = set of estimated parameters (coefficients) 

 the random error 

k = number of explanatory variables 

 
The sign and absolute value of estimated parameters determine the direction and magnitude of the effect of 
corresponding explanatory variables on the response variable, respectively. The random error ( ) accounts 
for the model failure to exactly fit the data (Montgomery et al., 2012).  

Parameters  (j = 0,…, k) are estimated through the fitting model to the data.  The most common 

method to fit a model to the data is the least squares method which is based on the residuals.  As shown in 
Figure 30, the residual is the difference between the estimated and actual values for an observation 
(Weisberg, 2005).  By minimizing the sum of the squares of the residuals, this method calculates the best-
fitting line for the observed data. 

 

 
Figure 30 Illustration of Residuals (Adapted from Weisberg, 2005) 

 

Assume, there are n observations and k of explanatory variables.  The residual is defined as follows. 

 

                                                                                                                                                     (2) 
where 
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= predicted value of the ith observation  

0 1 1 2 2 ... k kY x x xb b b b e= + + + + +

jb

=e

e

jb

De
pe

nd
en

t V
ar

ia
bl

e 
(y

)

Independent Variable (x)

Residuals: difference between 
observed and predicted value.

0 2 3 41

1

2

3

4

5

iii yye !-=

iy

iy
!



  
 
 
 
 

 

 

36 

36 

The predicted value of the ith observation is calculated using the fitted model as follows.  

 

                                                                                                            (3) 

  

The sum of squared residuals is calculated as follows (Rawlings et al., 2001). 

 

                                                                                                                             (4) 

 

To minimize the sum of squared residuals for finding the best estimation of , first the derivative of 

Eq. (4) with respect to all  (j = 0,…, k) are taken.  Then all obtained equations are set to zero and solved for

 which results in the best estimation of the coefficients. 

To check the significance of estimated parameters (i.e., ), the p-value and t-statistic values are 

considered. The corresponding null and alternative hypotheses are as follows. 

 

H0:  

Ha:  

The test statistic is calculated as follows (Faraway, 2002). 

                                                                                                                                                         (5) 

 

where  

= the test statistic  

Standard errors of estimated coefficient j 

The degree of freedom of t-test statistic is calculated using the following formula. 
 

df = n – k                                                                                                                                                              (6) 
 

where 

df = degree of freedom 

other parameters as defined previously. 

 

At the significance level a, we reject H0 if and only if p < a.  When the null hypothesis is rejected, 

the data provides convincing evidence that  is different from zero and the variable is statistically significant.  

In this study, a variable is significant if it has t-statistics corresponding to the 95% confidence level or higher 
(i.e., p-values less than 0.05).   
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To compare the results of different models and to find the best model among them, the goodness-of-

fit statistics such as R-squared (R2) and adjusted R-squared ( ) are usually used (Faraway, 2002) in 

the regression model.  R2 indicates how well the regression model fits the data and is calculated as follows. 

 

R" = 1 −
&&'

&&(
                                                                                                                                                       (7) 

 
where  

SSE = the error sum of squares 

SST = the total sum of squares 

 
SSE and SST are calculated as follows. 

 

                                                                                                                                                 (8) 

                                                                                                                                                 (9) 

 
where  

= the sample mean 

other parameters as defined previously. 

 

R2 is a number between 0 and 1; 0 means none of the observed points fall on the estimated regression 
model and 1 means all data points are fall on the estimated model.  In general, a higher R2 and closer it is to 
1 indicates that the model fits the data better.  A shortcoming of the R2 statistics is that it increases when a 
variable is included in  the model.  Thus, this statistic can be misleading since a model with more explanatory 
variables will have a R2 value, but it is not necessarily the better model.  To address this problem, the adjusted 

R-squared (i.e., ) is used and is computed as follows (Washington and Karlaftis, 2010). 

 

                                                                                                                                    (10) 

 

Before developing the regression model, all of the independent variables were checked for 
multicollinearity.  A Variance Inflation Factor (VIF) detects multicollinearity between potential independent 
variables.  Figure 31 shows the results of the VIF test for the considered independent variables.   

 

It should be noted that the test for multicollinearity applies to only numerical variables.  As shown in 
Figure 31-a, there is a collinearity between total sales volume and number of business establishments 
(collinearity exists if detection = 1, 0 otherwise).  Removing number of business establishments from the list 
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of explanatory variables results in no multicollinearity among the considered numeric independent variables 
as shown in Figure 31-b.  The variable abbreviations are defined below: 

 
• lanes: number of lanes of the road that the count station is located on. 
• UrbanArea1: type of the area that the count station is located on (1 = Urban, 0 = Rural). 
• FC_GISINT_TOLL: toll road specification for interstate functional class (1 = interstate toll, 0 = 

interstate non-toll). 
• FC_GISLOC: local road functional class (1 = local, 0 = otherwise). 
• FC_GISMAC: major collector road functional class (1 = major collector, 0 = otherwise). 
• FC_GISMIA: minor arterial road functional class (1 = minor arterial, 0 = otherwise). 
• FC_GISMIC: minor collector road functional class (1 = minor collector, 0 = otherwise). 
• FC_GISPRA: principal arterial road functional class (1 = principal arterial, 0 = otherwise). 
• veh_pop: number of vehicles divided by the population of the zip code. 
• hu_pop: number of housing units divided by the population of the zip code. 
• income_pop: mean household income divided by the population of the zip code. 
• RCPTOT: total sales value within each county. 
• ESTAB: number of business establishments within each county. 
• Distance: distance from count station to the next higher functional class road. 
• pop_area: population divided by the area of the zip code. 
• BelPov_percent: percent below poverty within each zip code. 
• Emp_percent: percent of employment within each zip code. 
• LANDUSECOMMERCIAL: commercial land use around the location of the traffic count location (1 = 

commercial, 0 = otherwise). 
• LANDUSEINDUSTRIAL: industrial land use around the location of the traffic count location (1 = 

industrial, 0 = otherwise). 
• LANDUSEOTHER: other land use around the location of the traffic count station (1 = any land use 

other than commercial, industrial, agricultural, and residential, 0 = otherwise). 
• LANDUSERESIDENTIAL: residential land use around the location of the traffic count location (1 = 

residential, 0 = otherwise). 
• length_pop: total roadway mileage within each zip code. 

  

(a) (b) 
 

Figure 31 Variance Inflation Factor Test Results 
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Figure 32 shows the best-fit regression model estimated using 2011-2016 data for interstates, 
arterials, collectors and local roads.  The model selection was performed using the step-wise method in R (R  
Project, 2016). Figure 32 shows that 13 out of the 14 explanatory variables considered are significant at the 
95% confidence level.  While the commercial land use variable is not significant, it should be retained in the 
model since all of the land use variables are significant.  The positive sign of number of lanes variable 
indicates that as the number of lanes increases, the AADT will increase.  The positive sign of the urban area 
variable indicates that if the count station is located in an urban area, then the AADT will be greater than that 
of a similar count station in a rural area.  A negative value of the interstate toll variable signifies that if there 
is a toll on the interstate then the AADT on that road will be less than that of a similar interstate without toll.  
The negative sign of the principal and minor arterial, major and minor collector, and local road variables 
indicate that if a road belongs to any of these functional classes, then it will have a lower AADT relative to 
the base variable which is interstate non-toll. The positive sign of the number of vehicles divided by population 
variable indicates that as number of vehicles per person increases, the AADT will increase.  The positive sign 
of the commercial land use variables indicates that if the road is located in a commercial area, then the AADT 
on that road will be more than that of a similar road segment located in an agricultural land use.  On the 
contrary, the negative coefficients associated with the industrial, residential and other land use indicate that 
the AADT on a road located in an area with one of these land use will be less than that of a similar road 
located in an area with agricultural land use.  The negative sign of the roadway mileage divided by population 
variable indicates that as the roadway mileage per capita increase, the AADT will decrease.  The )" of the 
developed OLS model is 0.74 which is comparable to the other regression models shown in Table 2. 

 

 

Figure 32 Best-fit Regression Model 
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Machine Learning Model 
The Machine Learning (ML) based model is capable of capturing complex relationships in hourly 

traffic volume and AADT estimation. Here, the objective was to develop and evaluate alternative ML methods 
for estimating AADT for different roadways using short-term counts. Specifically, Artificial Neural Network 
(ANN) and Support Vector Regression (SVR) were examined for different functional classes of roadways 
using data from the South Carolina DOT. This section outlines the five steps followed for AADT estimation 
model development and evaluation. The first three steps include data collection, data processing, and feature 
selection. Step 4 is the model development step, and Step 5 is the model evaluation step. Based on pilot 
testing detailed further in a following section, the ML model was selected for implementation by SCDOT, and 
is therefore described in greater detail in this section.  
 
Step 1: Data Collection 
ATR Data 

The South Carolina DOT maintains a total of 164 permanent count stations (i.e., ATR) on different 
functional classes, which include 83 stations on interstates, 59 on arterials, 15 on collectors and seven on 
locals. An interactive web-scraping model, developed in Python using a library called Selenium, was used to 
collect data from the SCDOT ATR data reporting website. Any ATR missing more than six months of data 
was not used. Data for a day was not used if any hourly volume data for that day is missing, which can be 
caused by ATR data collection equipment hardware or software malfunctions (Qu et al., 2009). Data are 
collected for multiple years (i.e., for the year 2011 and year 2016) to validate the robustness of the models. 
 
Socio-economic Data 

In addition to the ATR data, the project team collected the following socio-economic information from 
the US Census Bureau data: (i) income, (ii) employment, (iii) percent below poverty, (iv) number of vehicles, 
(v) urban or rural, and (vi) number of housing units (American FactFinder, Census Bureau 2018). 
 
Step 2: Data Preprocessing 

After data was collected, they were prepared for input into the models. The variables were divided 
into three groups: (i) traffic volume features, (ii) socio-economic features, and (iii) categorical features. The 
data are divided into training and test sets. Two-thirds of the data was used as training; the rest was used to 
test the models. According to ATR stations’ roadway functional classification, the research team considered 
three groups of functional classes for the model development step: i) interstates and expressways, ii) 
principal and minor arterials, and (iii) all ATR models. 
 
Traffic Volume Features 

To develop the AADT estimation models using the machine learning techniques, the project team 
followed the study conducted by Sharma et al., in which ANN is used to develop an AADT estimation model 
for Minnesota (Sharma et al., 1999). However, rather than using 48 hourly volume factors in the Minnesota 
model, the project team used 24 hourly volume factors in this study. The equation for developing the hourly 
volume factor is expressed below: 
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									                           (11) 

 
 
 



  
 
 
 
 

 

 

41 

41 

Socio-economic Features 
The zip-code level data were processed using ArcGIS. The geographic map of the traffic counts, 

roadway characteristics, the zip-codes were joined, and the desired data were extracted for each location. 
 
Categorical Features 

Most AADT estimation models only use hourly volume data (continuous features/variables) and no 
categorical features/variables were used along with the continuous hourly volume data. In this study, 
however, the project team developed models with continuous (hourly volume) and categorical features. The 
categorical features that were considered are (i) day of the week and (ii) month of the year. These two 
variables have a significant impact on traffic volumes. For example, Monday traffic volume in January is very 
different from Saturday traffic volume in October. Binary variables are used for quantifying these categorical 
features. For example, to develop the day of week variables, one feature was developed for each day of the 
week for a total of seven features. If a data point was for Monday, then the Monday feature was assigned the 
value 1, and the features for the other days of the week were assigned 0. A similar method was used to 
develop the month of the year. 
 
AADT Factors 

The target feature used in this study is a factor of the actual AADT called the AADT factor. For each 
day, the AADT factors are calculated using Equation 12. 
 

KKLM	N567+- =
OOP8	

FAB	?;	"G	E?A9@H	>?@ABC	?;	IE:I	J:H	
																																																											             (12) 

 

AADT is estimated by using 24 hourly volume data for each day. For each ATR, the AADT was 
computed by calculating a simple average mean of the estimated AADT from each day of the year as 
mentioned in the traffic monitoring guide (Jiang et al., 2006). 

 
Step 3: Feature Selection 

Feature selection for ANN and SVR models is performed to reduce the use of irrelevant data in 
developing predictive models and to improve the model performance in terms of speed and accuracy 
(Kingan, R. J., & Westhuis, T. B., 2006). The sequential feature selection method is used to identify the 
desired features. It uses a simple greedy search method starting with an empty set of features and 
sequentially adding the most impactful feature in each step until the desired result based on single 
criterion/multiple criteria is achieved (Yang, B. et al., 2011; Qu et al., 2009). In this study, the combination of 
features with the least residual sum of square error for predicting target values and features was chosen. The 
sequential feature selection method as applied for the 24-hour volume data, and 20 hour volume data were 
considered. 
 
 
Step 4: Model Development 

Once the hourly volume features was selected, a combination of the hourly volume features with the 
categorical features and socio-economic features was used for developing the ANN and SVR models, where 
the output was the AADT factor. The hourly volume factors, socio-economic factors, and roadway 
characteristics were the independent variables. First, three major models were developed for ANN and SVR: 
(i) the interstate and expressway model, (ii) the principal and minor arterial model, and (iii) the general model 
or all ATR model which can be applied to any roadway functional class. The input data set was filtered 



  
 
 
 
 

 

 

42 

42 

accordingly, since the models are functional class specific. Depending on the combinations of hourly volume 
factors, socio-economic and categorical features, nine alternatives were created for each functional class 
model. This was done to determine which combination of the features produce the best model. Figure 33 
shows the combination of features for each alternative. 
 

 
Figure 33 Model Alternatives to Estimate AADT 

 

The interstate and expressway model and principal and minor arterial model were developed using 
the permanent traffic count stations available for the specific roadway functional class. The all-ATR model 
uses data from all available permanent traffic count stations. The motivation for developing this model was 
to create a general model that is not roadway functional class specific and is applicable for estimating AADT 
from a short-term count station on any functional class. Depending on the combination of the training 
features, the all-ATR model has only four alternatives instead of nine, which are alternatives 2, 3, 4, and 5. 
The alternatives consisting of socio-economic features were not used since the data were not available for 
all ATRs. The following sections discuss model development using ANN and SVR. 

 
Artificial Neural Network (ANN) 

In this study, the project team used a multilayered, feed-forward, backpropagation neural network 
model for supervised learning. The developed neural network model has three layers: the input, hidden, and 
the output layer. This ANN model is a feed-forward network as it feeds the output of one layer to the next 
layer. A tan-sigmoid transfer function was used for calculating the output from each neuron. One of the 
remarkable characteristics of a back-propagation neural network is its ability to propagate the effects of error 
backward through the network after every training case (David, 2009); hence this algorithm was chosen for 
estimating AADT in this study. The training algorithm selected is the Levenberg-Marquardt, which is 
recommended for most of the prediction problems unless the data set is noisy and small (Khan et al., 2018a). 

 

In this study, the project team has built different ANN models with a different number of hidden 
neurons and chose the number of neurons which provides the least RMSE for the related models. The 
number of hidden neurons used in this study varied based on the different models used. The neural network 
model was developed using the MATLAB library function NNtool. 
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Support Vector Regression (SVR) 
SVR is used for nonlinear regression by mapping the training set onto a higher dimensional, kernel-

induced feature space. In this study, an SVR algorithm with a radial basis kernel function is chosen and 
implemented using the MATLAB LIBSVM library tool (Chang, C. C., & Lin, C. J., 2011). The cost function (C) 
is used to determine the tradeoff between the complexity of the model and the degree of deviation from Q 
(epsilon) that can be tolerated. The Q parameter controls the width of the Q insensitive zone and is used to fit 
the training data (Chang, C. C., & Lin, C. J., 2011). The model relies on a single subset of the training 
samples; the cost function ignores the training samples within the Q tube (i.e., a certain threshold distance 
from the prediction). The initial value of C and γ (gamma) are determined based on the grid search method 
with 5-fold cross-validation. Cross-validation is performed to reduce the bias of a training dataset on the 
model parameters. The trial and error method is used to find the parameters that yield the least error on 
AADT prediction. C and γ values are used as powers of two, where the range of powers for C values are − 3 
to 15, and the range of powers for γ values are − 15 to 3, as suggested in (Chang, C. C., & Lin, C. J., 2011). 
The value of the parameters varied from model to model with the change in training data.  
 
Step 5: Model Evaluation 

Once the alternatives for each ML model have been developed, the results are compared against the 
ground truth AADT from the ATR data to calculate the model accuracy. Based on the accuracy of the 
alternatives, a final alternative for each functional class and a general model are selected as the best models. 
The performance of the alternatives is assessed based on the RMSE and Mean Average Percentage Error 
(MAPE). The formula used for RMSE and MAPE are shown below as Equations (13) and (14). 
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Where, d< = actual value, /< = predicted value for i-th observation, and n = number of observations. 

The best alternative for each model is selected based on RMSE and MAPE. After that, the robustness and 
effectiveness of the selected models are validated in two steps. First, the models are validated using a 
different input dataset, such as ATR data from a different year. The whole model development process is 
followed again, but with the ATR data from a different year. This step is crucial to prove the transferability of 
the model. If the performance of the models is satisfactory, then the AADT estimation models can be used 
for any future year. 

 

Second, the project team has used short-term counts as input to the model and predict the number 
of AADT short-term counts for that roadway. The predicted AADT is compared with the AADT calculated 
from the nearby ATR data, which represents the ground truth data in this case. If the prediction error is 
reasonable, then it can be concluded that the models perform well in predicting AADT from short-term counts, 
and they can be used by DOTs for statewide estimation of AADT from short-term counts. 

 
Analysis and Results 

As a case study, 2011 was chosen as the year for all data collection for model development; 2016 
data were used for machine learning-based model validation. From the 2011 ATR data, only 112 ATRs were 
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used in the model development. Other ATRs had insufficient data (e.g., missing more than six months of 
data) for accurate AADT estimation. Socio-economic data are obtained from the 2011 census data. 
 
AADT Estimation with Machine Learning Techniques 

Using the input data from 2011, model alternatives were developed. Then, the results from ANN and 
SVR models were summarized to determine which alternatives perform better based on two performance 
measures, RMSE and MAPE. The alternatives with the least error were identified. After this comparison, the 
best alternatives for ANN and SVR with the lowest RMSE and MAPE are carried forward to the evaluation 
step, where the alternatives were validated using a new dataset from the year 2016.  
 
Model 1: Interstate & Expressway Models 

The RMSE and MAPE values for different alternatives of the Interstate & Expressway functional class 
are shown in Table 3. Each alternative consists of different combinations of training features such as traffic 
volume factors, socio-economic variables, and other categorical features (day of the week, month, 
urban/rural roadway). The performances of the SVR alternatives were better than those of ANN alternatives. 
The best alternative found from this comparison is the SVR alternative 2 (Day, Month, and hourly volume 
factors as features), with an RMSE of 0.22 and MAPE of 11.3%. A comparison of the alternative errors shows 
that the addition of socio-economic features lowers the model performance. 
 
Model 2: Principal/Minor Arterial Model 

The RMSE and MAPE of the different SVR and ANN alternatives for principal/minor arterials are 
shown in Table 3. The results are very similar to Model 1 results. For the principal/minor arterial functional 
class of roadways, the SVR alternative also performs better than the ANN alternative. Moreover, like the 
interstate and expressway model, the addition of the socio-economic variables lowers the performance of 
the models. The SVR alternative 2 has the lowest RMSE of 0.29. 
 
Model 3: All-ATR Model 

The RMSE and MAPE of different SVR and ANN alternatives for 112 permanent count stations on 
highways in South Carolina are summarized in Table 3. The training features used for developing these 
alternatives are the hourly volume factors, the month of year and day of the week. The socioeconomic data 
are not available for all permanent count locations; therefore, not all alternatives are developed for this model. 
A comparison of the results for the different alternatives shows that SVR Alternative 3 produces the lowest 
RMSE (0.31). Alternative 3 uses only the hourly volume data for all available permanent count stations as 
input (no other variables are used). This general all-ATR model provides a reasonable estimate of AADT 
considering the variability of the training dataset. 
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Table 3 ANN and SVR Sub-Model Performances 

Model Sub-model Performance regarding RMSE and MAPE 
ANN SVR 
RMSE MAPE (%) RMSE MAPE (%) 

Model 1 

Alternative 1 0.37 17.6 0.37 16.7 
Alternative 2 0.25 11.9 0.22 11.3 
Alternative 3 0.26 13.8 0.23 12.7 
Alternative 4 (Monday) 0.27 12.5 0.23 11.5 
Alternative 5 (January) 0.52 17.8 0.26 11.7 
Alternative 6 0.48 27.0 0.37 16.6 
Alternative 7 0.44 25.4 0.37 16.7 
Alternative 8 0.38 19.8 0.38 19.8 
Alternative 9 0.37 19.5 0.37 16.7 

Model 2 

Alternative 1 1.19 51.5 0.34 17.3 
Alternative 2 0.29 17.4 0.29 13.7 
Alternative 3 0.32 18.7 0.31 14.1 
Alternative 4 (Monday) 0.46 12.5 0.32 11.5 
Alternative 5 (January) 0.53 17.8 0.35 11.7 
Alternative 6 2.09 85.6 0.35 16.5 
Alternative 7 2.15 85.6 0.35 17.6 
Alternative 8 0.41 21.7 0.34 16.5 
Alternative 9 2.60 124.4 0.35 17.2 

Model 3 

Alternative 2 0.36 17.4 0.35 15.1 
Alternative 3 0.32 15.9 0.31 13.7 
Alternative 4 (Monday) 0.32 15.6 0.46 18.4 
Alternative 5 (January) 0.31 14.8 0.33 13.6 

 
 
SVR Model Validation 

The SVR model is superior for all functional classes compared to ANN. In this section, SVR-based 
models are validated using two methods. First, the AADT estimation model was developed with the 2016 
ATR data, instead of 2011 ATR data. The only input features required for Alternative 2 are 24 hourly volumes 
and categorical features. The 2016 ATR data was collected from 164 ATRs. Model Alternative 2 is trained 
with 2/3rd of the 2016 ATR data and tested with 1/3rd of the 2016 ATR data. Alternative 3 was also developed 
for all ATR models since this was the best alternative for all ATR models using the 2011 dataset. The results 
are shown in Table 4. Alternative 2 performs better than Alternative 3 for the all-ATR model. This represents 
a change from the 2011 data. As an example, the RMSE values for 2011 and 2016 for Alternative 2 of the 
principal and minor arterial models are 0.29 and 0.31, respectively. The MAPE values for 2011 and 2016 for 
Alternative 2 of the principal and minor arterial models are 13.7% and 11.7%, respectively. These results 
indicate that the models are robust and stable despite being developed using datasets from two different 
years. Based on this validation, it can be concluded that Alternative 2 is the best Alternative for all three 
models (i.e., interstate and expressway model, principal and minor arterial model and the all-ATR model). 

 

The second method used to validate the developed models is to use short-term count data collected 
from five locations near existing ATRs on interstates in 2016. The ATR IDs of those locations are 98, 145, 
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102, 50, and 110. The project team has used this data as input to Alternative 2 for both interstate and 
expressway model and all-ATR model since these are the models that can be used for interstates. The 
training dataset for SVR includes all ATRs except for the five ATRs closest to the short-term count locations. 
The results of the model validation are shown in Table 4. The interstate and expressway model performs 
slightly better than an all-ATR model regarding RMSE and MAPE. 

 

Table 4 SVR Model Validation Using ATR Data and Short-Term Count Data 

Validation Data Model RMSE MAPE (%) 
2016 ATR Data All ATR Model (Alternative 2) 0.53 11.9 

All ATR Model (Alternative 3) 0.55 12.7 
Interstate Model (Alternative 2) 0.61 12.8 
Arterial Model (Alternative 2) 0.31 11.7 

Short-Term Count (5 
Locations) 

All ATR Model (Alternative 1) 0.11 10.2% 
Interstate Model (Alternative 2) 0.09 9.5% 

 

This study revealed that the AADT estimation model that uses SVR outperformed the other models. 
The best SVR model uses hourly volume data as well as the day of week and month of year categorical 
features in estimating AADT for short-term count stations. Adding other features such as socio-economic 
factors lowers the performance of the model. This finding suggests that the AADT of a location depends 
primarily on the traffic patterns derived by the day of the week, and month of year variables. The developed 
model can be incorporated into an AADT estimation toolkit to be used by DOTs to predict AADT for any 
location using short-term counts. Since this ML Model using SVR outperforms the other models, it is 
recommended for implementation by SCDOT. In addition, the finding of the SVR model performance resulted 
in the development of a new software, estimAADTion, which is explained later in this report.  

Cost Effectiveness of SVR Model vs. Factor Method  
Based on the data gathered for this project, the research team has developed several AADT 

estimation models.  As shown in Figure 34 and explained further in the Pilot Test section, the SVR-based 
Machine Learning Model had the lowest mean percentage error.  For this reason, it is recommended that the 
SCDOT adopts this method for estimating AADT. This model leverages the data already collected by the 
SCDOT and currently available equipment. Since the SVR method could predict AADT using a shorter count 
duration, 20 hours instead of 24 (for the year 2011) as often performed by the SCDOT, it frees up personnel 
time and financial resources for the SCDOT. Table 5 provides a comparison of the SVR model performance 
against the Factor method. 
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Figure 34 Factor Method vs. SVR Model Percent Error by Road Classification 

 

Table 5 Factor Method vs. SVR Model Percent Error Based on Actual AADT Values 

STC Nearby 
ATR 

Date Functional 
Class 

Actual 
AADT 

Factor SVR Error-Factor Error-SVR 

1 80 10/19/16 11 7802 7552 7653 3% 2% 
2 80 10/20/16 11 7802 8169 7965 5% 2% 
3 81 10/19/16 11 7341 6855 7052 7% 4% 
4 81 10/20/16 11 7341 7423 6989 1% 5% 
5 145 10/19/16 11 21291 21829 22262 3% 5% 
6 145 10/20/16 11 21291 22337 21231 5% 0% 
7 100 10/19/16 11 18458 19323 19939 5% 8% 
8 100 10/20/16 11 18458 19312 18444 5% 0% 
9 99 10/19/16 11 50518 48233 51251 5% 1% 

10 99 10/20/16 11 50518 50446 51674 0% 2% 
11 9 10/24/17 2 4051 3659 4169 10% 3% 
12 11 11/14/17 2 24741 22153 23241 10% 6% 
13 30 11/14/17 13 20707 16181 19623 22% 5% 
14 38 10/31/17 3 4711 4786 4899 2% 4% 
15 47 10/25/17 13 24472 21700 24124 11% 1% 
16 57 11/14/17 2 3274 3124 3418 5% 4% 
17 133 11/7/17 3 2591 2559 2692 1% 4% 
18 148 10/31/17 13 28754 24752 28260 14% 2% 
19 149 10/25/17 2 27269 25989 27517 5% 1% 
20 17 11/7/17 4 1352 1259 1357 7% 0% 
21 73 10/24/17 4 3555 3817 3750 7% 5% 
22 152 11/7/17 15 4203 4096 4192 3% 0% 
23 153 11/7/17 18 3437 3427 3407 0% 1% 
24 154 11/7/17 18 6953 6162 6840 11% 2% 
25 155 11/7/17 15 10784 11079 11215 3% 4%       

Average 6% 3% 
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No additional costs are associated with the implementation of the SVR model beyond the cost of 
conducting short-term counts that are periodically performed. It is expected that the SVR model will operate 
at the same cost, or below the cost of the factor method, based on how many short-term counts SCDOT 
chooses to conduct. If the SCDOT conducts the same number of short-term counts, then time and financial 
resources can be saved since the SVR model could require less data.  

Conclusions 
Three models were developed and tested for performance. These included a Centrality Theory-based 

method, a linear regression-based method, and two supervised Machine Learning methods. Of the three 
methods, the SVR supervised machine learning method performed the best, in terms of RMSE and MAPE. 
The regression model, although does not need short-term counts, provides less accuracy compared to the 
SVR model. Examining the SVR method for cost savings revealed that what was previously accomplished 
with a 24-hour count and the factor method can now be accomplished with a reduced hour counts (based on 
sequential feature selection) and the SVR-based estimAADTion software, created as part of this research. 
The SVR model is expected to operate at the same cost, or below the cost of the factor method. As such, 
there is opportunity for savings in terms of financial investment as well as time to complete the task of 
estimating AADT. Opportunity for reduced cost and resources exists by way of conducting fewer short-term 
counts to achieve the same coverage currently achieved or conducting the same amount of short-term counts 
but covering more locations with the same resources.  
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7  FUTURE DATA COLLECTION 
As previously discussed, SCDOT’s data collection plan meets all federal requirements. This section 

outlines some opportunities for improvement in future data collection efforts.  

Data Collection Improvements for Continuous Data Collection Sites 
The SCDOT should continue to collect permanent count data year-round, weather permitting. Based 

on the majority of states indicating the same, SCDOT should continue to use contractors to supplement data 
collection needs. Missing traffic count for ATRs is an issue not only for SCDOT. A majority of states, including 
SCDOT, responding to the survey indicated that historical data from the corresponding ATR locations were 
used to estimate missing traffic count values at ATR locations.  

 

The majority of the city and county contacts from South Carolina indicated that data collected by 
SCDOT and distributed to the cities and counties has been insufficient or not timely. As such, it is 
recommended that vehicle count, and speed data be provided on an annual basis at minimum. Some cities 
indicated that by the time they receive the data, it is over two years old. There was also one city that indicated 
that the data collected and distributed to SCDOT was inaccurate compared to their own counts. An improved 
validation process is recommended for SCDOT whether it be a HPMS software or more thorough comparison 
with historical data.  

Data Collection Improvements for Short-Term Collection Sites 
The leading short-term count technology is by far Pneumatic Tubes. This technology is simple, but 

derived counts are not accurate. SCDOT should consider using video cameras / LIDAR, UAV, or 
crowdsourced data and advanced analytics for the traffic data collection in the future. Continuing to conduct 
short-term counts on local roads is essential to satisfy the federal requirements regarding VMT estimation, 
as well as Long-Range Transportation Planning.  

 

Other opportunities for an improved data collection program include increasing the labor force for 
short-term counts, while simultaneously improving safety programs for these employees. However, one 
opportunity for improvement for AADT estimation in short-term count locations is implementation of the SVR-
based ML model described in this report. The SVR model has outperformed other models, and this model is 
included in the accompanying software, estimAADTion, which has been pilot tested for accuracy. The 
findings of these pilot tests are explored in the following sections. As discussed in the cost analysis, the 
software could operate with a reduced data (i.e., less than 24-hour count) to predict AADT. Furthermore, 
many of the states in the U.S. and Canada explained that the factor method for estimating AADT is limited 
by the required maintenance of permanent count locations and meeting the quota needed to accurately 
determine the factors.  

Selection of Vehicle Classification Tree 
While most states that responded to the survey did not plan to update their Vehicle Classification 

Tree, recommended changes for improvements are discussed here. Two tests were conducted to identify 
the appropriate vehicle classification tree for South Carolina. The first test was conducted using the 
MetroCount Counter and the default classification scheme (F3). Table 6 provides a summary of the difference 
in counts per vehicle class for the period from 6:55 PM to 7:55 PM on May 24, 2016.  For this test, the 
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MetroCount total is nine fewer than the observed number of vehicles that passed the counter.  The reason 
for this is because MetroCount did not count some vehicles (see examples in row numbers 92, 101, 177, 
178, 260, 261, 325, 343, and 347 of Appendix A). Table 7 shows a summary of misclassifications by error 
type. It can be seen that pickup trucks have the highest misclassifications.  In order to better classify pickup 
trucks as class 3, the project team created a new scheme called “FHWA-SC” where class 2 maximum axle 
spacing was reduced to 10.05 feet from 10.2 feet.  Also, to better classify busses, the new scheme reduced 
the bus minimum axle spacing from 20 to 19 feet based on the team’s measurements of various buses’ axle 
spacing. 

 

The second test aims to compare how well the new scheme performs compared to other schemes: 
F3+, FLDOT, and FHWA-MD-SHA-1. Table 8 provides a summary of the difference in counts per vehicle 
class for the period from 7:00 AM to 9:00 AM on September 1, 2016.  As shown in Table 8, the FHWA-SC 
scheme outperforms all other schemes.  However, it should be noted that the FHWA-SC scheme 
misclassified 5 busses and 22 pickup trucks.  The 5 cases of bus misclassification are shown in rows 19, 20, 
33, 34, and 46 of Appendix B, and the 22 cases of pickup truck misclassifications are shown in rows 3, 5, 6, 
8, 10, 14, 15, 23, 24, 26, 31, 32, 35, 36, 39, 40, 41, 42, 43, 47, 48, and 49 of Appendix B. 

 

Based on the above results, it is recommended that the SCDOT uses the FHWA-SC scheme in the 
future when using MetroCount counters.  A copy of the FHWA-SC scheme is provided in Appendix C. The 
project team observed that speed of vehicles, flow of traffic, driveways, curves, as well as road tubes spacing 
all have an impact on vehicle classification.  Additional research is needed to pinpoint the accuracy of 
MetroCount counters for various roadway conditions.  One important practice the project team discovered 
during the tests is that taping the tubes to the road to eliminate them from bouncing lowered the 
misclassification significantly. 

Table 6 Comparison of Vehicle Classification Counts Between FHWA and MetroCount 

Method / Vehicle Classification 1 2 3 4 5 6 7 8 9 10 11 12 13 Total 

FHWA Standard Definition 5 279 51 1 3 4 0 3 2 0 0 0 0 348 

MetroCount (F3) 4 276 46 0 2 8 1 1 0 0 0 0 1 339 

Absolute Difference 1 3 5 1 1 4 1 2 2 0 0 0 1 9 
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Table 7 Summary of Misclassifications by Error Type 

Error Type Row Number in Appendix A Total Number 
of Cases 

Misclassification of a sedan 194, 205 2 

Misclassification of a pickup truck 15, 22, 40, 52,86, 183, 197, 231, 286,326, 345 11 

Misclassification of an SUV 20, 287, 336 3 

Misclassification of a big truck 21, 66, 81, 87,95 5 

Wrong detection of separate vehicles 36, 235, 324,325, 342, 343, 346, 347 8 

Not counted by counter 92, 101, 177,178, 260,261,325,343,347 9 

Misclassification of a typical bus 179 1 

 

Table 8 Comparison of Vehicle Classification Counts between FHWA and MetroCount 
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FHWA 2 717 286 8 48 16 11 4 25 0 0 0 0 1117 - 

Peak ADR 2 668 324 20 84 3 0 25 3 0 0 0 0 1129 NA* 

MetroCount (FHWA-SC) 2 744 267 3 49 12 10 7 25 0 0 0 0 1119 49 

MetroCount (F3+) 2 748 266 21 31 13 10 3 25 0 0 0 0 1119 69 

MetroCount (FLDOT) 2 740 251 1 47 13 10 30 25 0 0 0 0 1119 74 

MetroCount (FHWA-MD-
SHA-1) 

2 747 255 12 43 11 10 14 26 0 0 0 0 1120 72 

*NA= Peak ADR vehicle-by-vehicle data are not available 

Evacuation Data Collection 
Through permanent count stations and historical data, SCDOT can expect to get an accurate count 

of evacuating vehicles. This data is useful in monitoring evacuation progress. However, regarding vehicle 
occupancy, there are various ways to estimate the number of people per car. In some scenarios, families 
evacuating might choose to separate, taking multiple vehicles away from the coast. In other cases, they might 
all drive in one car, preferring to stay together. There are many variables in play in this situation. SCDOT 
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assumes an average of 2.3 occupants per vehicle, based on historical observation during the Hurricane 
Matthew evacuation. 

 

Since it is complicated to understand the exact actions of many people evacuating in case of an 
emergency without conducting a post-evacuation survey, estimation is necessary. Some instances, such as 
"shadow evacuation" in which people who were not recommended to evacuate, choose to do so anyway (Yin 
et al., 2016) which skews the result of predictions. Some states employ the use of surveillance cameras 
which can count the number of people in the vehicle. Video systems is an accurate but expensive way to 
collect this information and have related privacy concerns.  

 

In an evacuation scenario, the decision makers must make certain assumptions, and each state is 
responsible for these assumptions. One study conducted for Mississippi included a lengthy behavioral study 
(Yin et al,. 2014). Based on this study, Mississippi made the following assumptions: 

• A very conservative assumption that 100% of the population participates in the evacuation, though 
this is improbable. 

• 70-80% Vehicle Utilization 

 

SCDOT Evacuation Count Method 

To estimate the number of evacuating vehicles, SCDOT uses a one-step formula which was derived 
using the three steps described below. This formula uses Traffic Polling and Analysis System (TPAS) to 
access historical volumes of traffic along evacuation routes. TPAS stores a three-month average for each 
day and each hour of the week. This formula has been tested by SCDOT since development and has been 
outperforming methods previously used by SCDOT.  This method can be used moving forward.  
 

1) The Historical Ratio (HR) is determined with southbound (SB) and northbound (NB) traffic using 
the below equation: 

*) =	
FefYghijYklm
nefYghijYklm

                     (15) 

2) The Historical Ratio is used as an input to compute the expected Northbound current traffic in the 
following equation.  

opCqrC=ICJ	 = 	
Feksjjt]h

uv
                    (16) 

3) The number of Northbound evacuating vehicles equals current NB traffic volume minus expected 
Northbound expected traffic volume.  

opC>:=A:I<Dw	 = 	op=A99CDI	 −	opCqrC=ICJ                 (17) 

This results in the following one-step formula (assuming NB indicates evacuating direction): 

opC>:=A:I<Dw = op=A99CDI − (
Feksjjt]h

FefYghijYklm/nefYghijYklm
)                (18) 

Delaware Estimation Method 

In Delaware, a different estimation method is used that incorporates additional data sources and 
includes estimation of visitors on vacation or other non-permanent residents. Data is gathered from the 
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census as well as GIS to determine the number of vehicles per household, the number of people per 
household and the percent of the population evacuated. 

 

First, a traffic count is conducted during the evacuation to get a count of vehicles evacuated. A count 
of total vehicles evacuating (Δz) can be calculated using the sum of the inbound counts, minus the outbound 
counts for all ATRs. There are 75 ATRs in Delaware. In this formula, a negative value indicates an 
evacuation. 

 

Δz = 	Σ:@@	=?ADIC9|	(}z~+,z� − Ä,7~+,z�)                  (19) 

 

To calculate the vehicle occupancy rate, Delaware measures this value using U.S. Census data, 
which indicates the number of residents per household and registered vehicles per household.   

#	+4	T156,33Ç = |Δz| ∗ (
9C|<JCDI|	rC9	E?A|CE?@J	

>CE<=@C|	rC9	E?A|CE?@J
)                 (20) 

After finding this value, Delaware uses demographic data and GIS to estimate the number of visitors 
at seasonal units in the evacuation area in addition to the permanent residents. The formula for this 
calculation is as follows: 

M+75.	`+Ñ,.57Ö+z = Ñ3-25z3z7	-3ÇÖ�3z7Ç + (%	Ä66,Ñ5z6/ ∗ Ç35Ç+z5.	,zÖ7Ç ∗ 1ÖÇÖ7+-Ç	Ñ3-	,zÖ7)             (21) 

 

Dividing the number of evacuees by the total population gives the percentage evacuated. (Archibald and 
McNeil, 2002).  

 

Conclusions 
As mentioned previously, there are opportunities to improve the state’s data collection program. This 

includes improved accuracy and timeliness of data shared with cities and counties, changes to the vehicle 
classification tree, and implementation of a new AADT estimation model, the SVR-based machine learning 
model. Use of the new FHWA-SC scheme when using MetroCount counters will provide a more accurate 
vehicle classification. This scheme is attached in Appendix C of this report.  

 
Further opportunity for improvements arise in terms of evacuations, in which an updated estimation 

method for vehicle occupancy in terms of evacuations will be useful. Though different approaches are made 
by every state when collecting data for evacuations and special events, the method currently employed by 
SCDOT is a valid and useful method. The assumption of 2.3 vehicles is appropriate, though more detailed 
methods of measuring this value are available as outlined above.  

 
The evacuation estimation plan can follow the SCDOT formula, as developed in 2018 by SCDOT, or 

can be modeled after the Delaware method, which integrates census data, GIS data, and seasonal 
occupancy rates to predict the number of occupants per evacuating vehicle. Each of the recommendations 
provided above will make the SCDOT’s AADT data collection program stronger and more useful for the cities, 
counties, state and federal government. Delaware has the most detailed published calculation and is worth 
consideration for implementation by SCDOT as it could provide a more precise value for vehicle occupancy.  
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8 PILOT TESTING 
To evaluate the performance of the developed models, pilot tests were conducted using an entirely 

new set of data that were not used in calibration of the models.  For this purpose, data were collected from a 
total of 20 sites that are located throughout the state.  At each site, short-term counts were obtained as well 
as the AADT from a nearby upstream or downstream ATR.  The AADTs from ATRs serve as “ground truth” 
data.  Of the 20 ATRs, three are located on interstates, 11 are located on arterials, and six are located on 
local roads.  It should be noted that the short-term counts, specifically 24-hour hourly counts, are required to 
run the ANN and SVR models, but are not required by the OLS model.  Also, it should be noted that the 
socioeconomic attributes for 2017 were not available at FactFinder at the time of this report; thus, these 
values were estimated using historical data and assuming a linear trend. The values of the input variables 
for each of the pilot test sites are shown on the following pages in Figures 35 through 46. 
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Figure 35 Functional Class of Pilot Test Site 

 
Figure 36 Number of Lanes at Pilot Test Site 

 
Figure 37 Area Type of Pilot Test Site 

 
Figure 38 Number of Vehicles in Zip Code of 

Pilot Test Site 

 
Figure 39 Population in Zip Code of Pilot Test 

Site 

  

 
Figure 40 Total Roadway Mileage in Zip Code 

of Pilot Test Site 
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Figure 41 Land Use Around the Pilot Test Site 
 

Figure 42 Number of Housing Units in Zip Code 
of Pilot Test Site 

 

Figure 43 Mean Household Income in Zip Code 
of Pilot Test Site 

 

Figure 44 Percent Below Poverty in Zip Code of 
Pilot Test Site 

 

Figure 45 Employment in Block of Pilot Test Site 
for Local Roads and Collectors 

 

Figure 46 Population in Block of Pilot Test Site 
for Local Roads and Collectors 
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OLS Model Compared to Other State Regression Models 
Before evaluating the models developed in this study (SVR, ANN and OLS) against one another, the 

OLS model is first compared against OLS models used by other state DOTs:  Alabama, Wyoming, and North 
Carolina. 
 

Alabama has one model for all functional classes (Raja et al., 2018): 

 
Count = −11.19 + 2.94	(Pop. ) + 2.08	(Emp. )                                                                               (22) 

 

where: 

Count = AADT. 

Pop. = population within each block. 

Emp. = employment within each block. 

 

Wyoming uses the following model for collectors and local roads (Aproni et al., 2016).  Aproni et al. 
(2016) did not discuss models for higher functional classes. 

 
Log(Count) = 1.993 + 0.404	(PavtType) + 0.124	(Access) 
−0.587	(LU•¶) − 0.834	(LU•ß) − 0.299	(LU®) + 0.091	(Pop)                                                       (23)                                                       

  
where: 

PavtType = pavement type (1 =paved roads and 0 = unpaved roads). 
Access = accessibility to other roads (1 = roads with direct access to higher functional classes and 0 
otherwise). 
LUAC = land use (1 =cropland and 0 = otherwise). 
LUAP = land use (1 =pasture and 0 = otherwise). 
LUI =land use (1 =industrial and 0 = otherwise). 
Pop. = population within each block. 

 

North Carolina uses the following model for collectors and local roads (Yang et al., 2014).  Yang et 
al. (2014) did not discuss models for higher functional classes. 

 
Count = 0.2959	(Cars) + 0.3217	(Lanes) 

+0.12	(Housingunits) + 0.2765	(Income) 
+0.2648	(Belowpoverty) + 0.2729	(Carintensity)                                                                              (24) 

 
where: 

Cars =number of cars on the studied road that can be obtained from satellite such as Google maps. 
Lanes = number of lanes on the road. 
Housingunits = number of housing units within each zip code. 
Income = median household income within each zip code. 
Belowpoverty = percent below poverty within each zip code. 
Carintensity = number of cars on the road divided by length of the road. 
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The effectiveness of different models is evaluated by comparing the model predicted AADT against 
the actual AADT via a metric known as MAPE.  MAPE is calculated as follows: 

MAPE	(%) =
a

≤
∑ ≥

•¥Z'¥
•¥

≥µ∈{a,…,≤} × 100                                                                                                               (25) 

 

where A is the actual AADT, E is the estimated AADT, and n is the sample size. 

Table 9 shows the effectiveness of the developed OLS model against the Alabama model for 
interstates. It can be seen from Table 9 that this study’s OLS model yields an average MAPE of 15.1% 
compared to 68.7% of the Alabama model.  Figure 47 provides a graphical view of the results shown in Table 
9.  

Table 9 OLS Model Comparison Against Alabama Model for Interstates 

Nearby ATR Date 
Actual 
AADT 

OLS Alabama 
MAPE 
(OLS) 

(%) 

MAPE 
(Alabama) 

(%) 

81 10/20/2016 7,341 6,635 7,359 9.6 0.3 
80 10/20/2016 7,802 6,738 17,501 13.6 143.9 
99 10/20/2016 50,518 61,616 12,470 22.0 61.7 

Average 15.1 68.7 

 

 
Figure 47 OLS Model Comparison Against Alabama Model for Interstates 

 

Table 10 shows the effectiveness of the developed OLS model against the Alabama model for 
arterials. It can be seen from Table 10 that this study’s OLS model yields an average MAPE of 31.9% 
compared to 68.8% of the Alabama model.  Figure 48 provides a graphical view of the results shown in Table 
10.  
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Table 10 OLS Model Comparison Against Alabama Model for Arterials 

Nearby ATR Date 
Actual 
AADT 

OLS Alabama 
MAPE 
(OLS) 

(%) 

MAPE 
(Alabama) 

(%) 

133 11/7/2017 2,591 3,967 3,523 53.1 36.0 
57 11/14/2017 3,274 5,863 4,272 79.1 30.5 
9 10/24/2017 4,051 6,434 6,904 58.8 70.4 
38 10/31/2017 4,711 4,794 11,470 1.8 143.5 
100 10/20/2016 18,458 18,302 5,014 0.8 72.8 
30 11/14/2017 20,707 18,525 6,138 10.5 70.4 
145 10/20/2016 21,291 18,211 4,371 14.5 79.5 
47 10/25/2017 24,472 18,468 14,297 24.5 41.6 
11 11/14/2017 24,741 15,198 3,845 38.6 84.5 
149 10/25/2017 27,269 18,157 9,703 33.4 64.4 
148 10/31/2017 28,754 18,372 10,447 36.1 63.7 

Average 31.9 68.8 

 

 

Figure 48 OLS Model Comparison Against Alabama Model for Arterials 

 

Table 11 shows the effectiveness of the developed OLS model against the other three states’ OLS 
models for collectors and arterials.  As shown in Table 11, this study’s OLS model yields the lowest average 
MAPE (21.9%).  The next best model is the North Carolina model with an average MAPE of 37.9%.  Figure 
49 provides a graphical view of the results shown in Table 11. 
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Table 11 OLS Model Comparison Against Other States’ Models for Collectors and Local Roads 

Nearby 
ATR 

Date 
Actual 
AADT 

OLS Alabama Wyoming 
North 

Carolina 

MAPE 
(OLS) 

(%) 

MAPE 
(Alabama) 

(%) 

MAPE 
(Wyoming) 

(%) 

MAPE 
(North 

Carolina) 
(%) 

17 11/7/2017 1,352 1,323 3,707 390 1,084 2.2 174.2 71.2 19.8 
153 11/7/2017 3,437 3,290 6,611 456 1,499 4.3 92.3 86.7 56.4 
73 10/24/2017 3,555 3,211 8,196 489 1,140 9.7 130.5 86.2 67.9 
152 11/7/2017 4,203 4,418 12,593 86 6,618 5.1 199.6 98.0 57.5 
154 11/7/2017 6,953 3,436 7,108 461 6,615 50.6 2.2 93.4 4.9 
155 11/7/2017 10,784 4,348 11,766 561 8,498 59.7 9.1 94.8 21.2 

Average 21.9 101.3 88.4 37.9 

 
 

 
 

Figure 49 OLS Model Comparison Against Other States’ Model for Collectors and Local Roads 

 

Table 12 provides a comparison of the actual AADTs and the AADTs estimated using ANN, SVR and 
OLS models for interstates. The last three columns of Table 12 show MAPE of the ANN, SVR, and OLS 
models.  Although data were collected at only three interstate locations, Table 12 shows six records because 
two sets of 24-hour counts were obtained for each location. Each 24-hour count is treated as a separate 
observation.  Note that the estimated AADT by the OLS model is the same for each count station because it 
is dependent on only roadway characteristics, economic, and socioeconomic attributes, whereas the ANN 
and SVR models also rely on 24-hour hourly counts.  As shown in Table 12, the SVR model performed best 
with a mean percentage error of 2.7% and the OLS model performed worst with a mean percentage error of 
15.1%.  The ANN model performed reasonably well with a mean percentage error of 9.6%.  On two different 
occasions for ATRs 80 and 99, the SVR model was able to predict the AADT within 2% of the actual AADT. 
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Similar to Table 12, Table 13 shows the pilot test results for arterials. Functional Class 2 refers to 
“Rural-Principal Arterial - Other”, Class 3 refers to “Rural-Minor Arterial” and Class 13 refers to “Urban 
Principal Arterial - Other.”  The SVR model also outperformed the ANN and OLS models with a mean 
percentage error of 4.8%. 
 

Table 12 Developed Model Comparison for Interstates 

STC Nearby ATR Date FC Actual AADT ANN SVR OLS 
MAPE 
(ANN) 
(%) 

MAPE 
(SVR) 
(%) 

MAPE 
(OLS) 
(%) 

1 80 10/19/2016 11 7,802 8,044 7,653 6,738 3.1 1.9 13.6 
2 80 10/20/2016 11 7,802 6,769 7,965 6,738 13.2 2.1 13.6 
3 81 10/19/2016 11 7,341 7,018 7,052 6,635 4.4 3.9 9.6 
4 81 10/20/2016 11 7,341 5,775 6,989 6,635 21.3 4.8 9.6 
5 99 10/19/2016 11 50,518 45,698 51,251 61,616 9.5 1.5 22.0 
6 99 10/20/2016 11 50,518 47,406 51,674 61,616 6.2 2.3 22.0 
 Average 9.6 2.7 15.1 

 

Table 13 Developed Model Comparison for Arterials 

STC Nearby ATR Date FC Actual AADT ANN SVR OLS 

MAPE 

(ANN) 

(%) 

MAPE 

(SVR) 

(%) 

MAPE 

(OLS) 

(%) 

1 9 10/24/2017 2 4,051 3,599 4,187 6,434 11.2 3.4 58.8 

2 11 11/14/2017 2 24,741 25,003 25,096 15,198 1.1 1.4 38.6 

3 30 11/14/2017 13 20,707 18,950 19,516 18,525 8.5 5.8 10.5 

4 38 10/31/2017 3 4,711 4,363 4,744 4,794 7.4 0.7 1.8 

5 47 10/25/2017 13 24,472 22,577 25,290 18,468 7.7 3.3 24.5 

6 57 11/14/2017 2 3,274 2,973 2,971 5,863 9.2 9.3 79.1 

7 100 10/19/2016 21 18,458 19,044 19,939 18,302 3.2 8.0 0.8 

8 100 10/20/2016 21 18,458 17,531 18,444 18,302 5.0 0.1 0.8 

9 133 11/7/2017 3 2,591 2,878 2,947 3,967 11.1 13.7 53.1 

10 145 10/19/2016 21 21,291 22,598 22,262 18,211 6.1 4.6 14.5 

11 145 10/20/2016 21 21,291 21,476 21,231 18,211 0.9 0.3 14.5 

12 148 10/31/2017 13 28,754 25,759 30,121 18,372 10.4 4.8 36.1 

13 149 10/25/2017 2 27,269 28,382 29,075 18,157 4.1 6.6 33.4 

Average 6.6 4.8 28.2 

 

Table 14 shows the models comparison for pilot test sites located on collectors and local roads.  As 
shown in Table 14, the SVR model outperformed other models with a 2.1 mean percentage error. The ANN 
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model performed well with a mean percentage error of 3.4%.  The OLS model performed better with a mean 
percentage error of 21.9% for collectors/local roads compared to 28.2% for arterials. 

 

Table 14 Developed Model Comparison for Collectors 

STC Nearby ATR Date FC Actual AADT ANN SVR OLS 
MAPE 
(ANN) 
(%) 

MAPE 
(SVR) 
(%) 

MAPE 
(OLS) 
(%) 

1 17 11/7/2017 4 1,352 1,326 1,357 1,323 1.9 0.4 2.2 
2 73 10/24/2017 4 3,555 3,807 3,750 3,211 7.1 5.5 9.7 
3 152 11/7/2017 15 4,203 4,373 4,192 4,418 4.0 0.3 5.1 
4 153 11/7/2017 18 3,437 3,364 3,407 3,290 2.1 0.9 4.3 
5 154 11/7/2017 18 6,953 6,964 6,840 3,436 0.2 1.6 50.6 
6 155 11/7/2017 15 10,784 11,332 11,215 4,348 5.1 4.0 59.7 
Average 3.4 2.1 21.9 

 

Both the SVR model and the ANN model performed reasonably well, with less than 10% mean 
percentage error.  To determine if the SVR model is statistically better than the ANN model at the 95% 
confidence level, a paired t-test is conducted with the following hypothesis. 

H0: SVR model mean percentage error = ANN model mean percentage error 

HA: SVR model mean percentage error ≠ ANN model mean percentage error 

 

The hypothesis test result (p-value = 0.0045) indicates that the null hypothesis can be rejected 
meaning that the SVR model outperforms the ANN model at the 95% confidence level. 

 

Application of OLS Regression Model on Non-Coverage Count Stations 

Previous discussion regarding AADT estimation applies only to coverage count stations.  At the 
request of the SCDOT, the project team investigated the effectiveness of the OLS regression model on non-
coverage count stations; these counts are located mainly on local roads, with some on arterials.  Figure 50 
shows the locations of these stations in Dorchester and Marion Counties. 
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(a)  (b  

Figure 50 Location of Non-Coverage Count Stations: (a) Dorchester County and (b) Marion County 

 

The AADT was estimated using the developed OLS regression model for 85 non-coverage count 
stations shown in Figure 50 and the results were compared against actual counts.  The mean absolute 
percentage error (MAPE) is 2,206%.  For reference, the MAPE of the factor method is 499%.  Essentially, 
the regression model estimate is 4 times worse than the factor method.  The data was stratified in several 
ways (e.g., by county, functional class, and number of lanes) to identify situations where the regression model 
may outperform the factor method.  None of the situations examined had the regression model outperformed 
the factor method. The poor performance of the regression model is largely due to the lack of demographic 
attributes at the census block level.  This issue will be addressed in a follow-up study.   

 

Based on the above findings, SCDOT could consider using the SVR model to estimate AADTs 
statewide if the SCDOT wishes to have the most accurate model.  It should be noted that to implement the 
SVR model, short-term counts are needed, and the model parameters will need to be updated annually. The 
model updating process is greatly facilitated by the software that has been developed specifically for the 
SCDOT. The software and user manual are provided as part of this project’s deliverables.  For sites without 
recent short-term count, they can be estimated using growth factors to project the last available short-term 
count to the current year.  Alternatively, if the SCDOT wishes to use a simpler model that does not require 
short-term counts, the developed OLS model can be used.  As discussed above, it is superior to the models 
used by Alabama, Wyoming and North Carolina DOTs.  The developed OLS model is robust in that it can be 
used for all functional classes, unlike some states’ OLS models that work for only certain functional classes.  
Another advantage of the developed OLS model is that it relies on attributes that are readily available. 
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9 estimAADTion SOFTWARE 
Software Overview 

The estimAADTion is a software designed for SCDOT to estimate AADT using short-term count data. 
SCDOT conducts short-term counts at different locations in the state periodically. This software has been 
designed to estimate the AADT at those locations from the short-term counts at those locations. The software 
uses SVR model to estimate the AADT. In order to estimate AADT from short-term counts, the software uses 
data from permanent count stations (ATRs). The software provides the capability to collect the permanent 
count station data from the SCDOT website to facilitate the use of the permanent count stations. The software 
has been implemented using C# in Visual Studio. 

Software Functions 
This software is capable of performing two functions: AADT estimation and ATR Data Collection. 

 
AADT Estimation  

AADT Estimation is the primary function of the software. The user needs to provide several inputs to the 
software. The required inputs are: 
 

• List of ATRs and their functional classes 
• Short-term counts 
• ATR data of that year 
• Functional classification factors 
• Model parameters 
• Growth factor (to project short-term count to current year) 

The software uses a machine-learning based predictive model, SVR, to estimate the AADT from 
short-term counts. The SVR model uses the open source LIBSVM library. The SVR model uses the ATR 
data of a specific year to train the model, determines the model parameters, and estimates the AADT using 
short-term counts as inputs.  

 

The list of ATRs and functional class information are used to form three major road groups: interstate, 
arterial and collector (this group includes collectors and local roads). If the ATR data has been used 
previously in the model, then the model will use the parameters input by the user. If the ATR data is new, 
then the software will create new models and recalculate the parameters. The software creates three 
separate models for the three major road groups. After that, the short-term counts data is input to the 
appropriate model based on their functional classes to estimate the AADT of that location. The functional 
classification factors are used to calculate the AADT from seasonal and axle factors. This is the traditional 
factor method of AADT estimation. The output file contains two AADT values, AADT from factor method and 
SVR method. 

 
ATR Data Collection 

In order to perform AADT estimation, the user needs to input the ATR data (i.e., hourly volume data from 
all permanent count stations) to the model. The software provides the capability of ATR data collection also. 
For this function, the user also must input several data to the software. The inputs are: 
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• List of ATRs 
• Data Collection location 
• Year 

 

A script has been developed using Python programming language to automatically collect all the ATR 
data from the SCDOT website. The script will be provided to the users with the software package. The script 
collects the hourly volumes for each ATR in separate text files, which can be directly used by the AADT 
estimation part of the software. The user will need to specify the year of data collection and the folder where 
all the data will be saved. Although the primary use of the software is to estimate AADT of current year, the 
year has been kept as an input so that users can choose to estimate AADT for a previous year also, if 
required. This process takes approximately 12 to 24 hours depending on data availability, connectivity and 
hardware specifications of the computer. However, in an ideal situation, this procedure will only need to be 
done once per year. After downloading the ATR data, the user can reuse the data for the rest of the year, as 
often as necessary. 

User Interface 
The user interface of the software has three separate tabs for different types of inputs. It should be 

mentioned here that, the details about constructing the input files will be discussed in Appendix D of this 
report. In Appendix D, there is a separate section on how to construct the input files for the software. The 
three tabs are described briefly below. 
 
AADT Estimation 

The first tab at the top of the window is designed for inputs related to the AADT estimation. Below is 
a screenshot (Figure 51) of the first tab and a step-by-step user guide.  

 
Figure 51 estimAADTion Software GUI - AADT Estimation Tab 

 

Step 1 

 

Step 2 

 

Step 3 

 

Step 4 

 

Step 5 
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Step 1: Input the location of the short-term count file using the browse button. The file must be in 
Comma Separated Value (.csv) format. You may also copy and paste the location of the file into the text box 
if you prefer.  

Step 2: Input the location of the ATR data. You can use the browse button to locate this folder or copy 
and paste the folder location if you prefer.   

Step 3: Input the location of the functional classification factor file. You can do this using the browse 
button or copying and pasting the folder location into the text box. This file must also be in csv format.    

Step 4: Input the model parameter file, which can be found using the browse button or the copy and 
paste method. The software will create a new model parameter file if you check the box “New ATR Data.” 
The procedure will take a while to complete (6 to 12 hours) as mentioned above, but this step should only be 
performed when inputting new ATR Data. The model parameters will get updated each time there is a new 
data. The next time the user wants to use the software with the same ATR data, the user can just select this 
file and leave the “New ATR Data” box unchecked.  

Step 5: After providing all the inputs, click the “Predict AADT” button at the bottom and the software 
will run the program. While the program runs in the background, a progress bar will show the progress of the 
software. After the run is completed, the software will provide the predicted AADT output in an excel file with 
the current date and time, so you can easily identify it. 

 
ATR Data Collection 

The second tab at the top of the window is designed for inputs related to ATR data collection. Below 
is a screenshot of it (Figure 52) and the steps to input the appropriate files. 

 

Figure 52 estimAADTion Software GUI - ATR Data Collection Tab 

 

Step 1 

 

Step 2 

 

Step 3 

 

Step 4 
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Step 1: Input the location of the data collector script using the browse button or copy and paste 
method. The script will be provided to you with the software package, so you are not required to write this 
script.  

Step 2: Input the location to the data collection folder. The browse button can be used to browse to 
the folder where you have selected to store the data. You also have the option of copying and pasting the 
location of the folder in the box. 

Step 3: Input the year of ATR data collection by typing in the format YYYY (i.e., 2017, 2018).  

Step 4: After providing all the inputs, click “Get Data” at the bottom and the software will run the 
program in the background. 

  

 ATR List 
Regardless of the whether you are using the software to estimate AADT or collect ATR data, the 

software requires the list of ATRs entered on the third tab. ATRs can be  added or removed for various 
reasons. So, the ATR list needs to be updated accordingly in a csv file and it should be uploaded whenever 
the software is used. Figure 53 shows the third tab of the software. 

 

Figure 53 estimAADTion Software GUI – ATR List Tab 

 

The browse button can be used to browse the location of the ATR list csv file. This file has to be in 
csv format. The user also has the option to copy and paste the location of the file in the box. 
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10 RECOMMENDATIONS 
Based on the findings of the project, the following recommendations are provided for consideration 

by SCDOT. 

Future Data Collection Plan 
Continuous and Short-Term Data Collection 

The overall importance of a thorough data collection plan was reinforced by the findings from the 
national and statewide survey. Some cities were able to identify opportunity for improvement, by providing 
timely and accurate data to the cities and counties. As such, further effort must be put into providing accurate 
and timely data to the cities and counties for their use. Use of the continuously collected data at all ATR 
locations should continue to be supplemented with short-term counts and provided as soon as possible to 
cities and counties for short-term and long-term planning on an as-needed basis. For short-term counts 
SCDOT could consider using advanced data collection technologies (i.e., video cameras / LIDAR, UAV, or 
crowdsourced data) in the future, as pneumatic tubes counts have low accuracy.  
 
Vehicle Classification Tree  

Data collected using the default MetroCount vehicle classification tree is shown in Appendix A. 
Classification discrepancies compared against ground truth data are shown in Appendix B. Although the 
vehicle classification tree is not a primary focus of this research project, there is an opportunity to improve it. 
For example, the current scheme often misclassifies pickup trucks and buses. As part of this project, a new 
MetroCount scheme was developed entitled “FHWA-SC.” This new scheme allows for improved classification 
of larger vehicles, including pickup trucks and buses. The FHWA-SC scheme can be found in Appendix C. 
 
Evacuation Data Collection and Occupancy Estimation 

The evacuation occupancy estimation based on evacuation counts has some minor opportunities for 
improvement. The new formula developed by SCDOT to estimate the number of evacuating vehicles has 
been performing well in tests conducted by SCDOT. Incorporating the Delaware calculation, as discussed in 
chapter seven, for vehicle occupancy estimation in evacuations could provide a more accurate estimate of 
the population evacuating. Rather than relying on an average observed 2.3 people/vehicle from the past, a 
time-specific estimation can be calculated using method adopted by the Delaware DOT.  

AADT Estimation of Non-Coverage Count Stations 
At locations where short-term counts are not available, the SVR method cannot be used.  The factor 

method being used by the SCDOT has a MAPE of 500%.  Therefore, it is recommended that another method 
more accurate than the factor method be explored for non-coverage counts.  Additionally, the SCDOT should 
explore additional data sources such as demographic data, specifically those available at the census block 
level, to enable the development of more advanced statistical models to estimate AADT. 

AADT Estimation Model Development and Evaluation 
Although the factor method is used by multiple states, those same states also expressed frustration 

with this method. The SVR model outperformed the factor method as well as the ANN and OLS in terms of 
accuracy. As such, this model is recommended for those locations with access to short-term counts.     
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AADT Estimation Model Implementation 
Our recommendation to SCDOT is to use the estimAADTion software for the future AADT estimation. 

This software uses the SVR method to predict AADT from short-term count. From our evaluation, we have 
found that SVR method is superior compared to other methods (including factor, regression and ANN 
method). Also based on the pilot test evaluation, we have determined that the SVR model produces the 
lowest average error. The estimAADTion software can extract ATR data from the SCDOT website. SCDOT 
can use this functionality of the software to download all ATR data from previous year at the start of each 
year. The SVR model requires the most updated ATR data to train the model. Therefore, before using the 
software for AADT estimation, SCDOT should run the software in “ATR data collection” mode in order to get 
the most recent ATR data. It is also recommended to update the parameters of the SVR model whenever 
there is new ATR data. Details about these functionalities are described in Appendix D 

 

Before using the software for AADT estimation, it is recommended to check all input csv files carefully. 
It is very easy to make a mistake in the development of the csv files. An important input is the growth factor 
for each 24-hour short-term count data. This input should not be left blank, as a blank is interpreted as a zero 
value. The user should put a “1” in the box if no growth factor is applied. The software also calculates the 
estimated AADT using factor method so that SCDOT can compare between factor method estimation and 
software estimation. 
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Table Appendix A 1: Vehicle-by-vehicle classifications 
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1 5/24/2016 6:55:26   2 2   

2 5/24/2016 6:55:27 1 2 2   

3 5/24/2016 6:55:28 1 2 2   

4 5/24/2016 6:55:39 11 3 3   

5 5/24/2016 6:56:03 24 2 2   

6 5/24/2016 6:56:14 11 2 2   

7 5/24/2016 6:56:23 9 2 2   

8 5/24/2016 6:56:24 1 2 2   

9 5/24/2016 6:56:28 4 2 2   

10 5/24/2016 6:56:30 2 3 3   

11 5/24/2016 6:56:35 5 2 2   

12 5/24/2016 6:57:15 40 2 2   

13 5/24/2016 6:57:19 4 2 2   

14 5/24/2016 6:57:58 39 3 3   

15 5/24/2016 6:58:00 2 3 2 

 

This pickup 

truck was 

misclassified 

as class 2. It 

should be 

class 3. 

16 5/24/2016 6:58:04 4 2 2   

17 5/24/2016 6:58:10 6 2 2   
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18 5/24/2016 6:58:12 2 2 2   

19 5/24/2016 6:58:21 9 3 3   

20 5/24/2016 6:58:28 7 2 3 

 

This SUV 

was 

misclassified 

as class 3. It 

should be 

class 2. 

21 5/24/2016 6:58:31 3 5 2 

 

This two 

axle truck 

was 

misclassified 

as class 2. It 

should be 

class 5. 

22 5/24/2016 6:58:36 5 3 2 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

23 5/24/2016 6:58:36 0 2 2   

24 5/24/2016 6:58:39 3 2 2   

25 5/24/2016 6:58:41 2 2 2   

26 5/24/2016 6:58:45 4 2 2   

27 5/24/2016 6:59:12 27 2 2   

28 5/24/2016 6:59:17 5 2 2   

29 5/24/2016 6:59:20 3 5 5   

30 5/24/2016 6:59:24 4 2 2   

31 5/24/2016 6:59:28 4 3 3   

32 5/24/2016 6:59:31 3 3 3   

33 5/24/2016 6:59:43 12 2 2   
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34 5/24/2016 6:59:48 5 2 2   

35 5/24/2016 6:59:52 4 3 3   

36 5/24/2016 7:00:08 16 1 13 

 

These 5 

cyclists were 

misclassified 

as class 13. 

They should 

be class 1. 

37 5/24/2016 7:00:16 8 1 1   

38 5/24/2016 7:00:22 6 2 2   

39 5/24/2016 7:00:30 8 2 2   

40 5/24/2016 7:00:34 4 3 2 

 

This pickup 
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misclassified 

as class 2. It 

should be 

class 3. 

41 5/24/2016 7:00:39 5 2 2   

42 5/24/2016 7:00:44 5 2 2   

43 5/24/2016 7:01:04 20 2 2   

44 5/24/2016 7:01:12 8 2 2   

45 5/24/2016 7:01:14 2 2 2   

46 5/24/2016 7:01:19 5 2 2   

47 5/24/2016 7:01:58 39 2 2   

48 5/24/2016 7:02:15 17 2 2   

49 5/24/2016 7:02:20 5 2 2   

50 5/24/2016 7:02:52 32 3 3   

51 5/24/2016 7:03:06 14 6 6   
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52 5/24/2016 7:03:16 10 3 2 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

53 5/24/2016 7:03:24 8 2 2   

54 5/24/2016 7:03:28 4 2 2   

55 5/24/2016 7:03:29 1 2 2   

56 5/24/2016 7:03:32 3 2 2   

57 5/24/2016 7:03:37 5 3 3   

58 5/24/2016 7:03:38 1 2 2   

59 5/24/2016 7:03:40 2 2 2   

60 5/24/2016 7:03:43 3 2 2   

61 5/24/2016 7:03:46 3 2 2   

62 5/24/2016 7:03:46 0 2 2   

63 5/24/2016 7:03:54 8 2 2   

64 5/24/2016 7:03:55 1 2 2   

65 5/24/2016 7:04:04 9 3 3   

66 5/24/2016 7:04:42 38 8 3 

 

This 5 axle 

truck was 

misclassified 

as class 3. It 

should be 

class 8. 

67 5/24/2016 7:04:56 14 3 3   

68 5/24/2016 7:05:00 4 2 2   

69 5/24/2016 7:05:01 1 3 3   

70 5/24/2016 7:05:08 7 2 2   

71 5/24/2016 7:05:22 14 2 2   

72 5/24/2016 7:05:26 4 2 2   

73 5/24/2016 7:05:31 5 2 2   

74 5/24/2016 7:05:45 14 2 2   

75 5/24/2016 7:05:48 3 3 3   
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76 5/24/2016 7:06:24 36 2 2   

77 5/24/2016 7:06:34 10 2 2   

78 5/24/2016 7:06:48 14 2 2   

79 5/24/2016 7:06:50 2 2 2   

80 5/24/2016 7:06:57 7 2 2   

81 5/24/2016 7:07:06 9 5 3 

 

This truck 

was 

misclassified 

as class 3. It 

should be 

class 5. 

82 5/24/2016 7:07:07 1 2 2   

83 5/24/2016 7:07:10 3 2 2   

84 5/24/2016 7:07:11 1 2 2   

85 5/24/2016 7:07:20 9 3 3   

86 5/24/2016 7:07:43 23 3 2 

 

This pickup 

truck was 

misclassified 

as class 2. It 

should be 

class 3. 

87 5/24/2016 7:07:53 10 9 6 

 

This 5 axle 

truck was 

misclassified 

as class 6. It 

should be 

class 9. 

88 5/24/2016 7:08:20 27 2 2   

89 5/24/2016 7:08:22 2 3 3   

90 5/24/2016 7:08:34 12 2 2   

91 5/24/2016 7:09:16 42 2 2   



  
 
 
 
 

 

 

A-6 

A-6 

92 5/24/2016 7:09:16 0 2 - 

 

This white 

SUV was 

not detected 

by the 

counter. It 

should be 

class 2. 

93 5/24/2016 7:09:32 16 2 2   

94 5/24/2016 7:09:34 2 3 3   

95 5/24/2016 7:09:39 5 8 3 

 

This truck 

was 

misclassified 

as class 3. It 

should be 

class 8. 

96 5/24/2016 7:09:41 2 2 2   

97 5/24/2016 7:09:44 3 2 2   

98 5/24/2016 7:10:55 11 2 2   

99 5/24/2016 7:11:47 52 2 2   

100 5/24/2016 7:11:52 5 2 2   

101 5/24/2016 7:11:52 0 5 - 

 

This fire 

trcuk was 

not detected 

by the 

counter. It 

should be 

class 5. 

102 5/24/2016 7:11:57 5 2 2   

103 5/24/2016 7:12:00 3 2 2   

104 5/24/2016 7:12:03 3 2 2   

105 5/24/2016 7:12:04 1 2 2   



  
 
 
 
 

 

 

A-7 

A-7 

106 5/24/2016 7:12:31 27 3 3   

107 5/24/2016 7:12:34 3 2 2   

108 5/24/2016 7:12:36 2 2 2   

109 5/24/2016 7:12:37 1 2 2   

110 5/24/2016 7:12:43 6 2 2   

111 5/24/2016 7:12:44 1 2 2   

112 5/24/2016 7:12:55 11 2 2   

113 5/24/2016 7:13:34 39 2 2   

114 5/24/2016 7:13:36 2 2 2   

115 5/24/2016 7:13:36 0 2 2   

116 5/24/2016 7:13:39 3 2 2   

117 5/24/2016 7:13:51 12 2 2   

118 5/24/2016 7:13:52 1 2 2   

119 5/24/2016 7:14:09 17 2 2   

120 5/24/2016 7:14:12 3 5 5   

121 5/24/2016 7:14:18 6 2 2   

122 5/24/2016 7:14:34 16 2 2   

123 5/24/2016 7:14:41 7 2 2   

124 5/24/2016 7:14:41 0 2 2   

125 5/24/2016 7:14:44 3 2 2   

126 5/24/2016 7:14:47 3 2 2   

127 5/24/2016 7:14:55 8 3 3   

128 5/24/2016 7:15:15 20 2 2   

129 5/24/2016 7:15:16 1 2 2   

130 5/24/2016 7:15:18 2 2 2   

131 5/24/2016 7:15:34 16 3 3   

132 5/24/2016 7:15:50 16 2 2   

133 5/24/2016 7:15:58 8 2 2   

134 5/24/2016 7:16:04 6 2 2   

135 5/24/2016 7:16:05 1 2 2   

136 5/24/2016 7:16:12 7 2 2   

137 5/24/2016 7:16:13 1 2 2   

138 5/24/2016 7:16:19 6 2 2   

139 5/24/2016 7:16:26 7 2 2   

140 5/24/2016 7:16:30 4 2 2   

141 5/24/2016 7:16:40 10 2 2   

142 5/24/2016 7:17:05 25 2 2   

143 5/24/2016 7:17:09 4 2 2   

144 5/24/2016 7:17:18 9 2 2   

145 5/24/2016 7:17:40 22 2 2   

146 5/24/2016 7:17:54 14 2 2   

147 5/24/2016 7:18:00 6 2 2   



  
 
 
 
 

 

 

A-8 

A-8 

148 5/24/2016 7:18:04 4 2 2   

149 5/24/2016 7:18:06 2 2 2   

150 5/24/2016 7:18:23 17 2 2   

151 5/24/2016 7:18:35 12 2 2   

152 5/24/2016 7:18:38 3 2 2   

153 5/24/2016 7:18:49 11 6 6   

154 5/24/2016 7:18:59 10 2 2   

155 5/24/2016 7:19:04 5 2 2   

156 5/24/2016 7:19:04 0 2 2   

157 5/24/2016 7:19:06 2 2 2   

158 5/24/2016 7:19:14 8 2 2   

159 5/24/2016 7:19:24 10 2 2   

160 5/24/2016 7:20:30 6 2 2   

161 5/24/2016 7:20:50 20 2 2   

162 5/24/2016 7:20:58 8 2 2   

163 5/24/2016 7:21:04 6 2 2   

164 5/24/2016 7:21:11 7 2 2   

165 5/24/2016 7:21:15 4 2 2   

166 5/24/2016 7:21:23 8 3 3   

167 5/24/2016 7:22:00 37 2 2   

168 5/24/2016 7:22:02 2 2 2   

169 5/24/2016 7:22:16 14 2 2   

170 5/24/2016 7:22:39 23 3 3   

171 5/24/2016 7:22:44 5 2 2   

172 5/24/2016 7:22:46 2 3 3   

173 5/24/2016 7:23:14 28 3 3   

174 5/24/2016 7:23:22 8 3 3   

175 5/24/2016 7:23:35 13 2 2   

176 5/24/2016 7:23:40 5 2 2   

177 5/24/2016 7:23:56 16 2 - 

 

This grey 

sedan was 

not detected 

by the 

counter. It 

should be 

class 2. 



  
 
 
 
 

 

 

A-9 

A-9 

178 5/24/2016 7:23:56 0 2 - 

 

This white 

SUV was 

not detected 

by the 

counter. It 

should be 

class 2. 

179 5/24/2016 7:24:01 5 4 6 

 

This bus 

was 

misclassified 

as class 6. It 

should be 

class 4. 

180 5/24/2016 7:24:03 2 2 2   

181 5/24/2016 7:24:13 10 2 2   

182 5/24/2016 7:24:34 21 2 2   

183 5/24/2016 7:24:36 2 3 2 

 

This pickup 

truck was 

misclassified 

as class 2. It 

should be 

class 3. 

184 5/24/2016 7:24:39 3 2 2   

185 5/24/2016 7:24:54 15 2 2   

186 5/24/2016 7:25:06 12 1 1   

187 5/24/2016 7:25:20 14 2 2   

188 5/24/2016 7:25:31 11 2 2   

189 5/24/2016 7:25:33 2 2 2   

190 5/24/2016 7:25:35 2 2 2   



  
 
 
 
 

 

 

A-10 

A-10 

191 5/24/2016 7:25:36 1 2 2   

192 5/24/2016 7:25:42 6 2 2   

193 5/24/2016 7:26:17 35 2 2   

194 5/24/2016 7:26:20 3 2 6 

 

This sedan 

was 

misclassified 

as class 6. It 

should be 

class 2. 

195 5/24/2016 7:26:25 5 2 2   

196 5/24/2016 7:26:29 4 2 2   

197 5/24/2016 7:26:30 1 3 2 

 

This pickup 

truck was 

misclassified 

as class 2. It 

should be 

class 3. 

198 5/24/2016 7:26:35 5 2 2   

199 5/24/2016 7:26:35 0 2 2   

200 5/24/2016 7:26:45 10 2 2   

201 5/24/2016 7:26:46 1 2 2   

202 5/24/2016 7:26:50 4 2 2   

203 5/24/2016 7:27:38 48 2 2   

204 5/24/2016 7:27:40 2 2 2   



  
 
 
 
 

 

 

A-11 

A-11 

205 5/24/2016 7:27:42 2 2 6 

 

This sedan 

was 

missclasified 

as class 6. It 

should be 

class 2. 

206 5/24/2016 7:27:49 7       

207 5/24/2016 7:28:10 21 3 3   

208 5/24/2016 7:28:15 5 2 2   

209 5/24/2016 7:28:27 12 3 3   

210 5/24/2016 7:28:29 2 2 2   

211 5/24/2016 7:28:52 23 2 2   

212 5/24/2016 7:29:13 21 2 2   

213 5/24/2016 7:29:29 16 1 1   

214 5/24/2016 7:30:18 49 2 2   

215 5/24/2016 7:30:19 1 2 2   

216 5/24/2016 7:30:23 4 2 2   

217 5/24/2016 7:30:34 11 2 2   

218 5/24/2016 7:30:35 1 2 2   

219 5/24/2016 7:30:39 4 2 2   

220 5/24/2016 7:31:34 55 2 2   

221 5/24/2016 7:31:34 0 2 2   

222 5/24/2016 7:31:36 2 2 2   

223 5/24/2016 7:31:39 3 3 3   

224 5/24/2016 7:31:43 4 2 2   

225 5/24/2016 7:31:48 5 2 2   

226 5/24/2016 7:32:27 39 2 2   

227 5/24/2016 7:32:29 2 3 3   

228 5/24/2016 7:32:34 5 2 2   

229 5/24/2016 7:32:45 11 2 2   

230 5/24/2016 7:33:10 25 2 2   



  
 
 
 
 

 

 

A-12 

A-12 

231 5/24/2016 7:33:31 21 3 2 

 

This pickup 

truck was 

misclassified 

as class 2. It 

should be 

class 3. 

232 5/24/2016 7:33:48 17 2 2   

233 5/24/2016 7:34:08 20 3 3   

234 5/24/2016 7:34:10 2 2 2   

235 5/24/2016 7:34:16 6 3 3 

 

The trailer of 

the white 

pickup truck 

was 

classified as 

a separate 

vehicle. 

236 5/24/2016 7:34:16 0 2 2   

237 5/24/2016 7:34:20 4 2 2   

238 5/24/2016 7:34:25 5 2 2   

239 5/24/2016 7:34:28 3 2 2   

240 5/24/2016 7:34:31 3 2 2   

241 5/24/2016 7:34:43 12 2 2   

242 5/24/2016 7:34:47 4 2 2   

243 5/24/2016 7:34:54 7 2 2   

244 5/24/2016 7:35:01 7 2 2   

245 5/24/2016 7:35:02 1 3 3   

246 5/24/2016 7:35:25 23 2 2   

247 5/24/2016 7:35:41 16 2 2   

248 5/24/2016 7:36:13 32 3 3   

249 5/24/2016 7:36:18 5 2 2   

250 5/24/2016 7:36:18 0 2 2   

251 5/24/2016 7:36:21 3 2 2   

252 5/24/2016 7:36:23 2 2 2   

253 5/24/2016 7:36:26 3 2 2   



  
 
 
 
 

 

 

A-13 

A-13 

254 5/24/2016 7:36:27 1 2 2   

255 5/24/2016 7:36:30 3 2 2   

256 5/24/2016 7:36:31 1 2 2   

257 5/24/2016 7:36:55 24 2 2   

258 5/24/2016 7:36:59 4 2 2   

259 5/24/2016 7:37:00 1 2 2   

260 5/24/2016 7:37:06 6 2 - 

 

These two 

sedans were 

not detected 

by the 

counter. 

They should 

be class 2. 

261 5/24/2016 7:37:06 0 2 - 

 

Please see 

row 260. 

262 5/24/2016 7:37:33 27 2 2   

263 5/24/2016 7:37:58 25 2 2   

264 5/24/2016 7:38:02 4 2 2   

265 5/24/2016 7:38:18 16 2 2   

266 5/24/2016 7:38:33 15 2 2   

267 5/24/2016 7:38:45 12 2 2   

268 5/24/2016 7:38:49 4 3 3   

269 5/24/2016 7:38:51 2 3 3   

270 5/24/2016 7:38:54 3 2 2   

271 5/24/2016 7:39:00 6 2 2   

272 5/24/2016 7:39:15 15 2 2   

273 5/24/2016 7:39:21 6 2 2   

274 5/24/2016 7:40:24 3 2 2   

275 5/24/2016 7:40:50 26 2 2   



  
 
 
 
 

 

 

A-14 

A-14 

276 5/24/2016 7:40:57 7 2 2   

277 5/24/2016 7:41:03 6 2 2   

278 5/24/2016 7:41:47 44 2 2   

279 5/24/2016 7:42:03 16 2 2   

280 5/24/2016 7:42:12 9 2 2   

281 5/24/2016 7:42:20 8 2 2   

282 5/24/2016 7:42:36 16 2 2   

283 5/24/2016 7:42:54 18 3 3   

284 5/24/2016 7:42:56 2 2 2    

285 5/24/2016 7:42:59 3 2 2    

286 5/24/2016 7:43:10 11 3 2 

 

This pickup 

truck was 

misclassified 

as class 2. It 

should be 

class 3. 

287 5/24/2016 7:43:11 1 2 3 

 

This SUV 

was 

misclassified 

as class 3. It 

should be 

class 2. 

288 5/24/2016 7:43:17 6 2 2   

289 5/24/2016 7:43:43 26 2 2   

290 5/24/2016 7:44:02 19 2 2   

291 5/24/2016 7:44:02 0 2 2   

292 5/24/2016 7:44:07 5 2 2   

293 5/24/2016 7:44:10 3 2 2   

294 5/24/2016 7:44:10 0 2 2   

295 5/24/2016 7:44:11 1 2 2   

296 5/24/2016 7:44:17 6 2 2   

297 5/24/2016 7:44:21 4 2 2   

298 5/24/2016 7:44:30 9 3 3   



  
 
 
 
 

 

 

A-15 

A-15 

299 5/24/2016 7:44:34 4 2 2   

300 5/24/2016 7:44:36 2 2 2   

301 5/24/2016 7:44:50 14 2 2   

302 5/24/2016 7:45:08 18 2 2   

303 5/24/2016 7:45:10 2 2 2   

304 5/24/2016 7:45:16 6 2 2   

305 5/24/2016 7:45:18 2 2 2   

306 5/24/2016 7:45:19 1 3 3   

307 5/24/2016 7:45:20 1 2 2   

308 5/24/2016 7:45:24 4 2 2   

309 5/24/2016 7:45:55 31 6 6   

310 5/24/2016 7:45:56 1 2 2   

311 5/24/2016 7:46:03 7 2 2   

312 5/24/2016 7:46:15 12 2 2   

313 5/24/2016 7:46:17 2 2 2   

314 5/24/2016 7:46:54 37 2 2   

315 5/24/2016 7:46:56 2 2 2   

316 5/24/2016 7:47:12 16 2 2   

317 5/24/2016 7:47:18 6 2 2   

318 5/24/2016 7:47:29 11 2 2   

319 5/24/2016 7:47:49 20 2 2   

320 5/24/2016 7:48:06 17 2 2   

321 5/24/2016 7:48:16 10 2 2   

322 5/24/2016 7:48:18 2 2 2   

323 5/24/2016 7:48:49 31 2 2   

324 5/24/2016 7:48:53 4 2 6 

 

These two 

sedans were 

classified as 

a single unit 

as class 6. 

They should 

be class 2. 



  
 
 
 
 

 

 

A-16 

A-16 

325 5/24/2016 7:48:53 0 2 - 

 

Please see 

row 324. 

326 5/24/2016 7:48:58 5 3 2 

 

This pickup 

truck was 

misclassified 

as class 2. It 

should be 

class 3. 

327 5/24/2016 7:48:58 0 3 3   

328 5/24/2016 7:49:01 3 2 2   

329 5/24/2016 7:49:47 46 2 2   

330 5/24/2016 7:49:50 3 2 2   

331 5/24/2016 7:49:55 5 2 2   

332 5/24/2016 7:49:56 1 2 2   

333 5/24/2016 7:50:01 5 2 2   

334 5/24/2016 7:50:03 2 2 2   

335 5/24/2016 7:50:06 3 2 2   

336 5/24/2016 7:50:09 3 2 3 

 

This SUV 

was 

misclassified 

as class 3. It 

should be 

class 2. 

337 5/24/2016 7:50:40 31 3 3   



  
 
 
 
 

 

 

A-17 

A-17 

338 5/24/2016 7:51:01 21 2 2    

339 5/24/2016 7:51:09 8 2 2   

340 5/24/2016 7:51:23 14 2 2   

341 5/24/2016 7:51:24 1 2 2   

342 5/24/2016 7:51:28 4 9 10 

 

This 5 axle 

truck and 

the sedan 

following it 

were 

classified as 

a sigle unit 

as class 10. 

It should be 

class 9. 

343 5/24/2016 7:51:30 2 2 - 

 

This white 

sedan was 

not detected 

separatly. It 

should be 

class 2. 

Please see 

row 342. 

344 5/24/2016 7:51:31 1 2 2   

345 5/24/2016 7:51:39 8 3 2 

 

This pickup 

truck was 

misclassied 

as class 2. It 

should be 

class 3. 



  
 
 
 
 

 

 

A-18 

A-18 

346 5/24/2016 7:51:45 6 2 7 

 

These two 

sedans were 

classified as 

a single unit 

in class 7. 

They should 

be class 2. 

347 5/24/2016 7:51:45 0 2 - 

 

Please see 

row 346. 

348 5/24/2016 7:51:54 9 2 2   

349 5/24/2016 7:52:22 28 2 2   

350 5/24/2016 7:52:37 15 2 2   

351 5/24/2016 7:52:52 15 3 3   

352 5/24/2016 7:52:58 6 1 1   

353 5/24/2016 7:53:34 36 2 2   

354 5/24/2016 7:53:36 2 2 2   

355 5/24/2016 7:54:14 38 2 2   

356 5/24/2016 7:54:15 1 2 2   

357 5/24/2016 7:54:20 5 2 2   

358 5/24/2016 7:54:26 6 2 2   

359 5/24/2016 7:54:27 1 2 2   

360 5/24/2016 7:54:33 6 2 2   

361 5/24/2016 7:54:45 12 2 2   

362 5/24/2016 7:55:00 15 2 2   

 

Answers to Todd Anderson’s comments: 

1.  It’s classifying a lot of Pickups as class 2.  Some may have the same wheelbase as a car, but we may 
be able to tweak the spacing for class 3 versus class 2 a little. 

There are two reasons for MetroCount misclassifying pickup trucks as class 2.  The first reason is as you 
stated, some of these trucks have the same wheelbase as a car.  We don’t think we can correct this problem 
using pneumatic tubes.  The second reason is that sometimes tubes are bounced; thus, creating an error in 
the axle spacing.  For the truck shown below, its axle spacing is actually 11.38 feet; however, due to the tube 
bouncing, MetroCount used an axle spacing of 2.4 feet.  As Graham suggested, we can correct this problem 
by taping the tubes down. 



  
 
 
 
 

 

 

A-19 

A-19 

 

FHWA 
Classifica

tion 

Metro 
Count 

Classifica
tion 

Axle 
spacing 
(conside
red by 
Metro 
Count) 

(ft) 

Screen shot (in case of 
discrepancy between methods) Axle profile 

3 2 2.4 

 

 

 
As you suggested, perhaps we could lower the class 2 maximum axle spacing a little to get trucks to be 
classified as class 3.  In the example below, the truck’s axle spacing is 10.11 feet, and therefore, MetroCount 
classified it as a class 2 (6.0 to 10.2 feet).  So, if we lower it to 10.1 we could get MetroCount to classify this 
truck as a class 3.  However, we will need to investigate more cases to determine the threshold value.  I will 
consult with Graham Foden on this issue. 
 

FHWA 
Classific

ation 

Metro 
Count 

Classific
ation 

Axle 
spacing 
(consid
ered by 
Metro 
Count) 

(ft) 

Screen shot (in case of 
discrepancy between methods) Axle profile 

3 2 10.1 

 

 

 
 
2. I’m not sure why it classes the truck in line 21 as a class 2.  What did the MetroCount measure for the axle 
spacing? 

The axle spacing for this truck is 9.05 feet, so that is the reason why MetroCount classified this vehicle as 
class 2.  We don’t think we can correct this problem using pneumatic tubes. 



  
 
 
 
 

 

 

A-20 

A-20 

 

FHWA 
Classificati

on 

Metro 
Count 

Classificati
on 

Axle 
spacing 

(consider
ed by 
Metro 

Count) (ft) 

Screen shot (in case of 
discrepancy between methods) 

Axle profile 

5 2 9.0 

 

 

 
3.  I doubt any counter could handle line 36 very well. 

Yes, we agree. 
 

FHWA 
Classificati

on 

Metro 
Count 

Classificati
on 

Axle 
spacing 

(consider
ed by 
Metro 
Count) 

(ft) 

Screen shot (in case of 
discrepancy between 

methods) 
Axle profile 

1 13 16.0 

 

 

 
4. Line 66 and 95 are puzzling.  I guess it thought they were pickups pulling a trailer. 

We believe this error is due to tubes bouncing.  We would like to redo the test with tubes taped down. 
 

FHWA 
Classificati

on 

Metro 
Count 

Classificati
on 

Axle 
spacing 

(consider
ed by 
Metro 
Count) 

(ft) 

Screen shot (in case of 
discrepancy between methods) 

Axle profile 



  
 
 
 
 

 

 

A-21 

A-21 

8 3 36.3 

 

 

 
5. Line 87 is puzzling considering class 6 vehicles are 3 axle vehicles. 

This truck has only three axles in use at the time of this recording.  The other two axles are used only when 
there is a load on the truck.  We don’t think we can correct this problem using pneumatic tubes. 
 

FHWA 
Classificati

on 

Metro 
Count 

Classificati
on 

Axle 
spacing 

(consider
ed by 
Metro 
Count) 

(ft) 

Screen shot (in case of 
discrepancy between methods) 

Axle profile 

9 6 23.7 

 

 

 
 
6. We should define the axle spacing for buses in SC, so that we can hopefully properly classify as many 
busses as possible (line 179). 

The F3 scheme classifies a bus if it has an axle spacing of 20 to 40 feet.  However, this school bus has an 
axle spacing of 18.54 ft.  We will investigate the axle spacing of various buses being used in South Carolina 
and recommend an appropriate range. 
 

FHWA 
Classificati

on 

Metro 
Count 

Classificati
on 

Axle 
spacing 

(consider
ed by 
Metro 
Count) 

(ft) 

Screen shot (in case of 
discrepancy between 

methods) 
Axle profile 



  
 
 
 
 

 

 

A-22 

A-22 

4 6 18.5 

 

 

 

 
 



  
 
 
 
 

 

 

B-1 

B-1 

APPENDIX B :  MIOVISION VS. METROCOUNT 

DISCREPENCIES 
 

Table Appendix B 1: Cases with a discrepancy between Miovision and MetroCount (FHWA-SC) 

Row Time 

Metro 

Count 

FHWA-

SC 

FHWA 

Axle 

spacing 

(ft) 

Axle profile Screen shot Comment 

1 7:00:58 5 4 16.9 

 

 

This bus was 

misclassified 

as class 5. It 

should be 

class 4. 

2 7:01:40 3 5 12.8 

 

 

This truck 

was 

misclassified 

as class 3. It 

should be 

class 5. 



  
 
 
 
 

 

 

B-2 

B-2 

3 7:02:57 2 3 9.05 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

4 7:04:16 2 5 22.99 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 5. 

5 7:04:20 2 3 8.98 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 



  
 
 
 
 

 

 

B-3 

B-3 

6 7:09:41 2 3 8.79 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

7 7:11:27 3 2 10.65 

 

 

This SUV 

was 

misclassified 

as class 3. It 

should be 

class 2. 

8 7:14:39 2 3 8.84 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 



  
 
 
 
 

 

 

B-4 

B-4 

9 7:20:53 2 6 
16.63, 

4.69 
 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 6. 

10 7:22:07 2 3 10.2 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

11 7:22:19 8 3 

13.7, 

23.13, 

2.93  

 

This truck 

was 

misclassified 

as class 8. It 

should be 

class 3. 



  
 
 
 
 

 

 

B-5 

B-5 

12 7:23:39 5 4 14.96 

 

 

This bus was 

misclassified 

as class 5. It 

should be 

class 4. 

13 7:27:15 4 5 22.8 

 

 

This truck 

was 

misclassified 

as class 4. It 

should be 

class 5. 

14 7:30:40 2 3 9.67 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 



  
 
 
 
 

 

 

B-6 

B-6 

15 7:31:55 2 3 9.5 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

16 7:33:21 2 6 
11.2, 3.93, 

3.93, 4.67 
 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 6. 

17 7:33:21 2 - - - - 
Please see 

row 16. 

18 7:33:21 2 - - - - 
Please see 

row 16. 

19 7:39:30 5 4 15.45 

 

 

This bus was 

misclassified 

as class 5. It 

should be 

class 4. 



  
 
 
 
 

 

 

B-7 

B-7 

20 7:42:43 5 4 16.3 

 

 

This bus was 

misclassified 

as class 5. It 

should be 

class 4. 

21 7:43:54 3 2 10.27 

 

 

This SUV 

was 

misclassified 

as class 3. It 

should be 

class 2. 

22 7:45:25 3 2 10.11 

 

 

This SUV 

was 

misclassified 

as class 3. It 

should be 

class 2. 



  
 
 
 
 

 

 

B-8 

B-8 

23 7:47:11 2 3 8.92 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

24 7:50:55 2 3 8.82 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

25 7:51:02 8 3 
16.37, 

22.3, 2.88 
 

 

This truck 

was 

misclassified 

as class 8. It 

should be 

class 3. 

26 7:55:30 2 3 8.91 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 



  
 
 
 
 

 

 

B-9 

B-9 

27 7:59:31 3 5 
12.18, 

13.11 
 

 

This truck 

was 

misclassified 

as class 3. It 

should be 

class 5. 

28 8:01:26 4 5 23.87 

 

 

This truck 

was 

misclassified 

as class 4. It 

should be 

class 5. 

29 8:02:02 2 6 
18.43, 

4.24 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 6. 

30 8:02:02 2 -  - - 
Please see 

row 29. 



  
 
 
 
 

 

 

B-10 

B-10 

31 8:03:52 2 3 9.03 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

32 8:04:10 2 3 9.72 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

33 8:05:11 5 4 19.35 

 

 

This bus was 

misclassified 

as class 5. It 

should be 

class 4. 



  
 
 
 
 

 

 

B-11 

B-11 

34 8:07:48 5 4 16.59 

 

 

This bus was 

misclassified 

as class 5. It 

should be 

class 4. 

35 8:08:07 2 3 9.21 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

36 8:08:55 2 3 8.58 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 



  
 
 
 
 

 

 

B-12 

B-12 

37 8:09:22 3 6 12.16 

 

 

This truck 

was 

misclassified 

as class 3. It 

should be 

class 6. 

38 8:14:17 8 3 

13.46, 

31.25, 

3.86 
 

 

This truck 

was 

misclassified 

as class 8. It 

should be 

class 3. 

39 8:22:13 2 3 9.01 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 



  
 
 
 
 

 

 

B-13 

B-13 

40 8:24:20 2 3 9.85 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

41 8:34:08 2 3 9.02 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

42 8:35:25 2 3 9.57 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 



  
 
 
 
 

 

 

B-14 

B-14 

43 8:36:36 2 3 8.68 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

44 8:40:13 2 3 
9.55, 

16.51, 2.6 
 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

45 8:51:01 3 6 
12.37, 

20.66 
 

 

This truck 

was 

misclassified 

as class 3. It 

should be 

class 6. 



  
 
 
 
 

 

 

B-15 

B-15 

46 8:53:00 5 4 19.79 

 

 

This bus was 

misclassified 

as class 5. It 

should be 

class 4. 

47 8:54:29 2 3 9.95 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 

48 8:57:07 2 3 9.98 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 



  
 
 
 
 

 

 

B-16 

B-16 

49 8:58:52 2 3 8.88 

 

 

This truck 

was 

misclassified 

as class 2. It 

should be 

class 3. 
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APPENDIX C : FHWA-SC CLASSIFICATION 

METROCOUNT SCHEME 
 
[Scheme] 
SchemeHelpText=FHWA 13-Class - South Carolina DOT. Includes FHWA grouping 5 as in table 7-6 Traffic Monitoring Guide 2013 
Tandem=6.89 
CarPartition=2 
UnknownPartition=14 
Species=245 
Metric=0 
PartitionName0= 
PartitionName1=MC 
PartitionName2=PC 
PartitionName3=2A-4T 
PartitionName4=Bus 
PartitionName5=2A-6T 
PartitionName6=3A-SU 
PartitionName7=4A-SU 
PartitionName8=<5A DBL 
PartitionName9=5A DBL 
PartitionName10=>6A DBL 
PartitionName11=<6A MULTI 
PartitionName12=6A MULTI 
PartitionName13=>6A MULTI 
PartitionName14=??? 
Aggregate0=0 1 2 2 3 3 3 3 4 4  
Aggregate10=4 5 5 5 14 0 0 0 0 0  
Aggregate20=0 0 0 0 0 0 0 0 0 0  
AggregateName1=MC 
AggregateName2=2-3 
AggregateName3=4-7 
AggregateName4=8-10 
AggregateName5=11-13 
AggregateName14=??? 
 
[Rule0] 
Partition=1 
nAxle=2 2 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 3.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0= 5.70  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule1] 
Partition=2 
nAxle=2 2 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 5.70  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=10.05  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule2] 
Partition=3 
nAxle=2 2 
nGroup=0 0 
WheelBase=0 0 
SPMin0=10.05  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=13.20  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
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[Rule3] 
Partition=5 
nAxle=2 2 
nGroup=0 0 
WheelBase=0 0 
SPMin0=13.20  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=19.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule4] 
Partition=4 
nAxle=2 2 
nGroup=0 0 
WheelBase=0 0 
SPMin0=19.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=40.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule5] 
Partition=2 
nAxle=3 3 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 5.70  6.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=10.05 18.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule6] 
Partition=2 
nAxle=4 4 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 5.70  6.00  1.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=10.05 18.00  3.50  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule7] 
Partition=3 
nAxle=3 3 
nGroup=0 0 
WheelBase=0 0 
SPMin0=10.05  6.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=13.20 25.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule8] 
Partition=3 
nAxle=4 4 
nGroup=0 0 
WheelBase=0 0 
SPMin0=10.05  6.00  1.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=13.20 22.00  3.50  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule9] 
Partition=3 
nAxle=5 5 
nGroup=0 0 
WheelBase=0 0 
SPMin0=10.05  6.00  1.00  1.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=13.20 22.00  3.50  3.50  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule10] 
Partition=4 
nAxle=3 3 
nGroup=0 0 
WheelBase=0 0 
SPMin0=21.00  2.70  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=40.00  6.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule11] 
Partition=5 
nAxle=3 3 
nGroup=0 0 
WheelBase=0 0 
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SPMin0= 8.00  6.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=20.00 22.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule12] 
Partition=5 
nAxle=4 4 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 8.00  6.00  1.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=20.00 22.00  3.50  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule13] 
Partition=6 
nAxle=3 3 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  2.70  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=21.00  6.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule14] 
Partition=7 
nAxle=4 4 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  2.70  2.70  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=22.00  6.00 13.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule15] 
Partition=8 
nAxle=3 3 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00 11.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=26.00 40.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule16] 
Partition=8 
nAxle=4 4 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  2.70  6.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=26.00  6.00 44.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule17] 
Partition=8 
nAxle=4 4 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00 11.00  2.70  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=26.00 44.00 12.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule18] 
Partition=9 
nAxle=5 5 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  2.70  6.00  2.70  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=26.00  6.00 46.00 12.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule19] 
Partition=9 
nAxle=5 5 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  2.70  6.00  2.70  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=26.00  6.00 46.00 14.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule20] 
Partition=9 
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nAxle=5 5 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  6.00  2.70  2.70  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=26.00 46.00 11.00 11.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule21] 
Partition=10 
nAxle=6 6 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  2.70  6.00  2.70  2.70  0.00  0.00  0.00  0.00  0.00  
SPMax0=26.00  6.00 46.00 11.00 11.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule22] 
Partition=10 
nAxle=7 7 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  2.70  2.70  2.70  2.70  2.70  0.00  0.00  0.00  0.00  
SPMax0=26.00  6.00 46.00 11.00 11.00 11.00  0.00  0.00  0.00  0.00  
 
[Rule23] 
Partition=11 
nAxle=5 5 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00 11.00  6.00 11.00  0.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=26.00 26.00 20.00 26.00  0.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule24] 
Partition=12 
nAxle=6 6 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  2.70 11.00  6.00 11.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=26.00  6.00 26.00 24.00 26.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule25] 
Partition=12 
nAxle=6 6 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00 11.00  2.70  6.00 11.00  0.00  0.00  0.00  0.00  0.00  
SPMax0=26.00 26.00  6.00 24.00 26.00  0.00  0.00  0.00  0.00  0.00  
 
[Rule26] 
Partition=13 
nAxle=7 7 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  2.70  2.70  2.70  2.70  2.70  0.00  0.00  0.00  0.00  
SPMax0=45.00 45.00 45.00 45.00 45.00 45.00  0.00  0.00  0.00  0.00  
 
[Rule27] 
Partition=13 
nAxle=8 8 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  2.70  2.70  2.70  2.70  2.70  2.70  0.00  0.00  0.00  
SPMax0=45.00 45.00 45.00 45.00 45.00 45.00 45.00  0.00  0.00  0.00  
 
[Rule28] 
Partition=13 
nAxle=9 9 
nGroup=0 0 
WheelBase=0 0 
SPMin0= 6.00  2.70  2.70  2.70  2.70  2.70  2.70  2.70  0.00  0.00  
SPMax0=45.00 45.00 45.00 45.00 45.00 45.00 45.00 45.00  0.00  0.00  
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APPENDIX D : estimAADTion USER MANUAL 
INITIAL SETUP AND INSTALLATIONS 
 
Software and Hardware Requirements 

 

Hardware Requirements 
The software can run on any basic hardware configuration. The minimum requirements are given below: 

• Processor: 1 GHz 
• RAM: 512 MB 
• Disk space: 5 GB 

 
Software Requirements 
In terms of the software, the first requirement is that the computer must have some version of the Windows 
operating system (Vista, 7, 8, or 10) to run the software. The AADT software has some pre-requisite software 
that need to be installed before use. The following subsection below will provide the direction on how to install 
the pre-requisite software to run the AADT software. 
 
.NET Framework 
The installation guide for .NET framework can be found in the following link. The link contains the download 
link to the required package. 
 
https://docs.microsoft.com/en-us/dotnet/framework/install/ 
 

Select the version of Windows OS in the user’s computer. The following is the screenshot of the 
webpage when you open the link. The rectangular box shows the options of operating system (OS) for the 
user.  
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After selecting the appropriate OS, Install any of the version 4 options of .NET Framework.  Below is 
the screenshot of the screen you will see if you select Windows 7. Click on “Download .NET Framework 
4.7.2” (marked using rectangular box). 

 

 
 

After downloading the installer, install the software using the installer file. The installer will guide you 
through software installation.  

 
Web-browser and Webdriver 
To download ATR data from the SCDOT website, the software needs to have a web-browser and a webdriver 
installed on the machine. Any one of the following will work:  
 

• Google Chrome and Chromedriver 
• Mozilla Firefox 
• Internet Explorer and IEdriver 

 

The links below provide the installation guides and download links for web-browsers. 

• Google Chrome-  
https://support.google.com/chrome/answer/95346?co=GENIE.Platform=Desktop&hl=en 

• Mozilla Firefox- https://support.mozilla.org/en-US/kb/how-download-and-install-firefox-windows 
• Internet Explorer – Preinstalled on all Windows computers 

 

It is recommended that users update their browser to the latest version. After installing the web-
browser, the user will need to download the corresponding webdriver. Below are the download links to all 
web drivers. 

 
• Chromedriver- http://chromedriver.chromium.org/downloads 
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• Firefoxdriver- Firefox driver does not need to be installed, it is part of the Python package “Selenium” 
that we will install later. 

• IEdriver- http://selenium-release.storage.googleapis.com/index.html 
 

The chromedriver and IEdriver comes in a zip file. If you unzip the file, then you will find an executable 
(*.exe) file. Place this file in the C drive. For example, if you have selected chromedriver, the path to 
chromedriver.exe file will be “C:\chromedriver.exe”. 

 

During ATR data collection, the user will need to select the script that corresponds to the user’s 
choice. Each browser’s script is found below: 

• Internet Explorer : “SC_hv_ie.py”  
• Mozilla Firefox: “SC_hv_mf.py” 
• Google Chrome: “SC_hv_gc.py” 

 
Python and Associated Packages 
Install Python according to the installation guide below. 
 
https://www.howtogeek.com/197947/how-to-install-python-on-windows/ 
 

For the AADT software, the users will install Python 3. After opening the link, scroll down until you 
find a section titled “How to install Python 3”. Click on “download and run the installer” (rectangular box), 
which will take you to the Python website.  

 

 
 

Select the “Latest Python 3 Release” to download the executable installer. You will see a screen 
similar to the screen in the following screenshot.  
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After downloading the installer, go back to the previous webpage and follow the instructions provided 
under “How to install Python 3”. The webpage contains all the instructions with screenshots. 

After installing Python, the packages that need to be installed are Selenium and Pandas. These 
packages can only be installed after you have successfully installed Python in your machine.  Steps to install 
a package are given below. 

 

Step 1: In Windows 7, go to start menu (bottom left corner) and in the “search programs and files” 
search bar, type “cmd.exe” You will find a program titled “cmd.exe”. Open the program. In Windows 8 and 
10, the search bar is already there at the bottom left corner, use it to search for “cmd.exe”. 

 

Step 2: After “cmd.exe” opens, type “pip install selenium” and press enter. This command will install 
Selenium. 

 

Step 3: In the same window, type “pip install pandas” and press enter. This command will install the 
Pandas package. 

 

Step 4: After installation of both is complete, you will see a message “success” at the bottom. Exit the 
cmd window by typing “exit” and press Enter. 

 
A screenshot of “cmd.exe” is shown here. 
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AADT Software Installation 
The software will be provided to the users in a zip file called “estimAADTion.zip.” Copy / save the zip file to 
any location in your local machine and unzip it. After unzipping, you will find a folder called “AADT.” Open 
the AADT folder and you will find “AADT .exe” along with several other files. If you double click “AADT.exe”, 
the software will launch. Below is a screenshot of the list of files you will see when you open the AADT folder. 
 

 
 
 
PREPARING THE INPUT FILES 
Some sample input files are provided with the software in the folder ‘Sample_inputs’. 
 
Short-term Count File 
This csv file contains the short-term counts for AADT prediction. Below is a screenshot of the csv file. 
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Row 1 must contain the headings for each column. Column A contains the county and Column B contains 
the station number/ID. This information is provided to keep the location information. Column C contains the 
date of the short-term count. The date is used to identify the day of the week and month of the year, which 
influence the hourly volumes. Column D contains the functional class of the road at which the short-term 
count was taken. This information is used to determine which model should be used for AADT prediction. 
Column E contains the growth factor. The user can input an old short-term count and specify a growth factor. 
The software will use the growth factor to project the hourly volume to the current year. For all other short-
term counts that are up-to-date, the value should be 1 in this column. A blank column is equivalent to 0, so 
inputting the value of 1 is mandatory. Starting in column F and for each subsequent column to its right, each 
column contains one hour volume for each of the 24 hourly volumes.  The screenshot above only shows the 
hourly volume for up to hour 5.  
 
Functional Classification Factor File 
The Functional Classification Factor csv file contains the functional classification factors. Below is a 
screenshot. 
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Column A contains the labels. Row 1 contains all possible functional classes. There are 10 possible functional 
classes, which are placed in Columns B through K. Row 2 contains the Axle factors by functional class. Rows 
3 through 14 contain the seasonal factors by functional class. As we know, the seasonal factors are on a 
monthly basis and there are 12 months. So, Row 3 contains the seasonal factors for the month of January, 
Row 4 contains the seasonal factors for the month of February. This trend continues to Row 14. If a cell is 
left blank, it is interpreted as 0 by the software. 
 
Model Parameter File 
The Model Parameter csv file is generated by the software when new ATR data is added. This CSV file will 
remain unchanged as long as there is no update to the ATR data. Below is a screenshot of the csv file. . 
 

 
 
The model has two primary parameters, C and Gamma. Each row (2-4) correspond to one of the three 
prediction models in the software, interstate model, arterial model and collector model. Row 2 contains the 
C and Gamma values for the interstate model, Row 3 contains the C and Gamma values for the arterial 
model and Row 4 contains the C and Gamma values for the collector model. 
 
ATR List File 
The ATR List csv file contains the functional classification factors. Below is a screenshot of the csv file. 
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There are two columns in this file. Column A is the ATR number and Column B is the functional classification 
of the corresponding ATR. Row 1 is the heading. From Row 2, each row entry corresponds to an ATR. 
Therefore, if there are 100 ATRs in the state, then there should be 100 rows of entries in this file.  
 
 
AADT ESTIMATION 
 
Start Menu 
Below are the steps to be followed by the user. 
Step 1: Open the software using “AADT.exe” and make sure the “AADT Estimation” tab is selected.  
Step 2: Click the “browse” button beside the “Short-term Count File” box and another window will open, as 
shown in the screenshot below.  
Step 3: Select the appropriate csv file which you have created based on the instructions in Section 3 of this 
manual. In this example demonstration, it is “Input.csv”, which has already been populated with the 
corresponding data.  
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Step 4: Select the file and the click open. This will populate the box with the path to the input file. Below is a 
screenshot of the software start menu that appears after the action. 
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Step 5: Click the browse button beside the ATR Data Folder box and a new window will open.  
Step 6: Browse to the folder where all the ATR data is located, select the folder and click ok. The empty box 
is populated with the path to the folder, as shown in the following screenshot. 
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Step 7: The next two inputs are both .csv files, so repeat the steps 2-4 in this workflow with the appropriate 
csv file. After selecting the appropriate files, the following screenshot will appear from the software start 
menu. 
 

 
 
Step 8: There is a checkbox below the model parameter path, check it if you are using new ATR data. If the 
ATR data you are using has been used before, then leave it unchecked.  
Step 9: Go to the “ATR List” tab and repeat steps 2-4 for this section too. Select the appropriate csv file where 
all the ATRs are listed. The path to the csv file appears in the box as shown below. 
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Step 10: Navigate back to the “AADT Estimation” tab and click on the “Predict AADT” button. 
 
Runtime Menu 
While the software is running in the background, a progress bar will appear below the “Predict AADT” button 
that will show the progress of the software. In addition, the progress percentage will appear on the top bar. 
Below is a screenshot of a sample runtime window. 
 

 
 
If the New ATR box is unchecked, the software takes about 2-5 minutes to run. However, when “New ATR” 
box is checked, it can take 3-6 hours for the software to run because the software recreates the models and 
stores the parameters of the model in the csv file. During this time, you can leave the software running in the 
background and attend other work. However, do not turn off the computer during this time. 
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Output Menu 
After the software finishes, the progress bar will be full, the runtime menu will disappear and the output menu 
window will appear, as shown below. 
 

 
 
This pop-up window includes a hyperlinked file path to the output file. Clicking on the link will open the output 
file generated by the software. The output csv file can also be found in the same folder as the input csv file. 
To recognize the output csv files, each output csv has a base filename of “Output” appended by the date and 
time at which it was created. A sample output filename can be “Output_07.18.2018_14.45.csv.” This file was 
created on 18th July of 2018, at 2:45PM.  
 
Below is a screenshot of the output csv. 
 

 
 
The output csv file will always contain five columns. Row 1 contains the labels. Each entry in the output file 
corresponds to a unique short-term count. If there were multiple entries for one ATR station in the input file, 
the software aggregates the outputs and provides one output. 
 
Column A, B and C are unchanged from the input file. Column D and E are the new columns which have 
been generated by the software. Column D is the calculated AADT using the AI method, and Column E is 
the calculated AADT from the traditionally used factor method. The output from the factor method has been 
included so that users can have a reference for comparison.   
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ATR DATA COLLECTION 
 
Start Menu 
Below are the steps to be followed by the user. 
Step 1: Open the software and navigate to the “ATR Data Collection” tab.  
Step 2: Click the “browse” button beside the “Data Collector File” box.  
Step 3: Using this box, select the appropriate Python script for your setup. The file will have an extension of 
“*.py.” Select the file “SC_hv.py”.  
Step 4: As mentioned in section 1.2.3.2, select the script corresponding to the browser you have selected. In 
this example, we have selected Google Chrome, so we choose the script that corresponds to Google chrome. 
Below is a screenshot of the selection. 
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After the selection, the path to the file appears in the box. Below is the screenshot. 
 

 
 
Step 5: Click the browse button beside the “Data Collection Folder” box and the folder browse window opens.  
Step 6: Using this window, select the folder where you want to store the ATR data. In this example, the ATR 
data has been collected for 2016 and an empty folder named “ATR_data” has been created for data 
collection.  
Step 7: Browse to the folder where you stored your ATR data, select the folder and click ok. The empty box 
is populated with the path to the folder.  
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Step 8: The final input is the year. In this example, we are collecting the ATR data for 2016. Therefore, we 
enter 2016 in the “Year” box. Below is the screenshot. 
 

 
 
Step 9: Go to the “ATR List” tab and click on the browse button. The file browsing window will appear. The 
ATR list is stored in a csv file. Select the appropriate csv file. The path to the csv file appears in the box. The 
screenshot is given below. 
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Step 10: Select the “ATR Data Collection” tab and click the “Predict AADT” button. 
 
Runtime Menu 
In this example, we used Google Chrome and chromedriver to collect the data. The steps are given below. 
Step 1: Click on “Get Data” and a black window will appear as shown in the screenshot below. This is 
“cmd.exe” launched from the software. This indicates that the software has started running in the 
background. Below is a sample window. 
 

 
 
Step 2: After 1-2 minutes, a new google chrome window will appear as can be seen in the screenshot below. 
This is the SCDOT website where all the ATR data is located. This window indicates that the software has 
started pulling data from the website one ATR at a time and one day at a time. This is a very lengthy process 
and it might take about 12-24 hours. You may proceed with other work on your computer as long as you do 
not close the windows. Below is a screenshot of google chrome browser while data is collected. 
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Output Menu 
After the data collection is complete, the runtime menu, “cmd.exe” and the google chrome window will 
disappear and a new output menu window will appear. The screenshot of a sample output menu is given 
below 
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Navigate to the folder where the output data is stored. Below is a screenshot of the content of the folder after 
the data collection is finished. 
 

 
 
 
The folder contains one text file for each ATR, starting with ATR 1. The name of the files are in the format 
“(ATR_number).txt.” Check to make sure that the software has generated one text file for every ATR in your 
ATR list. In addition, double check that the text files are in the correct format. Below is a screenshot of an 
ideal text file. The text files should start with the first date of the year. Then the next three rows should contain 
the labels. From the fifth row, there should be seven columns of data, where the first column should be the 
time, in hh:00 format (i.e.- 2PM will be 14:00). Immediately after the time, there should be numeric data in 
each of the six columns. Columns 2, 3 and 4 contain the current volume, historical volume and average speed 
(mph) for one direction. Columns 5, 6 and 7 contain the current volume, historical volume and average speed 
(mph) for the other direction. There are 24 rows for each day, corresponding to each hour of the day. Then 
the same pattern is repeated for each day. Below is a screenshot of a sample input. 
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You might see a different pattern if the ATR data was not available. For example, the following two types of 
text files can be found. In these cases, the data was not available.  
 



  
 
 
 
 

 

 

D-21 

D-21 

            
 
 
For the file on the left, there is no data between the dates, only a blank line. For the file on the right, the labels 
are present but there is no data under the label. In both cases, data is absent. 
 
 
COMMON ERRORS 
 
Leaving input file open in excel 
The most common error while using the software is keeping the input csv files open in excel and trying to 
run the software. The software needs to access the csv files and extract the data in the csv file. Keeping the 
file open in excel stops the software from accessing the file. 
 
Mistakes in csv file formatting 
The user should be careful while creating the csv files. If the csv files are not created with the exact specific 
format described before, then the software will not be able to run. For example, in the short-term count csv 
file, if we leave the growth factor column blank, then it will be interpreted as zero and all AADT results will 
be zero.  
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Closing the computer/browser while software runs in the background 
In the case of AADT estimation with new ATR data, or ATR data collection, the software will continue to run 
in the background. While you may continue with other work, you should not close the browser window or 
the computer itself while the software runs in the background.  
 
Discrepancies in input data 
The user should be careful with the input data to the software. For example, the user may have short-term 
counts for 2017, but uses the ATR data from a previous year (i.e.- 2015). This will result in inaccurate 
AADT estimation. If the short-term count data is from a previous year and the ATR data is for the current 
year, the user must specify a growth factor so that the short-term count can be mapped to the current year. 
If no growth factor is specified or the cell is left blank in the csv file, then the estimation will be inaccurate. 
 
 
 


