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Abstract  Due to cost limitations, Annual Average Daily Traffic (AADT) data is not typically collected for every roadway 
segment, therefore, it is necessary to have a means to estimate the AADT value when the need arises for an uncounted 
roadway or roadway segment. Often, the methodology used to develop an estimate of the AADT is through a regression 
based, linear model. This research examines the use logarithmic transformations to improve the relationship between key 
socio-economic, roadway variables and the estimated AADT. In the study, traffic count, socio-economic, and roadway data 
were collected and different regression based models were developed and tested to determine if the use of logarithmic 
transformations improves the model accuracy and the model transferability to other communities of similar size. The results 
of the paper indicate that a linear-log model produced the best results of the logarithmic transformations, and was an 
improvement over a traditional linear regression model. 
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1. Introduction and Background 
Annual Average Daily Traffic (AADT) is a critical input 

to many transportation analyses including but not limited to 
safety assessments, maintenance schedules, and capacity 
improvements [1, 2]. The amount of effort, both time and 
cost, necessary to collect actual AADT data for every 
roadway in a community limit a community’s ability to 
obtain data for each unique roadway and roadway segment 
[3]. The demand for quality AADT data on local roads, 
coupled with the lack of available accurate data, has 
prompted previous research to examine and develop models 
that can accurately estimate AADTs within a small or 
medium sized community based on socio-economic 
variables [4-15]. The models use a combination of roadway 
and socio-economic factors within a given distance of the 
roadway segment and linear equations to convert the factors 
into AADT estimates. The linear equations provide a basis 
for estimating the AADT; however, linear models are not the 
only possible models that can be used. Logarithmic 
transformations are often used to improve the linear models 
[16]. The transformations are especially useful when it is 
unlikely that the data will follow a continuous trend, as with  
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the case for traffic volumes which tend to limit themselves at 
capacity of the roadway regardless of the surrounding 
socio-economic data. 

Linear models, with the associated logarithmic 
transformations, are shown in Table 1. The transformations, 
as mentioned, are used to adjust the data to improve the 
model fit. The use of logarithmic transformations in 
transportation is prevalent in safety analysis [1, 17] and 
household travel survey and data [18, 19]. 

Table 1.  Logarithmic Transformations 

 X Ln X 

Y 
Linear 

Y = a + b X 
Linear-Log 

Y = a + b Ln X 

Ln Y 
Log-Linear 

Ln Y = a + b X 
Log-Log 

Ln Y = a + b Ln X 

In this study, two medium-sized cities (with metropolitan 
populations roughly 300,000) and two smaller cities (with 
metropolitan populations roughly 80,000) were selected to 
evaluate the models. Four models were developed for one 
city in each population group, using the different logarithmic 
transformations. The models were evaluated using statistical 
parameters to ensure the robustness of the models. To further 
evaluate the quality of the best model, a transferability test 
was performed to test the ability of the model to accurately 
predict traffic volumes for different communities of similar 
size. The results of the paper indicate that the Linear-Log 
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transformation provides the best statistical validation to the 
case study city and the best transferability to the similar sized 
communities. 

2. Data Collection 
The purpose of this paper is to determine if there is an 

advantage to including a logarithmic transformation versus a 
using a basic linear model to predict average daily traffic 
from a collection of socio-economic variables. The data 
necessary to support the development of the models were 
collected and managed using ArcGIS. The database 
contained roadway characteristics (number of lanes and 
functional classification) as well as population (obtained 
from the Census Department), retail employment and 
non-retail employment for specific business locations 
obtained from an employment database purchased by the 
individual communities as part of the long range travel 
model update. 

The traffic count values, dependent variables, were 
available from the Alabama Department of Transportation’s 
roadway count program. The socio-economic data were 
collected using a 0.25 mile buffer around the count location. 
To quantify the roadway functional classification for 
inclusion in the linear models, the following convention was 
used: 

Collector road = 1, 
Minor arterial = 2, and 
Principal arterial = 3. 

This convention was selected as the highest functionally 
classified roadway would have the greatest value and this 
should have the desired effect that the parameter for this 
variable would be non-negative. Additionally, is should be 
noted that freeways and interstates were explicitly not 
included in the study or model development because the 
surrounding socio-economic variable would not be relevant 
for these roadways because they would not have access to the 
facilities due the controlled nature of the roadway system.  

The direct demand forecasting models were therefore 
developed using the following convention: 

The response (dependent) variable is: 
- Traffic volume; AADT. 
The predictors (independent) variables are: 
- Function classification of the road; FCLASS. 
- Number of lanes; LANE. 
- Population within a 0.25 mile buffer around a traffic 

count station; POPBUFF. 
- Retail Employment within a 0.25 mile buffer around a 

traffic count station; RETAILEMPBUFF. 
- Non-Retail Employment within a 0.25 mile buffer 

around the traffic count station; 
NONRETAILEMPBUFF. 

3. Model Development 
Linear regression and the logarithmic transformation were 

used in this study to produce the direct demand AADT 
forecasting models for the communities of Gadsden, AL and 
Montgomery, AL. All the statistical analyses were conducted 
using Minitab and in accordance with standard statistical 
methodologies [20]. Regression analysis was selected as this 
methodology is used to predict the value of one or more 
responses, AADT in this study, from a set of predictors, 
roadway and socio-economic variables. It can also be used to 
estimate the linear association between the predictors and 
responses. R2 is the coefficient of multiple determinations 
and indicates the proportion of the variability in the observed 
responses that can be attributed to changes in the predictor 
variables [20]. For the communities studied in the work, the 
four models developed for Montgomery are shown in Table 
2 and the four models developed for Gadsden are shown in 
Table 3. 

Table 2.  Montgomery Models and Statistics 

Model R2 

Linear 

ADT = -5625 + 8493 FCLASS + 219 LANE – 1.16 POPBUFF – 
2.58 NONRETAILEMPBUFF + 11.55 RETAILEMPBUFF 79% 

Log-Linear 

Ln(ADT) = 6.513 + 1.043 FCLASS + 0.142 LANE + 0.000037 
POPBUFF – 0.000220 NONRETAILEMPBUFF + 0.000403 
RETAILEMPBUFF 

73.7% 

Linear-Log 

ADT = -4520 + 8508 FCLASS + 419 LANE - 766 
Ln(POPBUFF) – 95 Ln(NONRETAILEMPBUFF) + 807 
Ln(RETAILEMPBUFF) 

77.4% 

Log-Log 

Ln(ADT)=7.320+ 1.637 Ln(FCLASS)+ 0.542 Ln(LANE)- 
0.0288 Ln(POPBUFF)+ 0.0041 Ln(NONRETAILEMPBUFF) + 
0.0751 Ln(RETAILEMPBUFF) 

74.2% 

Table 3.  Gadsden Models and Statistics 

Model R2 

Linear 

ADT = -12590 + 4478 FCLASS + 4644 LANE - 1.15 POPBUFF 
- 0.86 NONRETAILEMPBUFF + 7.91RETAILEMPBUFF 79% 

Log-Linear 

LN(ADT) = 5.512 + 1.197 FCLASS + 0.189 LANE + 0.000449 
POPBUFF + 0.000047 NONRETAILEMPBUFF+ 0.000597 
RETAILEMPBUFF 

78.4% 

Linear-Log 

ADT = -8827 + 4107 FCLASS + 4763 LANE - 807 
Ln(POPBUFF) - 376 Ln(NONRETAILEMPBUFF) + 788 
Ln(RETAILEMPBUFF) 

92.1% 

Log-Log 

LN(ADT) = 6.253 + 1.656 Ln(FCLASS) + 0.925 Ln(LANE) - 
0.0114 Ln(POPBUFF)+ 0.0227 Ln(NONRETAILEMPBUFF)+ 
0.1225 Ln(RETAILEMPBUFF) 

83.5% 
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It must be mentioned that although the models have 
statistical validity, the results of the models can result in 
unrealistic values if they are applied to situations outside the 
data used to develop the models. Additionally, it is possible 

for the results to be negative, and these values should be 
taken as indication that the model is not valid for these 
roadways. 

 

 

Figure 1.  Comparison of Actual and Estimated AADT for Huntsville Using Montgomery’s Linear-Log Model 

 
Figure 2.  Comparison of Actual and Estimated AADT for The Shoals data Using Gadsden’s Linear-Log Model 
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4. Model Transferability 
The transferability of the models to similar sized 

communities in the state was also tested to ensure the models 
would be applicable to other locations and that individual 
models would not have to be developed for every community. 
Huntsville, AL was used as the transferability community for 
the Montgomery models. A paired T-test was performed to 
test the model result of the forecasted traffic volume in 
Huntsville versus the actual traffic volumes for roadways in 
Huntsville. The P-values for the different models are shown 
in Table 4. 

Table 4.  Model Parameters for Montgomery Model Applied to Huntsville 

Model Type P-Value for t-test 

Linear 0.838 

Log-Linear 0.469 

Linear-Log 0.965 

Log-Log 0.715 

The combined cities of Florence, Muscle Shoals, Sheffield 
and Tuscumbia, known as the Shoals, were used at the 
transferability test community for the Gadsden model. A 
paired T-test was performed to test the model result of the 
forecasted traffic volume in The Shoals versus the actual 
traffic volumes for roadways in The Shoals. The P-values for 
the different models are shown in Table 5. 

Table 5.  Model Parameters for Gadsden Model Applied to the Shoals 

Model Type P-Value for t-test 

Linear 0.899 

Log-Linear 0.731 

Linear-Log 0.8 

Log-Log 0.053 

The higher P-values indicate the better the model transfers 
to the other community. Based on the R-square value for the 
model developed and the P-value for the T-test, for both 
communities, the Linear-Log model was selected as the best 
transformation and created the best model. Figure 1 and 2 
show the scatterplots of the linear-log models when applied 
to the transferability city. 

5. Conclusions 
This paper examined the development and testing of a 

linear model and three logarithmic transformations 
techniques as models to estimate traffic volumes from a 
collection of roadway data and socio-economic factors near a 
location where an estimate of traffic volume is desired. The 
data selected for model input included the total number of 
lanes on the roadway, roadway functional classification, 
population, retail employment and non-retail employment 
within a 0.25 mile buffer of the count location. The 
logarithmic transformations were defined as log-linear, 
linear-log and log-log. The different models developed in 

this work, four for a medium sized area (population roughly 
300,000) and four for the smaller area (population roughly 
80,000), were tested statistically. 

The results of this work indicate that the linear-log model 
(Ln Y = a + b X) had the best combination of statistics for the 
community developed and the best transferability to the 
similar community. The use of this model is the best for 
estimating traffic volumes using the data presented in this 
work. The transferability scatter plots indicate that the model 
for the smaller communities had better results. Whether this 
was from the size of the community or the similarity of the 
community is unknown. Also, the models results tended to 
be better at lower volume roadways, which is not necessarily 
a poor result as the lower the volume the roadway the less 
likely it is to have a count or to be included in a community 
count program.  

Overall, the ability of the model represents a significant 
time and cost savings as a means to estimate traffic volume 
that would be suitable for safety analysis, maintenance 
scheduling, capacity analysis, as well as other transportation 
system analyses. 
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