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The dissertation is organized in journal article formats since each chapter is either published, submitted, or to be submitted to an academic journal. Following this chapter, the second chapter contains the enhancements to the self-learning license plate matching algorithm. The third chapter proposes the use of a derived association matrix as an alternative to the conventional association matrix in the matching algorithm. The fourth chapter discusses the use of LPR and the matching algorithm as optimal ground truth for travel time examination. Conclusions are drawn and future works are recommended in the fifth chapter.
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	This chapter presents a modified version of a research paper by Stephanie R Hargrove, Hyeonsup Lim, and Lee D. Han titled “Enhancements of Self-Learning License Plate Matching Algorithm”. This paper was submitted for publication to  
The student must add a brief explanatory statement at the beginning of each article, stating how the article was revised and/or detailing the student’s involvement in the article. Any co-researchers should be identified and their role clarified as part of this statement.
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[bookmark: _Toc412801585]Introduction
License Plate Recognition (LPR) has been a popular technology used by the transportation community.  Applications include, but are not limited to, vehicle identification and tracking, speed enforcement, and automated tolling. In a perfect scenario a LPR station would 100% percent of all vehicles within its detection zone and read all license plates perfectly, but the technology is not perfect.  The typical accuracy of LPR technology is around 60% or less depending on the model of camera, set-up (mobile or stationary), location (side of road or overpass), on-site calibration, diversity of captured license plates, and numerous other factors [1-3].  If one tries to match a correctly recognized license plate between two separate LPR stations, the accuracy drops further to 35% or below.  ///Costly manual correction…
While many look to correct this problem by upgrading the hardware and software of LPR technology, this research focuses on the post processing of the recognized license plate text using a self-learning matching algorithm.  //Value of character vs string matching…

(1) Apply the travel time window and matching method  to find a set of matches from a sample of LPR data with the initial settings: 
a. Assume initially that C = I, where I is 37 x 37 zero matrix; 
b. Use 0 or 1 assignments to calculate ED; 
c. Set a threshold τ such that if d(x, y) ≤ τ the string outcomes x and y may have come from the same truth string.
 (2) From the set of matched plates obtained at step 1, tabulate the pair-wise character occurrences under a matrix format to obtain F, e.g. one cell of the matrix is for example the number of times a character “A”, read at Station g, happens to match the character “4”, read at Station h;
 (3) Compute an updated approximation for the matrix C, where each cell will be the probability ) ˆ( | ˆ ij j i C = p y x ;
 (4) Test if the updated matrix at the current iteration is similar to that one from previous iteration. If so, stop; otherwise go back to step 1 using as new input the updated matrix estimated in step 3 and the appropriate threshold value. Thus, at step 1 the ED with 0 or 1 weights is replaced by GED with weights calculated using the updated matrix.
The starting association matrix has a large influence on the learning speed and overall accuracy of matching.  
It’s important to separate the starting association matrices into two categories; bias and unbias.  A bias association matrix can be a past association matrix or a compilation of many.  These past matrixes are valuable because they have already experienced learning and contain valuable information already learned from other LPR stations.  This can be very helpful in increasing the learning speed, but damaging to the accuracy of the final matching rate.  Using an association matrix 
An unbias matrix; i.e., identity matrix; has no prior learning and is assumed to be a blank slate for the generation of an association matrix.  But since it is a clean slate the learning process will be increased.
The examined unbias starting matrices 
Table 3 lists the 9 tested starting AMs.  AM1 is the above mentioned identity matrix, while AM3 and AM4 are similar with the number 100 and 1000, respectively, for the main diagonal instead of the number 1.  AM2 is simply a matrix containing only zeros.  AM5 is a matrix of random numbers multiplied by 1000.  AM6 is an existing association matrix from 2010 that has already gone through the self-learning process.
[bookmark: _Toc412800315]Table 3‑1 Starting Association Matrices
	Notation
	Definition
	Bias Vs Unbias
	Impact of Single Match

	AM1
	Zero Matrix- all cells within the matrix are equal to zero.
	Unbias
	High

	AM2
	Identity Matrix- the diagonal cells are equal to 1 and all off diagonals cells are zero.
	Low Bias
	High

	AM3
	Identity Matrix x 100- All cells within the identity matrix are multiplied by 100.
	Moderate Bias
	Moderate

	AM4
	Identity Matrix x 1000-All cells within the identity matrix are multiplied by 1,000.
	Bias
	Low

	AM5
	Random Variable Matrix- all cells within the matrix are generated random variables.
	Unbias
	NA

	AM6
	
	
	

	AM7
	
	
	



The first attempt of this test contained the first 6 matrices in Table 3.  While performing parallel tests on the edit distance threshold an assumption was made that the zeros within the starting association matrices may be causing the algorithm to assign infinite edit distances to correctly matched plates (this will be discussed in more detail in Section 3.6). To test this theory AM7-9 were included.
In order to examine the performance of each starting AM, a dataset that has been visually processed by humans is required.  This allows verification of the exact number of matched and false-matched license plates.  Visually processing plates is a costly and time consuming process; therefore, only one dataset is currently available to complete this analysis.  The dataset is from the year 2010 for two locations on variable message boards in Knoxville, TN on Interstate 40 and 640.  The dataset contains front license plates with 2,415 license plates captured upstream and 4,265 captured downstream.  The total number of correctly matched license plates in the dataset is 581.  During the matching process, 20,233 potential matches will be examined by the matching algorithm. 
The accuracy of each starting AM is measured by the percentage of correctly matched plates, as shown in Table 4.  It is assumed that the number of license plates needed to optimize the learning speed is dependent on the strength of the starting AM; therefore, increments of 25 license plates will be used to assess the heuristic text-mining algorithm’s ability to generate an AM for two LPR locations, as shown in the first column of Table 4.  In Figure 9 the percentage of correctly matched license plates are illustrated.  AM1 through AM4 exhibits an increase in match rate as the number of matches for the heuristic text-mining algorithm is increased.   AM5 shows no signs of improvement.  AM7 performs drastically better than its equivalent not including the addition of the number 1 to all the elements, AM4.  AM6, AM8 and AM9 exhibit high match rates with minimal number of matches for the heuristic text-mining algorithm.  


[bookmark: _Toc412800316]Table 3‑2  Percentage of Correctly Matched License Plates
	No. of Matches for Algorithm
	AM1
	AM2
	AM3
	AM4
	AM5
	AM6
	AM7
	AM8
	AM9

	25
	45.4
	47.8
	47.7
	47.2
	0.2
	92.4
	82.3
	96.4
	97.4

	50
	50.6
	56.6
	56.3
	54.0
	0.2
	92.8
	82.3
	96.2
	97.1

	75
	55.8
	67.1
	66.3
	62.1
	0.2
	93.1
	86.2
	96.6
	97.2

	100
	58.0
	70.7
	70.2
	65.2
	0.2
	93.1
	87.4
	96.4
	97.2

	125
	64.9
	76.9
	76.1
	70.7
	0.3
	93.5
	88.6
	96.4
	97.4

	150
	65.7
	77.6
	76.8
	72.1
	0.9
	93.6
	89.3
	96.4
	97.4

	175
	73.3
	78.7
	77.6
	72.8
	0.5
	93.5
	89.5
	96.4
	97.4

	200
	76.6
	81.1
	80.0
	74.9
	0.7
	93.8
	90.0
	96.4
	97.4

	225
	71.3
	82.6
	81.6
	77.1
	0.2
	93.8
	90.4
	96.6
	97.4

	250
	70.1
	83.8
	83.1
	78.5
	0.2
	94.0
	90.5
	96.6
	97.4

	275
	82.6
	85.9
	85.0
	80.9
	0.7
	94.3
	91.4
	96.4
	97.6

	300
	76.2
	86.6
	85.7
	81.8
	0.3
	94.5
	91.6
	96.6
	97.4

	325
	78.7
	87.3
	86.4
	82.3
	0.2
	94.8
	91.6
	96.4
	97.6

	350
	87.3
	88.1
	87.4
	83.3
	0.3
	95.0
	91.6
	96.7
	97.4

	375
	88.5
	89.5
	89.0
	84.2
	0.7
	95.2
	91.6
	96.7
	97.4

	400
	87.4
	90.4
	89.7
	85.0
	0.5
	95.4
	91.7
	96.7
	97.4

	425
	88.5
	91.6
	90.5
	85.7
	0.3
	95.7
	91.9
	96.6
	97.4

	450
	86.7
	91.6
	90.7
	85.9
	0.2
	95.7
	91.9
	96.7
	97.4

	475
	88.1
	92.6
	91.7
	86.7
	0.3
	95.9
	91.7
	96.7
	97.6

	500
	88.8
	93.1
	91.9
	87.1
	0.3
	95.9
	91.9
	96.7
	97.2

	524
	91.2
	93.3
	92.3
	87.4
	0.2
	96.0
	92.3
	96.7
	97.4
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[bookmark: _Toc412798773]Figure 3‑1 Percentage of Correctly Matched License Plates vs. No. of Matched Plates for Algorithm
Another measure of performance for AMs is the percentage of false matches, when two different license plates are matched.  As seen in Table 5 and Figure 10, the current false matches range from 0.0 to 2.4 percent for all AMs except for AM5.  It is clear that the use of a randomly generated AM, e.g. AM5, cannot be improved by the heuristic text-mining algorithm.  AM5 never achieves over one percent matches while at the same time matching 20 to 80 percent of the false matches.  AM1 was the only starting AM to capture a zero false matches, but was only capable of to match 45.4 percent of available matches at the same time, which is unacceptable.  All of the AMs experience fluctuation in the percentage of false matches as the number of matches increase for the heuristic text-mining algorithm.  A slight reduction of false matches is seen in a few (AM6, AM7 and AM9) as the number of plate matches increase.  Overall, the best performing is AM7.
 The preliminary results show that the optimal starting AM should be based off of an existing AM that has already gone through the heuristic text-mining algorithm and contain no elements with zeros.
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No. of Matches for Algorithm
	AM1
	AM2
	AM3
	AM4
	AM5
	AM6
	AM7
	AM8
	AM9

	25
	0.0
	0.4
	0.4
	0.4
	80.0
	2.2
	1.4
	1.4
	2.2

	50
	1.3
	1.5
	1.5
	0.3
	80.0
	2.0
	1.0
	1.2
	2.3

	75
	1.2
	1.3
	1.0
	0.3
	80.0
	2.2
	1.0
	1.4
	2.2

	100
	1.7
	1.7
	0.5
	0.5
	75.0
	2.2
	1.0
	1.4
	2.2

	125
	1.3
	1.8
	0.9
	1.0
	50.0
	2.2
	1.0
	1.6
	2.2

	150
	1.5
	2.0
	0.9
	0.9
	37.5
	2.3
	1.0
	1.6
	2.2

	175
	1.6
	1.9
	1.1
	1.2
	66.7
	2.3
	1.0
	1.6
	2.2

	200
	1.5
	1.7
	1.1
	1.1
	50.0
	2.0
	0.9
	1.6
	2.2

	225
	1.7
	1.4
	1.0
	1.1
	50.0
	2.2
	0.9
	1.6
	2.2

	250
	1.2
	1.6
	1.0
	1.1
	75.0
	2.2
	0.9
	1.4
	2.2

	275
	2.2
	2.3
	1.4
	1.1
	42.9
	2.1
	0.9
	1.6
	2.2

	300
	2.4
	2.3
	1.4
	1.0
	60.0
	2.1
	0.9
	1.8
	2.1

	325
	2.4
	2.3
	1.2
	1.0
	80.0
	2.0
	0.9
	1.8
	2.1

	350
	2.1
	2.1
	1.0
	1.0
	50.0
	2.0
	0.9
	1.4
	2.1

	375
	2.1
	2.1
	1.0
	1.0
	20.0
	2.0
	0.9
	1.4
	2.1

	400
	1.9
	1.7
	1.0
	1.0
	25.0
	1.9
	0.9
	1.4
	2.1

	425
	1.9
	1.7
	0.9
	1.0
	66.7
	1.9
	0.9
	1.4
	2.1

	450
	1.4
	1.5
	0.9
	1.0
	66.7
	1.9
	0.9
	1.4
	2.1

	475
	1.3
	1.5
	0.9
	1.0
	66.7
	1.8
	0.9
	1.4
	2.1

	500
	1.3
	1.5
	0.9
	1.0
	33.3
	1.8
	0.9
	1.6
	2.1

	524
	1.7
	1.5
	0.9
	1.0
	66.7
	1.8
	0.9
	1.4
	2.1
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[bookmark: _Toc412798774]Figure 3‑2 Percentage of False Matched License Plates vs. No. of Matched Plates for Algorithm
[bookmark: _Toc412801586]Conclusion

This is the starting point for determining how often an association matrix needs to be updated, after number of matches or days.  It is important to also determine if the association matrix should be conditional; based on the time of day or flow of traffic.
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This chapter presents a modified version of a research paper by Stephanie R Hargrove, Hyeonsup Lim, and  Lee D. Han  titled “”. This paper was submitted for publication to  


Abstract
Matching text misread by optical character recognition (OCR) to the same text captured, correctly or incorrectly, by a second optical recognition machine were tested on license plate recognition (LPR) technology and simulated OCR datasets.  To perform the post-processing matching of license plates a self-learning matching algorithm is employed.  The key component of this algorithm is an association matrix that represents the license plate patterns between two LPR stations that is estimated directly from a set of matched pairs. The self-learning matching algorithm employs two main techniques to automatically learn an association matrix for a pair of LPR cameras. The first is text mining to determine the least number of fundamental operations (edit distance) required to transform one license plate to another.  The second technique determines an accepted travel time window, using mean and standard deviation of travel time, to increase the likelihood of true matches and reduce errors.  
Conversely, the matching algorithm’s performance decreases as the distance between two LPR stations increases.  This may be due to vehicles no longer travelling within an average travel time window and/or a low sample of vehicles travelling between the two LPR stations.  This paper proposes deploying a third LPR station to generate additional information to derive a better association matrix for an existing pair of LPR station, thusly replacing the existing association matrix.  The derived and existing association matrices were examined for license plate datasets both collected in the field and simulated.  Analyses were performed to determine when and why a derived association matrix would be needed. As a result, derived association matrices are better for low traffic flows (small sample sizes) and/or poor LPR camera read rates.
[bookmark: _Toc412801588]Introduction
License Plate Recognition (LPR) technology has been utilized since the 1970s. Over the years, many changes and adaptions have been made to the technology that addresses license plate detection, character segmentation and character recognition [1-6] . LPR technology is a mature yet flawed technology used for automating speed enforcement, toll collection and the generation of travel times by matching the same license plate at two LPR stations. This paper does not address any advancements of LPR technology, but employs a self-learning license plate matching algorithm that relies on mistranslated Optical Character Recognition (OCR) text to match license plates, instead of waiting on the advancement of LPR technology to generate a perfect OCR text.  
Matching license plate OCR text is far more complicated than matching traditional OCR datasets that have readily available dictionaries, i.e., the truth, to compare to and context to help determine the meaning of the OCR text [].  When matching a license plate captured by OCR, we do not know what the true identity of the license plate string (sequence of characters) and a significant portion of license plates are recognized with errors.  /////
Another common occurrence is when both LPR stations mistranslate a license plate in the same fashion; it has been read incorrectly but produces a perfect match. /////
LPR cameras each achieve different levels of accuracy depending on the hardware and software of a camera, set-up (mobile or stationary), location (side of road or overpass), on-site calibration, diversity of captured license plates, and numerous other factors.  This accuracy is termed read rate; it is defined as the number of correctly read license plate strings divided by the number of captured license plate strings at one location.  The read rates of LPR cameras are relatively low, usually around 60% or less without calibration [7-10] . Higher read rates have been experienced in countries other than the United States, this is because LPR can achieve higher accuracy with uniform license plates, yet has a harder time discerning between the more than 3,000 license plate varieties in the United States.
To utilize LPR technology for toll collection, speed enforcement and travel time generation a license plate must be matched at two or more locations.  The accuracy of obtaining the same license plate at two or more locations is called the matching rate; this is defined as the total number of correctly matched license plates divided by the total number of license plates captured, whether correctly or incorrectly, at both locations.  When only using OCR text to match license plates a matching rate of 35% or less is experienced when using two LPR cameras with a read rate of 60%. The current industry approach for correcting this poor rate is employing man power to identify the misread characters from the license plates.
If the string of a license plate is not read correctly the probability of ever being conventionally matched, using only OCR text, at another location is very minimal.  If you have two captured strings and the difference between them is one character, it is likely that the two strings belong to the same license plate.  When licenses plates are read incorrectly it is common for only one or two characters to be misread out of the entire plate string [10].  Since this is true, then it means the read rate of individual characters is much greater than the read rate of a license plate string.  This is the foundation of the self-learning license plate matching algorithm- by using the individual characters within the license plate strings, a great deal of additional information is utilized to determine the likelihood of two seemingly different license plate strings being an actual match.  
Oliveria et al. (2009) began exploring the use of Levenshtein edit distance (ED) technique [11] to improve the matching of license plates by employing a text-mining method./////
[bookmark: _Toc412801589]Association Matrix
The association matric is the key for the learning process of the license plate matching algorithm.  If there is a poor association matrix in use, then the matching and updating of the AM may go the ‘wrong direction’ and/or the overall learning speed of the algorithm may be reduced. This section examines the heart of the algorithm and the current processes for estimating the association matrix.
[bookmark: _Toc412801590] Definition
The association matrix  between two LPR station  is an  by square matrix whose elements are the conditional probabilities  of observing a character reading  , in station  for a given character reading , in station  [9].  The element of the association matrix is denoted by:
	[bookmark: _Ref411940878]
	
	(1)



Where
 	is the elements of row  and column  of association matrix from station  to 
 		is the character captured at station ,
	 	is the character captured at station ,
 	is the set of possible alpha-numeric characters (is null symbol)
 	is the nth character among the set of .
When observing the association matrix, the probability of correctly reading a character is seen in the main diagonal elements and the misreading of a character is seen in the off-diagonal elements. Each row of  refers to a given character recognition at station, with the column being the associated reading at station.  The null symbol  can be more than just and unknown symbol, but also represent deletions and insertions in the plate string text.
[bookmark: _Toc412801591]Estimation from Truth Matrices
A truth matrix   for a LPR station  whose elements are the probabilities of each character’s interpretation; with the matrix’s row s representing the character reading  and the columns representing the true character reading. Oliveira-Neto et al.[9, 12] proposed estimating the  using the following Bayesian expression:
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	(2)



In terms of the A and  matrices, Equation ( 2 ) can be written as:
	
	
	(3)


To make the matrix multiplication possible in (4), the  is transposed. The process of estimating association matrices from truth matrices, though greatly improving the ability to match license plates, still has many downsides:
· It requires extensive man hours to extract and visually inspect the license plates to acquire the needed ground truth. This process is very costly and time consuming.  
·  Large sample sizes are also required to estimate a highly precise association matrix.  
· The truth matrixes contain separated sets of readings; thus, observing unique plate patterns at each station.  The ideal association matrix is estimated only using matches between the associated stations, not the full set of reading for each station.  This could lead to ///
[bookmark: _Toc412801592]Estimation from Matching Algorithm
Oliveira-Neto et al [10] discusses a more efficient way of generating AMs using matched plates between two LPR stations that are identified  with a heuristic text-mining algorithm.     


Using plate matches allows for a more robust association matrix, though a LPR camera’ is always experiences different variations and noise, thus ever changing the read rate.  
[bookmark: _Toc412801593]Estimation from Self Learning Matching Algorithm
The matching algorithm begins with a starting association matrix  and generates an ‘optimal’ matrix  by repeating the matching procedure.  The repeating is achieved by completing multiple iterations  of the matching algorithm to update a previous association matrix.  The algorithm is stopped when the difference between two successive estimates meets a stop criterion.  

Oliveria-Neto et al show that the estimated AM approaches to the true AM as the  iterations increase through simulation, even when the process begins with a very poor starting association matrix [10].  The starting association matrix is commonly comprised of zeros or an identity matrix, this allows for unbiased learning from the start.
[bookmark: _Toc412801594]Determining a True Match using an Association Matrix

[bookmark: _Toc412801595]Deriving an Association Matrix

[bookmark: _Toc412801596]Simulated Experiment
By simulating a license plate OCR dataset, the ability to examine a limitless number of characters is gained.  This set of characters is generated using an existing association matrix; thus, allowing us to know the ‘ideal’ association matrix between two stations.  In order to measure the degree of accuracy of the derived and calculated association matrices, it is essential to have the ideal existing association matrix for measurement.  Simulation removes the need to manually identify all the text to. By also using an existing association matrix, the occurrence of a null symbol (missing, unidentifiable character) is achieved.  The simulation is performed by generating one character at a time versus an entire license plate string.  In doing this the reliance on the position or sequence of a character during recognition is removed. Matching and learning is simply completed by only referring to the characters captured directly before and after a true matched character.
1. Generate a dataset of individual characters from an existing (theoretical) association matrix for a pair of LPR stations.
2. Apply the matching algorithm to the generated dataset in Step 1 to find a set of matches with the initial settings:
a. Assume initially that  is a 37 x 37 zero matrix;
b. Use 0 or 1 assignments for non-matches and matches, respectively, to calculate ED;
c. Set a threshold  such that if  the characters  and  may have come from the same text string.
3. From the set of matched plates obtained in Step 2, tabulate the pair-wise character occurrences to obtain the direct association matrix in count form.
4. Compute an updated approximation for the matrix , where each cell will be the probability 
5. Determine the difference between the theoretical and direct association matrix using equation 5. 
6. Repeat Steps 2-5 for multiple sample sizes of the generated dataset.
The following experimental conditions were used to evaluate the performance of the association matrices.
1. The use of travel time is exempted from the matching process. Though travel time is an important procedure in the matching algorithm, it remains important to measure the performance of the self-learning matching without relying on a travel time window.  As mentioned earlier, if the LPR stations are placed a great distance apart 
2. When determining read rate of LPR stations, the simulation assumes that all LPR cameras perform at the same level of accuracy.  This is not common in the real world, but setting constant accuracy for each simulation run aides in a better understanding of the role of LPR read rates and sample sizes.
3. The simulation reads one character at a time, versus capturing a whole license plate string.  Meaning the simulation does not consider how many characters are in each plate, when an association matrix is updated based on character-basis. In doing this the reliance on the position or sequence of a character during recognition is removed.
4.  - accuracy: probability of reading a character as its original one (e.g., ‘a-a’, ‘b-b’)
5. - number of sample size: number of characters matched by the algorithm (not necessarily saying that number of possible matches unless the capture rate of the algorithm is 100%)
6. - accuracy is constant over sample size
In this Figure, the accuracy of each station is same.  (We need to/will have the different accuracies)

[bookmark: _Toc412801597]Performance of Association Matrices

	
	
	(5)


Where, 
bij 	is the elements with row i and column j of the theoretical AM 
aij	is the elements with row i and column j of the compared AM

. [image: 40]
[bookmark: _Toc412798775]Figure 4‑1 Differences between Association Matrices with Read Rate of 40%
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[bookmark: _Toc412798776]Figure 4‑2 Differences between Association Matrices with Read Rate of 50%
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[bookmark: _Toc412798777]Figure 4‑3 Differences between Association Matrices with Read Rate of 60%
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[bookmark: _Toc412798778]Figure 4‑4 Differences between Association Matrices with Read Rate of 70%
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[bookmark: _Ref412755430][bookmark: _Toc412798779]Figure 4‑5. Allowable Number of Sample Size to use Derived Association Matrix



Sample Size and Impact of LPR accuracy
When there are many sources of variation, noise, affecting a LPR station, it would be necessary for a large amount of data to achieve a required error precision. So far the sample size of plates or number of characters in which each LPR machine were exposed in order to obtain the association matrix was defined arbitrary. Fortunately, it seems that the sample size used in past examinations was sufficient to give a good matching performance. However, it is important to know the needed amount of data to obtain an accurate estimate of the association matrix.  Oliveria ‘s initial self-learning algorithm required approximately 60,000 characters  to converge to an ideal association matrix [12].  Since then many advancements have been made been made to the self-learning algorithm and has resulted in a drastic reduction in sample size.  The simulation is also a strong tool for examining the relationship between LPR camera accuracy and required sample size.
The amount of data needed to estimate the association matrix is highly correlated with the read rate of the LPR cameras. Therefore, the estimation procedures should vary with the changes in the LPR performance.  Figure 4‑1 
[bookmark: _Toc412801598]Application to Real Data
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[bookmark: _Toc412801602]KEY CONSIDERATIONS FOR THE COMPARISON OF REAL-TIME TRAFFIC DATA

This chapter presents a modified version of a research paper by Stephanie R Hargrove, Hyeonsup Lim, Lee D. Han, and Brad Freeze titled “Key Consideration for the Comparison of Real Time Traffic Data”. This paper was submitted for publication to

Abstract
Advancement in information technology in recent years enables some non-traditional ways for estimating travel time information through the use of large quantity of location data of various accuracy and availability.  By repurposing or multi-purposing technologies such as Bluetooth, GPS, and ubiquitous cellular devices, innovative efforts have seen mixed success in aggregating data from a multitude of devices to derive travel time condition at different geometric resolutions.   The challenge, though, is how the performance of these emerging technologies could be measured against a bona fide ground truth (of travel time) when the ground truth can be exceedingly costly and difficult to obtain. . 
To this end, this study took advantage of a high-performing license plate recognition and matching system (98% matching rate with less than 1% false-positives) to establish high-accuracy travel time ground truth at four sites for 12 hours or so each.  The sites were chosen where a handful of other technologies were also deployed so that concurrent data could be collected and compared. 
By comparing the root-mean square errors of travel time estimated by various technologies, the study found the performance ranking are in the order of HERE, Bluetooth, INRIX, RTMS (remote traffic microwave sensors), and Google.  Since most state agencies have already invested in RTMS type of technologies, some degrees of fusion of RTMS with other technologies may be beneficial in decision considerations.
[bookmark: _Toc412801603]Introduction
Delivering cost-effective, comprehensive travel information to motorists allows a better understanding of both current and near-future traffic conditions.  Having better informed motorists can reduce congestion, fuel consumption and emissions, and may improve safety.  To help improve the delivery, the Federal Highway Administration (FHWA) ruled that all States must have an established real-time information program for traffic and travel conditions covering all Interstate system highways by November 2014.  This federal mandate comes from the Safe, Accountable, Flexible, Efficient Transportation Equity Act: A Legacy for Users (SAFETEA-LU) under the heading of Congestion Relief that requires the Secretary of Transportation to implement a Real-Time Management Information Program for all States [1].  The primacy of the rule is for each State to deliver travel data in real-time to the local governments and public.  Most states already have established regional Intelligent Transportation Systems (ITS) to provide information to users and many states are in the final stages of obtaining the required traffic data for their roadway network.  	Comment by Author: Add references...
The high cost to install and maintain roadside traffic sensors has limited the ability of state agencies to collect travel time data over entire roadway networks. The need for real-time travel information has caused many private companies to collect and distribute traffic data independently of government agencies. These private companies have marketed and sold their traffic data to Departments of Transportation (DOTs), who in turn report to the general public. The problem is that the private companies are quite about the individual data points collected and the aggregation process implemented to generate their reported traffic data. The individual data points are collected from various sources, including Global Positioning Systems (GPS), probe vehicles, cellphone location, historical data, and even social media. The aggregation of all these data sources to generate a single value for a single time increment is not a simple task, and leaves room to question the accuracy of these private companies.
Based on these concerns, an examination of available travel time technologies and private providers was conducted to determine what method could deliver the most comprehensive and accurate travel information to motorists in the State of Tennessee. Even though multiple studies have completed similar examinations of private providers [2-6], it is important to re-examine them across different locations. The individual traffic data collected by each private provider is unique to both the provider and the location. For example, some states make available real-time traffic data from the state-installed roadside sensors, thus increasing the accuracy of the private provider’s reported traffic data. The State of Tennessee, however, only makes their roadside sensor data available in five minutes time increments, while some other states have smaller time increments available. Thus, a five minute time period becomes more difficult to utilize than a 30 second time period when reporting in one minute increments.  
The I-95 Coalition comparison of travel time technology is completed by performing five minute space mean speed validation across four states.  The study separated the results into four speed bins and allowed maximum of 10 mph for the absolute speed error and 5 mph for the speed error bias [6].  
With the increasing advancements of travel time technology and the vast amounts of data becoming accessible, the many needs for evaluation also increase. The challenge is, however, there is not one absolute solution until perfect ground truth is obtained with 100% accuracy including the whole roadway population. Though perfect ground truth may never be obtained, an acceptable error can be defined.  Thus, within the limitation of data accessibility, the evaluation is performed using the best available resources and analysis metrics.  This paper provides several key considerations for traffic data evaluation for general cases, rather than a definite and specific conclusion. The key items discussed in this paper includes: raw data quality, objects to compare, obtaining ground truth data, establishing time intervals and evaluation measurements.
[bookmark: _Toc412801604]Data Sources and Collection
[bookmark: _Toc412801605]Traffic Data Sources
To ensure a thorough examination of traffic data sources, the authors selected two private providers and two roadside technologies. The private providers are INRIX and HERE (formerly known as NAVTEQ). The roadside collection technologies include Bluetooth and Remote Traffic Microwave Sensors (RTMS) sensors. 
INRIX and HERE are both private vendors that supply real-time travel speeds and times on a subscription basis. INRIX claims to have over 50 traffic-related data sources that are obtained and merged to generate the data reported to clients. The majority of the data comes from traditional probe vehicle data and roadway sensors, but there is a growing number of human-supplied observations, such as reports from drivers via their cellphones[7]. The majority of HERE’s traffic data is collected using in-vehicle GPS, while also observing state roadside sensor data. HERE’s data is used to power hundreds of applications, as examples Garmin, Microsoft, and Yahoo standardize on their map content. The company also dominates most of the automotive sector, with four in five cars using HERE’s maps, and 75% of traffic enabled cars using their traffic data [8]. Both providers report aggregated traffic data using the Traffic Message Channel’s (TMC) coded locations at one-minute increments. Many concerns arise about private providers because they lack the ability to share the data aggregation process and the raw data points used to determine the reported traffic data. By comparing the reported aggregate data to collected ground truth, the accuracy of each private provider will be examined in this paper.
If the State of Tennessee decides to independently collect real-time traffic data, or perform additional accuracy analysis of private providers, it will be important to establish the reliability of available technology to capture the needed data. Thus, Bluetooth and RTMS sensors were examined for this paper. Bluetooth sensors have become a common tool for collecting traffic data because they are cost-effective, easy to set-up, and require minimal knowledge of the technology to operate [2, 9-12]. The State of Tennessee already has RTMS sensors deployed on interstate highways in four major cities across the state. If RTMS sensors prove to be a reliable data source, then the state can confidently use the readily available data for real-time traffic data.
A Bluetooth sensor is capable of monitoring and measuring vehicular and pedestrian movement by identifying and comparing unique Media Access Control (MAC) addresses associated with Bluetooth-enabled electronic devices. These systems can be used to timestamp individual vehicles by sampling Bluetooth enabled devices and vehicles from the traffic stream of a predetermined route. By matching MAC addresses captured at two different locations using post-processing software, road speeds and travel times are derived. Each post-processing software application can yield unique results; Traffax’s BluSTATS software was employed for this study.
Bluetooth sensors are known to have common sources of error. The primary sources are spatial and temporal errors caused by the 300 foot detection zone radius of Bluetooth sensors [4, 6]. A vehicle can be detected multiple times anywhere within the detection zone, thus causing discrepancies in the data, especially for short roadway segments. Another concern is for sampling errors. First, multiple Bluetooth devices in the same vehicle are seen to represent multiple vehicles, causing the individual vehicle’s travel time to be duplicated in calculations [4]. Second, the number of Bluetooth devices in the traffic stream may be limited. States without a ban on hand held-electronics while driving show a reduction in the amount of MAC addresses captured. Sharifi et al. report that the average hourly sampling rate for Bluetooth is between 2.0% and 3.4% for Maryland and Delaware [13]. Both of these states ban hand-held electronics; therefore, causing an increase in the number of Bluetooth devices, allowing drivers the freedom to drive and use electronics simultaneously. The State of Tennessee does not have a ban on hand-held electronics, which could reduce the sample size obtained by Bluetooth receivers. These concerns influenced the decision to include Bluetooth sensors into the comparison. 
RTMS sensors detect volume, occupancy, speed and vehicle classification for a cross-section of a roadway every 30 seconds.  The sensors are installed road side at are aimed to capture all lanes of traffic.  Over time, an RTMS sensor may become less accurate at capturing traffic data due to moving of sensors, damage from natural elements, and/or inconsistent maintenance.  To measure the continued accuracy of RTMS sensors, the technology was added to the evaluation. Table 1 contains a summary of all evaluated traffic data technologies and providers.


[bookmark: _Toc412800318]Table 5‑1  Summary of Traffic Data Technologies and Selected Providers 
	Column1
	Bluetooth
	INRIX
	HERE
	RTMS

	Data Format
	Capture Time & Device Sensor Strength
	Speed & Travel Time
	Speed & Travel Time
	Volume, Occupancy, Speed & Vehicle Classification

	Data Type
	Individual Data
	Aggregated Data
	Aggregated Data
	Aggregated Data

	Data Source
	Cellular and in-vehicle Bluetooth devices
	State installed sensors, probe vehicles, GPS, cellphone
	State installed sensors, probe vehicles, GPS.
	Roadside vehicle detectors

	Time Increment
	None; as captured.
	1 minute
	1 minute
	30 seconds

	Accuracy Checks Performed
	Post collection processing with filters.
	Independently verified in large-scale testing.
	Data checks prior to map matching.
	None.





[bookmark: _Toc412801606]Ground Truth 
To evaluate data accuracy, the ground truth data should be collected as a benchmark. The problem is that researchers may never obtain the ground truth unless some acceptable error is defined. To select the proper source that is close to ground truth, many things should be considered, such as measurement error, sample size, etc. Also, actual travel time and travel speed information must be independently collected for the data collection location to validate all data sources for more accurate comparisons. These methodologies may include floating cars, GPS logging, radar-based speed measuring, and license plate matching. For the purpose of this study, License Plate Recognition (LPR) technology is employed to collect ground truth. The ground truth traffic data is obtained using a pair of mobile LPR units to automatically acquire and record license plates at sequential locations along the study route. The acquired license plates are then matched automatically by means of a heuristic text-mining algorithm developed by the University of Tennessee [14, 15]. The travel time of a vehicle is then calculated by finding the difference between the timestamp of two matched license plates. Du et al. have completed a comprehensive review of the existing LPR technologies and applications [16]. 
License plate matching is chosen over other methods because the recognition technology’s small detection window results in a relatively small travel time error, especially at higher speeds [17]. LPR technology also allows a microscopic examination of the traffic flow by tracking vehicles within the road lanes. 
The detection window is not the only possible source of error in the ground truth. Another could be the failure to perfectly match the ground truth’s examined roadway segment to the TMC segment for INRIX and HERE.  This difference in segments is a common dilemma and results in the examination of travel speeds over travel times which are specific for each segment.  An additional problem encountered during this study was time lag.  The computers used to time stamp the data was operating with a constant time lag.  This is a common error that is experienced by many different data collection processes.  In order to fix the problem, the constant lag must be determined and used to correct all the time stamps.
[bookmark: _Toc412801607]Study Route and Data Collection
[bookmark: _Toc412801608]On October 18, 2013 a data collection was completed for numerous traffic data sources. The site location encompassed a 1,800 ft. stretch of roadway on I-40 in downtown Nashville, Tennessee, as shown in Figure 1. During the data collection, the segment a to c contained two RTMS sensors, two Bluetooth sensors, six LPR cameras, and two TMC sections containing traffic data for both INRIX and HERE. The Bluetooth sensors were mounted on light poles at stations a and c of the roadway segment.  Two LPR cameras were set-up on each overpasses at stations a, b and c.  The cameras caught the rear license plates of eastbound travelling vehicles on I-40.  The two RTMS sensors are mounted along I-40, with the first at station a and the second located directly between stations b and c.  The first observed TMC location for the INRIX and HERE, starts prior to station a and stops prior to station b.  The second TMC location continues sequentially after the first TMC and stops after station c. 
Methodology
[bookmark: _Toc412801609]Data Preparation
Before the evaluation process was conducted, several data composition and quality control techniques were implemented to verify the validity of the data collected. This step is completed by determining a procedure for comparing the ground truth data to the collected data source, establishing time periods, and eliminating outliers.

[image: ]
Figure 5‑1 Study Route on I-40 in Nashville, TN
[bookmark: _Toc412801610]Comparison of Ground Truth to Data Sources
There are two methods to evaluate the travel speeds of collected data sources against ground truth: The first method assigns all data to a specific time period, e.g., one or five minutes, and calculates average speed for each period. The second method keeps all data in its original format (without changing the time period or generating average value). Figure 2 illustrates the two methods. 
Averaging data in the first method establishes a simpler way to calculate deviations between more than two data sources since the paired comparison analysis will be based on single values for each time period of each data source. However, this method may produce incorrect data, which could be significantly different from the original data set. For example, if a determined time period is larger than the original data set’s period, the accuracy of the calculated average for the time period cannot be guaranteed unless the numbers of traffic counts for each time period are known in the original data set. Furthermore, if the determined time period starts or end at different times, the newly generated data may yield significantly inaccurate information, which is not identifiable unless all raw data is accessible.
Because LPR technology can observe individual vehicles, this study compared travel speeds between each vehicle captured with LPR and other data sources. For data sources with accessible raw data, such as Bluetooth and RTMS, the moving average of five minutes was calculated based on the time when each vehicle was identified. 
[bookmark: _Toc412801611]Moving Average of Ground Truth
Moving average of ground truth data was calculated to compare with travel speeds of individual vehicles. The term moving is used because every time a new observation becomes available for the time series, it replaces the oldest observation in the equation, and a new average is computed. As a result, the average changes or moves as new observations become available.


[image: Figure1][bookmark: _Toc412798780]Figure 5‑2Two Methods for Comparing Speed Data


To determine an appropriate time interval, it is crucial to have a realistic moving average. To achieve this, several trials examining different time intervals were implemented. It was determined that a five minute time interval provided an effective sample sizes while maintaining the characteristics of traffic flow at each time period. 
The time period i was selected based on the time stamp of vehicle i identified, including two and a half minute intervals, before and after the identified time stamp. After selecting all vehicles within the five minute range at time period i, the Space Mean Speed (SMS), which is also known as the harmonic mean of speed, was calculated. The moving average of time period i is defined as:


where

 is the space mean speed at time period i

 is the number of vehicles at time period i

 is the travel speed of k-th vehicle at time period i
[bookmark: _Toc412801612]90% C.I. of Ground Truth
Confidence intervals (C.I.) are used to test the significance of difference, or sometimes identify outliers, by investigating whether the travel speeds of each data source are within a boundary for time and space. If the distribution of the original data set is known, such as t distribution or normal distribution, the C.I. can be obtained with mean and standard deviation. However, since the distribution of travel speed is unknown and may vary at each time period, the confidence interval was calculated based on percentiles (5th to 95th). 
[bookmark: _Toc412801613]Outlier Elimination
Eliminating outliers, like changing a time period, may yield different data set. Thus, no outlier was eliminated from the provided data to evaluate them as they provided. 
In the matching procedure of LPR observations, however, there is a method to select certain candidates based on a time window, which is determined by mean and standard deviation of travel time at each time period. This procedure eliminates outliers. There is a slight chance of incorrect matches, but it is considered not significant because LPR technology has a higher accuracy, as discussed, and renders visual investigation of individual vehicles unnecessary. 
[bookmark: _Toc412801614]Evaluation Measurements
[bookmark: _Toc412801615]Root Mean Square Error
The Mean Square Error (MSE) is “useful when we are concerned about large errors whose negative consequences are proportionately much bigger [sic] than equivalent smaller ones (e.g., a large error of 100 vs. two smaller ones of 50 each).”[18] Thus, using MSE rather than Mean Absolute Error (MAE) means that larger errors of travel speed are accounted for more than an equivalent amount of smaller errors. 
The Root Mean Square Error (RMSE) is the square root of MSE yields, which has the advantage of having the same number of units as the quantity being estimated. The RMSE is defined as:


Where 
Xi 	is the obtained data from other sources at time period i 
Gi 	is the ground truth data at time period i 
ei 	is the difference(error) at time period i 
N 	is the number of observations used in computing the RMSE.
[bookmark: _Toc412801616]Conversion of Data from Speed to Travel Time
Travel time is a measure of freeway service quality [19]. Travel time information is an indispensable part of travel information systems[20]. Thus, travel speed data were converted to travel time for an additional metric to show its potential impact on travel time estimation. For lower travel speeds travel time becomes more important, since the difference of travel time increases while the differences of travel speed remain the same. 

The average section travel time (), which can be considered as a “true” mean travel time of the temporal and spatial section, can be estimated from the unbiased estimate of the space-mean speed as [21]: 


Where 

 	is the average section travel time at period/vehicle i

 	is the distance traveled

 	is the space mean speed at period/vehicle i.
[bookmark: _Toc412801617]Travel Time of Data Source / Travel Time of Ground Truth
Based on the converted travel time data, comparison of travel time between data sources and ground truth has been conducted. From this result, travel time reliability may be obtained if the acceptable time window could be defined for a certain propose. 
[bookmark: _Toc412801618]Visual Investigation
Although several numerical metrics are provided for evaluation measurements, it is also important to investigate and interpret the figures visually to determine variations, patterns, and trends within the data. In a future study, additional metrics could be used to describe those patterns or trends. 
[bookmark: _Toc412801619]Results
[bookmark: _Toc412801620]Investigation of Ground Truth Data
Prior to comparing travel speed between data source and ground truth, the authors investigated the ground truth data. With two LPR cameras installed in each location, four different flows were captured for one segment. For easier interpretation, lanes 1 and 2 are referred to as “Slow,” while lanes 3 and 4 are referred to as “Fast.” About 15 minutes of data, starting at 13:30, are missing due refueling power generators. The missing time periods were not included in the analysis. 

[bookmark: _Toc412800319]Table 5‑4  Travel Speed of Ground Truth Data on Segment ‘A to C’
As seen in Figure 5-3, the traffic flow “Fast to Fast” represents the highest speed along the study period. During PM peak, especially, there are two clearly separate flows along the same roadway. The first flow, “Fast to Fast” and “Fast to Slow”, is recovering to uncongested flow conditions, while the second flow, “Slow to Slow” and “Slow to Fast,” remains congested. 
[bookmark: _Toc412801621]Comparison between Each Data Source vs Ground Truth
Four data sources are compared to the ground truth: Bluetooth, INRIX, HERE, and RTMS. In Figure 5-4, travel speed over time of each data source was plotted separately against the data of individual vehicles captured with LPR, along with the moving average and 90% C.I. boundary for the segments. 	Comment by Author: Is this the 5 moving average minuteor individual observations of each data source? Need to state what is plotted.
H-> Only bluetooth is 5 min. I don’t think we necessarily state that since we said original data was remaind as provided. 


[image: Figure 2 Travel Speed of Ground Truth Data on Study Area]Figure 5‑3 Travel Speed of Ground Truth Data on Segment ‘A to C’




[image: Figure 3 Comparison of All Data Sources vs Ground Truth Data (Travel Speed)]
Figure 5‑4 Comparison of Data Sources vs. Ground Truth Data (Travel Speed)


The travel speed of Bluetooth is, overall, slightly above the LPR. During PM peak, the travel speed of Bluetooth data seems to follow a fast flow along the two separate speed flows, except for segment B to C, which seems to show that congested flow recovers to free flow at the same time on the roadway. One possible cause of this tendency is that the embedded module of Bluetooth technology could tend to recognize low speed flows as outliers since high speed flows were counted more than low speed flows. There may be other reasons such as measurement errors of distance, time, biased sampling by strength of Bluetooth signal, and locations where the devices were installed, etc. 
Travel speed of INRIX follows LPR relatively well during uncongested periods. Like Bluetooth, INRIX travel speed tends to be greater than LPR, which means travel speed provided by INRIX is higher than LPR most of the time. Also, during the PM peak, the travel speed of INRIX data seems to follow a fast flow along the two separate speed flows like all other data sources. Furthermore, the time when congested flow appears on INRIX data is later than LPR.
From overall visual investigation of Figure 3, travel speed of HERE data seems to be closest to LPR. The travel time of HERE is barely out of the boundary of 90% C.I. of LPR, except for the times of 7-8 and 9-10. There also seems to be relatively small time lag capturing the congested flow from the travel speed of HERE compared to the data of LPR. 
The travel speed of RTMS data seems to be greater than the speed of LPR along the entire study period. It is very close to the upper boundary of 90% C.I. of LPR. This may be results of RTMS is usually more accurate in traffic counts [22], and the RTMS speed results varied depending on the mounting location [23].	Comment by Author: This may be addressed in the lit review. 
H-> I agree.
Figure 5 illustrates the difference between using travel time and travel speed as an evaluation target. As travel time is obtained by the inverse of travel speed, variations increase at low speeds, as seen in PM peak. During the PM peak, some vehicles at low speed in the LPR data have longer travel times, over twice as long as the travel time recorded by Bluetooth. 
Figure 6 shows the distribution of travel time of data sources divided by travel time of ground truth. Note that there is a mildly significant portion of vehicles with values less than 0.5, which means their actual travel times were twice or even longer than the travel times recorded, for all data sources. HERE seems to provide relatively more accurate data.
[bookmark: _Toc412801622]Summary of Results 
Summary results show the overall accuracy of travel speed data using RMSE as the metric. In Figure 7, the inverse of RMSE was used for the z-axis unit, meaning that the higher (blue) bar represents better accuracy, and the values of RMSE were labeled accordingly. 
[image: Figure 4 Comparison of Travel Time and Travel Speed (Bluetooth, Segment A to C)]Figure 5‑5 Comparison of Travel Time and Travel Speed for Bluetooth (Segment A to C)


[image: Figure 5 Distribution of  Travel Time of Data Source Travel Time of Ground Truth]Figure 5‑6 Distribution of ‘Travel Time of Data Source / Travel Time of Ground Truth’
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[bookmark: _Toc412800320]Table 5‑8  Summary of Results (1/RMSE)

In summary, the travel speed data of HERE yields the most accurate results in terms of RMSE compared to LPR data, except segment B to C where Bluetooth has less RMSE. The segment B to C did not have two separate flows along the same roadway as other segments had. RTMS and INRIX data yield greater RMSEs, almost as twice as HERE’s for segments A to C and A to B. 



Table 2: RMSE of Travel Speed and Travel Time for all Data Sources
	RMSE of Travel Speed (mph)
	 
	RMSE of Travel Time (sec)

	 
	A to C
	A to B
	B to C
	 
	 
	A to C
	A to B
	B to C

	LPR*
	         8.7 
	         8.9 
	         6.3 
	
	LPR*
	       24.7 
	       16.2 
	         5.7 

	Bluetooth
	       14.0 
	       15.6 
	         9.6 
	
	Bluetooth
	       37.9 
	       28.0 
	         6.4 

	INRIX
	       20.2 
	       21.4 
	       14.2 
	
	INRIX
	       50.7 
	       32.7 
	       10.9 

	HERE
	       11.4 
	       12.0 
	       10.8 
	
	HERE
	       37.2 
	       26.4 
	         7.9 

	RTMS
	       20.4 
	       21.9 
	       18.3 
	 
	RTMS
	       52.1 
	       34.0 
	       12.4 


LPR* : Individual data of LPR were compared to a five minute moving average of LPR data at each vehicle to see how much variation could be identified for individual data of ground truth from their moving average. 



[bookmark: _Toc412801623]Conclusions and Recommendations
This study investigated multiple data sources to evaluate data accuracy as compared to LPR, which we assumed as a ground truth. The field survey was conducted for the three segments including two short continuous segments and one that includes both segments. 
Since the study does not cover the data of the entire network, the results provide information for only selected segments and studied time periods. However, this study provides several considerations for how to evaluate the accuracy of travel speed data. The key considerations discussed in this study include: 
· Determination of ground truth technology
· Evaluation measurements 
· Conversion of data from travel speed to travel time
· Objects for comparison analysis (data retention of original source).
In order to precede forward with the evaluation of real-time traffic data and apply it in more applicable ways, more data is needed. Also, more investigation of ground truth, such as a range of measurement error and sample size, should be a key part of future study. Furthermore, to make decision of overall data accuracy and data quality, multi criteria decision making method could be used such as Analytic Hierarchy Process (AHP) or Simple Multi-Attribute Rating Technique (SMART) [2424].
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[bookmark: _Toc412801624]CONCLUSION
This dissertation compiled studies on enhancing a self-learning license plate matching algorithm and it’s utilization to capture ground truth travel times. The matching accuracy and learning speed efficiency of the algorithm are the major concern of this research. A series of simulations and field experiments were performed to support this research. 
First, the beginning of the matching algorithm is examined to optimize learning speed and accuracy. It was found that an unbiased association matrix is needed to reach a theoretical association matrix. ////. A future study is recommended to consider combined matrixes, e.g. using an alternate association matrix until a certain sample size is obtained and then using an unbiased starting association matrix. 
Second, the experiment was conducted on derived association matrices to simulate their need at LPR stations with experiencing poor matching using the self-learning matching algorithm.  Analyses were performed to determine when and why a derived association matrix would be needed. As a result, derived association matrices are better for low traffic flows (small sample sizes) and/or poor LPR camera read rates. A future study is recommended to ///
Finally, and A case study on probe vehicle technology was performed at Nashville, TN. This study examined the use of LPR technology and the matching algorithm as an ideal way to establish ground truth travel times. A future study is recommended to scrutinize the process of calculating ground truth travel times and establish a ////. 
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