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ABSTRACT 

 
This study addresses two major challenges in transportation analytics: recovering 

missing truck-tracking data and predicting shortest paths under stochastic conditions. We 

first investigated significant data loss in truck-tracking datasets, where nearly one-third of 

trips were missing due to misaligned data collection windows between origin and 

destination points. These losses, largely unaccounted for in aggregated statistics, distorted 

key trends such as average journey time and trip frequency. We identified nine distinct 

data loss scenarios, with late starts and early ends at destination nodes contributing most 

significantly to our case study. 

To recover the missing data, we expanded and analyzed the raw field data to 

assess its stochastic distribution, identifying the shifted Negative Exponential 

Distribution (shifted-NED) as the best fit. Validated through iterative Monte Carlo 

simulations (MAPE = 4.79%, MAE < 9 minutes), this model enabled the generation of 

synthetic missing data. By fusing these simulated values with the existing dataset, we 

created hybrid datasets that corrected misleading trends, replacing artificially decreasing 

journey times and declining trip frequencies with stable and plausible patterns. Though 

real-time driver behavior analysis was beyond the scope of this study due to the delayed 

installation of Dynamic Message Signs, our imputation process lays a foundation for such 

future work. 

Building on this robust, corrected dataset, we turned to the challenge of predicting 

shortest paths in the face of stochastic travel times. Traditional deterministic algorithms 

fall short when future travel times are uncertain. We reframed the shortest-path problem 
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as a stochastic one and introduced the Degree of Independence (DoI) to quantify how 

path interdependencies affect the likelihood of optimality. Through millions of Monte 

Carlo simulations across varied grid structures, we established a strong correlation 

between DoI and a path’s probability of being the shortest. 

We developed the Relative Frequency (RF) metric to quantify this advantage, 

showing that high-DoI paths can be far more optimal than average paths. We developed a 

near-perfect regression model (R² = 0.9964) that allows RF estimation across grid sizes, 

transforming a previously intractable stochastic problem into a simple deterministic one. 

Together, these contributions enable more accurate modeling of both route performance 

and traveler behavior under uncertainty. 
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INTRODUCTION  

In his book on Traffic Flow on Transportation Networks, Newell* concerned 

himself with representing real transportation networks in a mathematical analysis 

framework. Instead of the common practice of dividing the city or region in question into 

zones and representing each zone by a single centroid, and hence analyzing trips on a 

skeletal roadway network, Newell proposed approximations and idealizations in an 

ingenious fashion.  For short trips on the local road network made of numerous roads, 

typical in major cities, intra-zone trips are not automatically generated or ended at some 

virtual centroids but at their actual ODs and routed in a dense minor-road network that is 

considered a continuum.  These dense networks can be rectangular, triangular, ring-and-

radial, and can have several other configurations. For long trips, on the other hand, once a 

trip is routed in the most expeditious fashion to the nearby high-speed road, e.g., 

freeways and major arterials.  The number of such highways is not likely to be very large, 

so they form a graph of quite manageable size for analysis.  In that spirit, this dissertation 

analyzed long-haul trucking trips on major interstate highways in the first chapter and 

approximated local trips on a dense grid in the second chapter. 

Chapter 1 of this dissertation deals with long-distance truck-tracking data on two 

competing independent routes of over 60 miles. Because of the design of the experiments 

and the nature of such longitudinal tracking studies, a substantial number of truck trips 

were “lost,” which resulted in aggregated statistics that are significantly biased, but not 

always discernibly so.  We recognized the misleading trends in the aggregated data, 

identified the source of the biases, generalized the types of data loss scenarios with 
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longitudinal tracking studies, characterized the stochastic nature of the travel time data, 

proposed an imputation framework, and verified the methodology with Monte Carlo 

simulations.  The imputed hybrid data sets minimized the bias in the raw data, dispelled 

the initial misleading trends, and afforded researchers the possibility to conduct further 

analyses on driver behaviors or trucker activities. 

Chapter 2 of the dissertation implemented a dense rectangular grid approximation 

for city roads for the analysis of the shortest path under stochastic travel time conditions.  

While prevailing shortest path algorithms are efficient and well accepted, they typically 

rely on deterministic or even fixed travel time on each link for shortest path calculation.  

The resultant shortest paths can change within seconds, and again, as demonstrated 

herein, one is never sure which of all the numerous competing paths was, is, or will be 

the shortest.  This study recognizes the stochastic nature of link and path travel times and 

establishes in its analyses that the most likely shortest paths are those with the least 

overlapping or shared links with other paths. A measure of “degree of independence” of a 

path was defined and was shown to be highly indicative of the likelihood of a path being 

the shortest. This relationship was verified with Monte Carlo simulations using different 

stochastic travel times and a wide range of OD configurations. 

 

 

*Newell, G.F. (1980) Traffic Flow on Transportation Networks, MIT Press, 276 p.  
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CHAPTER I 

LONG-DISTANCE TRUCK TRACKING DATA IMPUTATION 

FOR IMPROVED TRIP TIME/PATH ASSESSMENT 

A CASE STUDY 
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 This chapter is being revised and reformatted for publication in a refereed journal. 

ABSTRACT 

In this study, we identified and addressed significant data integrity issues within 

aggregated truck-tracking statistics. Initial observations revealed unexplained trends in 

journey time and truck trip frequencies, which we traced back to a substantial loss of data 

during the collection process. This loss, we estimated, accounted for nearly one-third of 

the total dataset and was largely attributable to the misalignment of data collection time 

windows between origin and destination nodes. When trips were not captured at both 

ends within the prescribed time windows, those trips were effectively discarded, leaving 

critical yet inconspicuous gaps in the dataset. 

To systematically understand and quantify these gaps, we defined and categorized 

nine distinct data loss scenarios. These included late starts and early ends at either the 

origin or destination, as well as station outages and compounded disruptions. Among 

these, the scenarios involving late starts and early ends at the destination were found to be 

the most prevalent in our case study. This classification enabled us to better conceptualize 

the scale and nature of the truncation problem. 

We then expanded and aggregated the raw field data to analyze its underlying 

stochastic distribution—a crucial step toward enabling accurate data imputation. Among 

the models considered, the shifted Negative Exponential Distribution (shifted-NED) 

emerged as the best fit. Its suitability stemmed from its ability to capture the decaying 

frequency of trip durations effectively, aligning with patterns observed in the 

proportionally adjusted raw data. 
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To validate this model, we employed iterative Monte Carlo simulations to 

reconstruct the average journey time from the raw data in reverse. The results confirmed 

the model’s accuracy, yielding a Mean Absolute Percentage Error (MAPE) of 4.79% and 

a Mean Absolute Error (MAE) of under 9 minutes. Building on this, we simulated 

multiple sets of missing data and integrated them with the original dataset to create a 

series of hybrid datasets. These reconstructed datasets are now statistically complete and 

ready for further analysis. 

Notably, the seemingly decreasing journey time trend observed in the original, 

truncated dataset was corrected in the imputed datasets. Instead, a stable trend with 

expected stochastic variations emerged. Similarly, the previously observed decline in 

truck trip frequency over time was replaced by a more plausible and consistent rate of 

trips per hour. 

While this study does not extend to analyzing driver behavior, since the Dynamic 

Message Sign (DMS) with route travel time information was not installed until four years 

after the data was collected, our work lays the foundation for such analysis. By designing 

a robust and transparent imputation process, we enable future research into driver 

responses and route choices based on complete and reliable datasets. 
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INTRODUCTION 

Need to Track Trucks 

Major metropolitan areas in the U.S. are typically connected by Interstate 

highways and other primary arterials to provide accessibility, mobility, and adequate 

capacity.  With the growth of the Nation’s economy around that time, the significant 

traffic demand and congestion that followed brought need for subsequent parallel routes, 

beltways, ring roads, bypasses, and other auxiliary highways, see Figure I-1, which were 

added to the initial barebone network and largely completed, over 94%, by 1980 [UTFB 

2005].   To maintain mobility and reduce congestion in and around these high-density 

and built-up areas, it is desirable to route long-haul traffic such that they pivot around 

spatially irrelevant cities rather than directly enter them.  This is especially the case for 

large commercial vehicles (i.e., utility trucks) that are much bulkier in dimensions, more 

sluggish in acceleration and deceleration capabilities, less nimble in navigating tighter 

curves, more liable to generate more pollution, and more likely to carry hazardous 

materials than passenger cars. 

 However, the average operator of a large long-haul truck would not necessarily 

want to take any routes they deem less direct, as it might mean a longer travel time, 

higher fuel costs, and fewer amenities along these auxiliary routes.  To understand the 

preferences and behaviors of large truck operators, it is crucial to not just count the 

number of large trucks on the alternate routes but also to track their paths and isolate any 

cases where both the direct and the alternate routes are viable choices for the specific 

trips.  Other motivations such as traffic control, speed and weight enforcement, electronic 
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toll collection, emission reduction, international fuel tax collection and refund [IFTA 

1998], and freight logistics planning also add to the desirability of tracking large trucks. 

Truck Tracking Technologies 

Many tracking technologies exist to track corporate inventory or even personal 

items; they can also be applied to tracking vehicles.  Radio Frequency Identification 

(RFID) is widely used to track shipping containers and by large retail companies like 

Walmart to track their inventory.  Global Positioning System (GPS) based tracking is also 

widely implemented for tracking the location and movement of cell phones and the 

person or equipment carrying such devices. Apple’s AirTag is a popular Bluetooth 

technology that can be used to track personal items and valuable goods.  Transponders 

are wireless devices widely used for vehicle identification and tolls.  These methods, 

however, require active installation or embedding of the technology, demonstrate limited 

coverage or market penetration, and, mostly, lead to potential privacy and data breach 

issues. 

 
Figure I-1. Major U.S. highways and auxiliary routes around selected metropolises 
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Government transportation agencies working to track large commercial vehicles 

find passive or noninvasive technologies with sufficient market penetration to be highly 

desirable, such as Automated License Plate Recognition (ALPR).  License plate 

recognition was developed as early as the 1970s, extending from optical character 

recognition (OCR) techniques, which are now mature and widely used in many countries.  

However, ALPR technologies tend to suffer a relatively low read rate in the U.S. 

compared to many other parts of the world, mainly because the U.S. does not have a 

uniform license plate design, format, or template.  Thousands of different designs of 

license plates can be found across the Nation’s 50 states and territories [Oliveira-Neto 

2009].  If ALPR technologies perform sub-optimally, vehicle tracking requiring the 

accurate identification of the same plate multiple times at different locations becomes 

even more challenging.  To this end, several ingenious license plate matching algorithms 

were developed using text-minging techniques and supervised or unsupervised Machine 

Learning (ML) algorithms [Oliveira-Neto 2009, 2012, 2013, and Hargrove 2016a].  

Algorithms like these, following a period of refinement, were implemented successfully 

in the field for short-distance tracking-based speed accuracy assessment [Hargrove 

2016b] and long-distance large-truck route choice assessment [Han 2019].  In that latter 

study, while the ML-based license plate tracking algorithm performed successfully over 

real-world long-distance field cases for multiple sites, the resultant statistics indicated 

certain limitations and potential biases due to missing data beyond the tracking 

technology itself, be it ALPR, RFID, Bluetooth, or any other multi-point matching 

mechanisms.  This chapter, then, is a follow-up effort to address these issues. 
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Problem Statement 

The objectives of this chapter are to recognize, understand, assess, and impute the 

data or information that may be missing, even in a latent manner, in matched-pair long-

distance vehicle-tracking scenarios to reduce biases in the subsequent statistics.  This 

problem is a special case of any longitudinal tracking study where each subject, be it a 

patient with a certain illness, an evolving culture phenomenon, a piece of misinformation 

propagating in social media, or a large truck trundling down the road, needs to be 

identified and reidentified again at different locations or times.  Limitations, and hence 

latent missing data, could exist due to the truncation of the study duration or the restricted 

resources of the study. Ultimately, this study aims to minimize the bias in the aggregated 

statistics due to data loss by data imputation. Once the data is imputed at the individual 

trip level, additional studies on driver choices, trucking activities, and truck diversion 

strategies could be carried out.  These subsequent analyses would thus be enabled but not 

engaged in this study. 

STUDY SITE AND FIELD DATA 

Bypass Route Around the Metropolitan Nashville Area 

Interstate Highway I-840, a bypass route south of Nashville, Tennessee, was 

completed and opened to traffic in 2012.   Before its construction, large trucks in East and 

West Tennessee heading for Alabama and Georgia would travel to near Nashville city 

center (see Figure I-2a) and switch to I-65S or I-24E, or vice versa.  With the opening of 

I-840, traffic can organically divert away from the city center and take advantage of the 

shorter travel distance of the new bypass (see Figure I-2b).  In other words, I-840 is  
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Figure I-2. Interstate routing options around Nashville before and after I-840 
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clearly intended to function as a bypass route for I-40 traffic from and to I-65/I-24 on the 

south side of Nashville. 

However, it is more than just a curiosity to question whether traffic, be it 

eastbound or westbound from Nashville, would choose I-840 over I-40.  Given that I-80 

is longer in distance but less frequent in congestion and delay compared to I-40 (see 

Figure I-2c), what is in question is whether I-840 truly does serve its purpose specifically 

for long-haul trucks, based on truck drivers’ choices. 

The distance along I-40 from the I-40/I-840 split point on the west to the 

remerging point on the east is 59.3 miles.  The distance along I-840 in parallel is 78.5 

miles.  Despite I-40’s 20-mile difference, TDOT had previously stationed an exit sign 

encouraging travelers to use I-840E for Knoxville, TN (see Figure I-3a), even though 

staying on I-40 would also get to Knoxville.  However, in 2021, that exit sign was 

replaced by a new dynamic message sign (DMS), whose electronic display reports the 

current travel times on I-40E and I-840E to Lebanon, TN (see Figure I-3b) just a few 

miles east of the remerging point on the other side of Nashville.  For both cases, the 

location of each sign is a few miles before the I-40E/I-840E split point as shown in 

Figure I-4.  

It should be noted that the DMS in Figure I-3b had not yet been placed during the 

study reported in [Han 2019].  Any travel time comparisons were consequently unable to 

be drawn from that DMS device for the purpose of the study.  More on the data will be 

presented in the following sections. 
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 (a) before 2021 (b) after 2021 

Figure I-3. TDOT signage before I-40E/I-840E split (Google Street View) 
 

 
 

 

Figure I-4. Nashville study site with through traffic via I-40E and bypass via I-840E 
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High-Resolution Traffic Data 

A 2017 study [Han 19] by the University of Tennessee (UT) documented the 

attempt to collect high-resolution spatiotemporal traffic data using Tennessee Department 

of Transportation (TDOT) radar detection stations (RDS), National Performance 

Management Research Data Set (NPMRDS), and ALPR equipment.  While TDOT’s 

RDS data provides the highest temporal resolution at thirty-second intervals with lane-

by-lane speed, flow, and occupancy information, it does not provide full coverage of the 

study site, which can be seen in Figure I-5.  The background travel time information for 

the study is based on NPMRDS instead, as it covers the entire study site while using a 

very short-term probe-based data source. 

Figure I-6 compares sample travel time with aggregated NPMRDS segment 

travel times. This 30-day comparison of eastbound traffic travel times on I-40E (red) and 

I-840E (blue) at different times of day yields the following observations. 

• I-40E travel time is typically around 55 minutes with an AM peak and a longer 

and more severe PM peak on weekdays.  Weekend traffic is better with less delay 

most of the day. 

• I-840E travel time is typically below 80 minutes without significant evidence of 

AM or PM peaks. 

• There are times when peak traffic conditions on I-40E could push the route travel 

time over that on I-840E, sometimes significantly so.  For those cases, using I-

840E would reduce delay. 
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Figure I-5. TDOT Region III (Nashville) RDS station locations in 2016 

 

Figure I-6. Sample travel time comparisons on I-40E and I-840E based on NPMRDS 
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• Thanksgiving Day saw very light traffic and low travel time for both routes. 

The travel time patterns during the AM and PM peaks in I-40 are somewhat 

• expected but not exactly the same every day or precisely predictable for the 

purpose of forecasting which of the two routes might enjoy shorter travel time.  

This information on travel time on the two routes was not available to the drivers, 

via the yet-to-be-installed DMS sign, or even to the researchers in the field during 

the 2017 study. 

For the specific day of the field study, Monday, May 8, 2017, as reported in [Han 

2019], the NPMRDS data were not available back then but have been made available 

now and plotted in Figure I-7.  Note that while the travel time values are for the entire 

distance from the I-40E/I-80E split on the west side all the way to the east side where the 

two routes merge again, they were calculated by aggregating individual segment travel 

times and not based on trips completed from one end to the other by any specific 

vehicles.  So, the travel time values here assume that all vehicles traveled continuously 

without stopping. 

Like the previous observations made during one month in 2019, this field data 

collection day in 2017 saw a relatively quiet I-840E with an average travel time of around 

70 minutes, which translates into about 67 mph on average. I-40E saw relatively quiet 

Monday traffic, like some of the days in November 2019, with a tame AM peak and a 

more pronounced PM peak when the travel time on I-40E exceeded that on I-80E for a 

couple of hours. 
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Figure I-7. Travel time on I-40E and I-840E at the split point based on NPMRDS 
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ALPR Large Truck Tracking Data 

The large truck tracking study was conducted on May 8, 2017, using ALPR 

devices set up by well-trained UT researchers at three strategic locations from roughly 6 

AM to 6 PM for the consideration of available daylight and field safety [Han 2019].  

Each ALPR station covered two truck lanes.  Two stations were placed, one on I-40E and 

another on I-840E, such that both were just past the split point of the two roadways, with 

the third station located on I-40E to the east of Nashville just past the merging point of 

the two roadways (see Figure I-8).   

The field-collected ALPR plate information was subsequently processed for plate-

matching analysis using the previously tested matching algorithm [Oliveira-Neto 2013]. 

The plate-matching statistics are shown in Table I-1.  Both routes saw reasonable 

portions of truck traffic traversing the entire route, be it I-40E or I-840E, from the east 

end to the west end of the study area.  The researchers noticed a decaying pattern of 

journey time for trips made on both routes, which can be seen in Figure I-9.   

They also plotted the relationships of mean journey time and number of trucks 

caught by ALPR units at both ends vs their time at the origin, aggregated to an hourly 

basis, as seen in Figure I-10.  Some of these trends are real and can be insightful, while 

others are artifacts due to the way the data were collected.  However, the latter was not 

obvious at the time of the study and was not explored further. It is important, in 

hindsight, to recognize their nature so the conclusions are not biased or misleading. 
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Figure I-8. Truck tracking study with ALPR units at three sites 
 
 
 

Table I-1. Field ALPR data collection results. 

 

Truck  
Path 

Distance 
(miles) 

# of Plates Read 
at Starting ALPR 

# of Plates Read 
at Ending ALPR 

# of 
Matches 

Matching % at 
Starting Node 

I-40E 59.3 2,089 2,298 602 28.9% 
I-840E 78.5 568 2,298 287 50.5% 
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Figure I-9. Decaying trend of journey time distribution on both routes [Han 2019] 

 
 
 

 
Figure I-10. Mean journey time and number of trucks matched plotted against the 
departure time at the origin [Han 2019] 
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ASSESSMENT OF LIMITATIONS AND MISSING DATA SCENARIOS 

Limitations of NPMRDS or Other Traffic Data 

Despite having a dependable supply of high-resolution data from TDOT’s RDS 

detectors and from NPMRDS, we find that these are point- or segment-based data that do 

not offer any trip or path information needed for this study.  Trip times shown in Figure 

I-6 and Figure I-7 are based on the total sum of the average travel times along all 

segments, which tend to ignore any durations of time when trucks are off the Interstate 

for purposes including refueling, dropping off or picking up loads, dining, sleeping, and 

taking a break in general.  In the context of a short-distance study, these activities are 

uncommon, but for longer-distance tracking studies like this, they turn out to be a rather 

significant issue to consider.  In addition, trucks typically cannot be uniquely identified 

within these data, which makes them unsuitable as the primary source for this study. 

ALPR Large Truck Tracking Data 

ALPR-based plate-matching and other tracking technologies can provide trip or 

path-tracking information.  However, this requires data to be collected continuously at 

each site to avoid truncation issues, which may result in artifacts in the data that could 

bias or obscure the findings. For example, the ALPR statistics plotted in Figure I-10a 

seem to suggest a decreasing trend in mean travel time on both routes as the day went on, 

see Figure I-11a. At the same time, one could argue that the mean travel time values, 

ranging from 1 to 6 hours for I-40E and 1.5 to 3.5 hours for I-840E, are significantly 

higher than the mean travel time of about 55 and 70 minutes, respectively, per NPMRDS 

in Figure I-7. 
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Figure I-11. Trends seemingly present in Figure I-10 

Likewise, the ALPR statistics plotted in Figure I-10b indicate a rapidly increasing 

trend in the early morning and a steadily decreasing trend thereafter in the number of 

truck plates captured and matched at the beginning and the ending ALPR stations on both 

routes (Figure I-11b). 

Upon combining these two figures, one might wonder if truck drivers prefer to 

travel in the morning, even though the average travel time for these trucks is much 

longer.  However, one must also consider that their decision-making is vastly different 

from that of those who do not necessarily drive trucks.  The choices that long-haul 

commercial truck drivers make are influenced by the fact that they may traverse 

thousands of miles each week, occasionally from coast to coast.  As such, they do not 

typically arrange their trip in such a way that they would get through Nashville at a 

particular time of the day.  Findings by a Federal Highway Administration (FHWA) 

study on vehicle volume distributions by classification indicate that straight-through large 

truck volume typically stays rather steady throughout the day [Hallenbeck].  So, is the 

ALPR data erroneous in some way? 
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 There are several considerations here.  First, the average travel time calculated 

using NPMRDS is suitable for all vehicles that traverse the entire route without stopping.  

But the ALPR plate-matching-based trip or path travel time is the more legitimate time 

duration that could realistically include stops, interruptions, or even side trips between the 

origin, where an ALPR first captured the truck’s license plate, and the destination, where 

a second ALPR captured the same plate again.  Some trucks that took well over 55 or 70 

minutes to traverse I-40E or I-840E, respectively, can be attributed to this method.  

Acknowledging these stops and side trips is important for further studies of the economic 

activities of these long-haul trucks and is crucial to freight and logistical analysis. 

 The second but significantly more crucial issue concerns the potential 

misinterpretation or biases that may result from missing data, particularly the data absent 

in a latent manner.  When plotting the ALPR data of the journey time of individual trucks 

based on the time of day each of the trucks passed the origin, or the first ALPR station, 

see  

Figure I-12, one can see some blank areas with no data for both cases. For instance, there 

is no recorded truck passing the origin at around 6:45 AM that traversed I-40E in less 

than 3 hours.  On the other hand, all trucks passing the origin at around 5:45 PM 

traversed I-40 in less than 1.5 hours.  This is because the late starting time and the early 

termination time of the data collection effort at the ALPR station truncated the data 

stream that would have filled those blank areas.  Huge gaps in what could have been data 

are responsible for studies falling into “survivorship bias” when drawing conclusions. 
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Figure I-12. Individual truck journey time vs time at Origin for I-40E and I-840E 

This phenomenon was first observed when engineers noticed the bullet holes on 

the returning aircraft in World War II (WWII), see Figure I-13.  Incorrect estimations of 

journey time and number of trucks traversing one route or the other could result if one did 

not realize that the missing bullet holes, or the missing trucks, hold important insights 

about the problem at hand. Further analysis of the latent and patent missing data helps 

classify these cases into nine scenarios that could affect the findings (see Figure I-14). 

Scenario 1: Early Stop of Data Collection at Destination – Probably the most obvious, 

though ironically latent, and most damaging scenario of missing data comes from 

prematurely stopping the data collection effort at the destination station and not allowing 

all trucks to complete their journeys within the shrinking time window.  Trucks passing 

the origin station early in the day are afforded nearly 12 hours to complete the trip and 

still be included in the collected dataset.  Each passing hour later in the day saw a steadily 

decreasing window for trucks to complete the journey and still be counted.  Trucks  
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Figure I-13. Hypothetical patterns of bullet holes on surviving aircraft during WWII 

 

Figure I-14. Missing data scenarios, as seen in a journey time vs time at the origin plot 
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passing the origin after 5:30 PM would not be included in the study if they did not 

complete the trip before 7:07 PM, which is most of them.  The resultant decreasing 

journey time was evidenced in Figure I-11a.  This scenario is very challenging to 

overcome because the ALPR station at the destination needs to stay open for 10 hours or 

more to capture trucks with long journey times like those captured early in the day.  This 

type of missing data would be difficult to avoid unless the ALPR devices were 

continuously operating instead of a temporary research setup.  The concept of this 

scenario can also be visualized using a time-space diagram like Figure I-15. 

Scenario 2: Late Start of Data Collection at Destination – The orange triangle to the 

lower-left of Figure I-14 is another case of trucks not captured at the destination, 

resulting from a late start of the data collection activities.  Faster vehicles captured at the 

origin node had traversed the entirety of the route and arrived at the destination before the 

ALPR devices started recording.  In such cases, the lost opportunity resulted in no faster 

trucks captured and a decided bias towards a longer average journey time, as also 

evidenced on the left side of Figure I-11a, where the already incorrectly depicted 

reducing average journey time was made even more pronounced by the truncated shorter 

journeys arriving too early to be counted. 

 A portion of the late start loss is shown as “2a” in Figure I-15 and Figure I-16.  

This portion of the loss could be reduced or even avoided by starting the data collection 

effort earlier at the destination. 
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Figure I-15. Time-space diagram of data collection windows at the origin and the 
destinations along I-40E, and several scenarios of trucks not captured 
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Figure I-16. Missing data scenarios, in a journey time vs time at the destination plot 
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Scenario 3: Late Start of Data Collection at Origin – Late start at the origin reduces 

the magnitude of the longest possible journey time to be collected in the matched data set.   

Obviously, the sooner the data collection effort begins at the origin, the more data can be 

collected.  Without coordinated effort at the destination, however, this would 

inadvertently increase the size of the 2a data loss zone. 

Scenario 4: Early Stop of Data Collection at Origin – Early stop at the origin does not 

reduce the magnitude of the longest possible journey time to be collected.  It reduces the 

size of the collection window to cover variations in traffic conditions later in the day.  A 

small portion of the Scenario 4 loss is labeled as 4a in Figure I-14 and in Figure I-15 

which can be reduced if the data collection activities at the origin lasted longer. 

Scenario 5: Station Outage at Origin – In such cases, very noticeable signs of data loss 

would show for any sizeable station outage at the origin.  A blank vertical strip in Figure 

I-14 and a blank 45° strip in Figure I-16 would signify patent data loss.  For this 

example, a two-hour outage, from 10 AM to 12 PM, at the origin station would lead to 

the size and shape of the strips in those two figures. 

Scenario 6: Station Outage at Destination – Similarly, any significant station outage at 

the destination would also lead to a very noticeable blank -45° strip in Figure I-14 and a 

blank vertical strip like the one in Figure I-16.   For this example, a two-hour outage, 

from 1:50 PM to 3:50 PM, at the destination would lead to the size and shape of the strips 

in those two figures. 

Fortunately, neither Scenario 5 nor Scenario 6 occurred during the field data 

collection effort, which is evident in these plots. 
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Scenario 7: Congestion, Incident, or Delay in Traffic – A lack of data in the lowest 

journey time region, an example of which can be seen in Figure I-14, is not really a case 

of missing data but all vehicles taking longer to complete the journey for a certain period 

of time due to recurring or nonrecurring congestion along the route.  This increase in 

minimum travel time due to traffic conditions would render the figure’s lowest portion 

blank.  The shape and duration of this could be corroborated with the route travel time 

from traffic data such as NPMRDS and RDS, see Figure I-7, which shows a matched 

duration when travel time was elevated. 

Scenario 8: Error in Matching Data – The plate matching was performed using an ML 

algorithm tested to be between 95% and 98% accurate [Oliviera 2013].  That means a 

very small portion of individual truck data may be matched incorrectly, mostly due to a 

combination of incorrect readings by ALPR devices and a self-learned association matrix 

always having a margin of error.  For example, because of the elevated minimal travel 

time in Scenario 7, data showing up within that otherwise blank zone is likely incorrect, 

see Figure I-14.  In fact, any data point showing up in the blank zones representing the 

missing scenarios for the aforementioned data could very likely be an error. 

Scenario 9: Clock Synchronization Issues – When traffic data needs to be collected at 

multiple locations and then matched to derive speed or travel time statistics, it is essential 

that the system clock on all devices is synchronized beforehand and verified again 

afterward.  This can be accomplished readily if GPS signals are used on these devices. A 

sign of the existence of such errors can be spotted when the lowest portion of journey 

time in a plot like Figure I-14 shows a large number of data points that would indicate 
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very high average speed, e.g., greater than 80 mph, or very low average speed.  If 

synchronization before the fact was not possible, at least one should take note of the 

differences in clock time on each device and then adjust or correct the time stamp in the 

data file after the fact. 

DATA IMPUTATION FOR FURTHER STUDIES 

Imputation to Restore Missing Data Statistics 

Based on the assessment in the previous section, the next step is to reduce errors 

and biases by accounting for the missing data, primarily due to Scenarios 1 and 2.  To 

that end, the available truck journey data for I-40E are aggregated at 15-minute intervals, 

as seen in Figure I-17, proportionally scaled to include zones where data were lost due to 

late start and early stop at the destination.  This yields 46 data points, each representing a 

journey time interval with a percentage of data falling into that interval.  A cumulative 

distribution function can be plotted, see Figure I-18.  Regressions were conducted to 

determine a suitable function to represent the cumulative curve.   The best fit comes from 

a shifted logarithmic function in the form of: 

𝐹(𝑥) = 𝑎 ∙ 𝑙𝑜𝑔(𝑥 + 𝑏) + 𝑐 (1.1) 

where x is journey time, a and c are regression coefficients, and the shifted value b is 

equal to 1 – tmin, where tmin, set to 0.73 hours, is the assumed minimal journey time for 

this data set.  The regression results are shown in Figure I-19.  Given this shifted 

logarithmic function, the resultant cumulative model is F(x), and its derivative is f(x): 

𝐹(𝑥) = 0.3753 ∙ 𝑙𝑜𝑔(𝑥 + 0.27) − 0.001036 (1.2) 

𝑓(𝑥) =
0.3753
𝑥 + 0.27

(1.3) 
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Figure I-17. General imputation for data loss due to Scenarios 1 and 2 
 

 
Figure I-18. Cumulative percentage of all journey times and curve fitting results 
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Figure I-19. Regression summary of the shifted LOG model 

This best-fitting function with an R2 value exceeding 0.99 is plotted in Figure I-

18 and labeled as the “Shifted LOG” curve.  However, one concern with this function is 

that it does not converge as x increases, and P(x) would exceed 100% at the same time.  

Though the model fits the data extremely well, this concern makes the function 

unsuitable for our purpose unless we truncate the journey time at a point where P(x) 

reaches 100%.  Since the imputation challenge at hand is already severely truncated data, 

the shifted logarithmic function does not help the cause. 

Another function that fits the cumulative distribution exhibited by the ALPR 

matching data is the shifted negative exponential distribution (NED).   NED is a decaying 

function that is the prevailing distribution for modeling the time until the next event.   To 

account for the minimal travel time, the NED function, which is defined between 0 and 

∞, should be shifted by tmin.   The cumulative distribution function is as follows: 

𝐺(𝑥) = 1 − 𝑒!"($!%!"#) (1.4) 
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where tmin equals 0.73 hours, or about 44 minutes, for I-40E, and λ equals 0.28 

based on the regression results in Figure I-20.  The cumulative distribution function can 

then be expressed as such: 

𝐺(𝑥) = 1 − 𝑒!'.)*($!'.+,) (1.5) 

and the probability density function is: 

𝑔(𝑥) = 0.28𝑒!'.)*($!'.+,) (1.6) 

The shifted NED has a decent R2 value of 0.76, even though it doesn’t fit the data 

as well as the shifted logarithmic function does, as is evidenced in Figure I-18 and 

Figure I-19.  Nevertheless, the NED model is typically used for temporal decay 

problems and allows convergence to 100%, which is essential for the cumulative 

distribution function.  The NED model also has a more ideal expected value of 1/λ, or 

1/λ+tmin for a shifted NED, making the model a superior choice for this study. 

 

 

Figure I-20. Regression summary of the shifted NED model 
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 Missing data scenarios 1 and 2 led to a declining trend, see Figure I-11a, and an 

underestimated average journey time of 3.27 hours [Han 2019].  The imputed data and 

the shifted NED model would instead give us an average journey time of 4.30 hours.  

Because of the significant number of truck trips lost to scenario 1, it is expected that the 

naïve mean of all the individual journey times present would underestimate the true 

average, which is calculated by imputing the truck trip data.  Since we do not have the 

ground truth where the lost data were known in detail, Monte Carlo simulations were 

employed to verify the results. 

Verification with Monte Carlo Simulations 

With the parameters associated with I-40E known, we can employ Monte Carlo 

simulations to generate truck trips based on these parameters and visualize the results of 

individual trucks completing the entire route via I-40E (see Figure I-21).  The trips 

captured at both the origin and the destination, and hence present in the simulated 

database, are represented by the red dots.  The blue dots represent those not captured at 

both ends of the route, hence lost or missing.  One can observe missing data scenarios 1, 

2, 2a, 3, 4, and 4a in these plots. 

The average data loss rate based on repeated simulations is 31.29%, with a 

standard deviation of 1.23%.  Maintaining the shifted-NED parameter λ at the value of 

0.28 according to the regression results in Figure I-20, which also means an expected 

average journey time of 4.30 hours, we can compare the average journey time of the “red 

dots,” based on the simulations, against the field data of 3.37 hours.  Again, repeated 

simulations were performed to yield an average naïve journey time of 3.12 hours, or 
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Figure I-21. Visualization of outcomes of one of the runs simulating I-40E truck traffic 

about 3 hours and 7 minutes, with a standard deviation of 0.07 hours, or about 4 minutes.  

The mean absolute percentage error (MAPE) is 4.79%, while the mean absolute error 

(MAE) is 0.15 hour, or about 9 minutes.  These are decent endorsements of the shifted-

NED model. 

 Incidentally, the Monte Carlo simulations were used to simulate and visualize 

missing data in Scenario 5, see Figure I-22, where the ALPR station at the origin was out 

from 10 AM to 12 PM, and Scenario 6, see Figure I-23, where the ALPR station at the 

destination was out from 1:45 PM to 3:45 PM. 

These results provide a promising and easy venue to “cut and paste” the missing 

data generated by the Monte Carlo simulations into the blank areas to supplement the 

field data and form an infinite number of hybrid datasets. 
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Figure I-22. Visualization of outcomes of one of the runs simulating I-40E truck traffic 
 
 
 
 

 

Figure I-23. Visualization of outcomes of one of the runs simulating I-40E truck traffic 
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Simulation-Based Imputation for a Hybrid Dataset 

The use of Monte Carlo simulations to backfill the blank spaces, i.e., data missing 

due to various scenarios presented previously, is a promising approach to imputation.  By 

supplementing the actual field data (solid red dots) with simulated (virtual) trips (hollow 

dots) in Figure I-24, a hybrid dataset can be assembled for various analyses that would 

not be biased.  Four randomly selected hybrid datasets are shown in Figure I-24, and 

many more could and should be generated for subsequent analyses, as should be the case 

when Monte Carlo simulations are used.  

Statistics like those shown in Figure I-10 were generated for the four sample 

hybrid datasets in Figure I-24 to compare mean journey time and the number of truck 

trips captured on I-40E (see Figure I-25). The solid red bars are based on the field data 

alone, which exhibits a decreasing trend of mean journey time as well as the number of 

truck trips captured over time, while the lighter-colored striped bars are based on the 

imputed hybrid data, which suggests a more steady mean journey time throughout the day 

as well as more truck trips captured during the later part of the day by comparison. 

It should be noted that the first and the last bars in the number of trucks captured vs time 

at the origin plot in Figure I-10 and Figure I-25 (right side of the doublet plots) are 

misleadingly low.  This is because only 18 minutes (6:42 – 7:00 AM) of data were 

collected in that first hour, and only 47 minutes (5:00 – 5:47 PM) of data were collected 

in the final hour at the origin.  So, a normalized trip rate (trucks per hour) would be far 

less misleading than the number of trucks captured. A comparison of this is shown in 

Figure I-26. 
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Figure I-24. Sample imputed hybrid data: field data plus simulated missing data 
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Figure I-25. Comparisons of sample imputed hybrid statistics vs field data statistics 
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Figure I-26. Comparisons of the number of trips and trip rates vs the time at the origin 

In summary, the original raw dataset, shown as green crosses in Figure I-27, 

exhibited a noticeable and significant data loss that led to a substantial underestimation of 

the number of trucks traversing the I-40E corridor and a biased mean journey time for 

these trucks.  A prorated expansion of the raw data can approximate the amount of data 

lost due to various scenarios that caused data truncation and form an aggregated dataset 

for a better estimation of journey time distribution, shown as red dots in Figure I-27.  

The shifted NED model, dashed blue line, is the most suitable function for fitting these 

data and for the subsequent imputation efforts.   

Because of the stochastic nature of the raw data, as well as the missing data, 

presumably following the same stochastic distribution, Monte Carlo simulations were 

employed to verify the imputation functions, as presented in the previous section, and to 

generate sample imputed missing data to form a series of hybrid datasets, shown as the 

purple dots in the plot. 
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Figure I-27. Comparisons of the raw and imputed hybrid data of truck trips at the origin 

CONCLUSIONS 

The research documented in this paper sought to provide a procedure for imputing 

a common but not often acknowledged loss of data when tracking vehicles or events over 

an extended time.  The following is a summary of the thought process and actions taken 

to arrive at the completion and contributions of the study. 

• We observed unexplained trends in aggregated truck-tracking statistics and 

recognized these as the artifacts of a significant loss of data. 

• We estimated a loss of nearly 1/3 of the overall data due primarily to data truncation 

when two or more data collection time windows interfered or were not in sync with 

each other so that only trips captured at both locations within the respective time 
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windows were preserved. Everything else was lost and unaccounted for in the 

statistics. 

• We generalized these into nine data loss scenarios, including late start and early end 

at the destination node, late start and early end at the origin node, station outages at 

the origin or the destination nodes, and other compounded scenarios.  The first two 

account for most of the data loss in the case study. 

• We aggregated and expanded the raw data to assess the stochastic distribution of the 

data, which would serve as the foundation for the imputation efforts. 

• We found the shifted-NED model to be the most suitable for our purpose because it 

provides a decent fit to the proportionally expanded raw data, and it is considered the 

prevailing model for decaying frequency functions. 

• We verified the shifted NED model by using iterative Monte Carlo simulations to 

derive the average journey time in the raw data reversely.  The MAPE is 4.79%, and 

the MAE is less than 9 minutes. 

• We subsequently employed Monte Carlo simulations to generate multiple sets of 

missing data, which were fused with the field data to create a series of hybrid 

datasets. These datasets are now “complete” and can be used for further analyses 

beyond this study. 

• We observed the misleading trend in the decreasing journey time caused by the 

truncated data, which is now corrected by a more stable trend with normal stochastic 

fluctuations in each imputed hybrid dataset. 
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• We also observed that the declining number of truck trips over time is now replaced 

by a more reasonable trend of truck trips per hour. 

• This study does not intend to perform a full analysis of driver choices since the 

Dynamic Message Sign with route travel time information was not installed until four 

years after the field data was collected. However, by designing and carrying out this 

elaborate imputation process, this kind of driver behavior analysis is now possible. 
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CHAPTER II 

LIKELY SHORTEST PATH AMONG VIABLE OPTIONS IN A SQUARE GRID 

WITH STOCHASTIC TRAVEL TIME 
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 This chapter is being revised for publication in a refereed journal.  

ABSTRACT 

In this work, we address the inherent stochasticity of roadway travel times and 

challenge the limitations of traditional shortest-path algorithms that rely on deterministic 

assumptions. Such algorithms, while effective in hindsight, falter in predictive contexts 

where travel times are uncertain and variable. Recognizing this, we reframed the shortest-

path (SP) problem as a stochastic challenge, demanding methods that consider the 

probabilistic nature of link travel times and their effects on overall path selection. 

A key insight emerged from our observation that paths within a network are rarely 

independent; they often share common links. This interdependence varies based on 

network structure and the extent of link-sharing among competing paths. To capture this 

nuanced relationship, we introduced the concept of Fractional Independence and 

formalized it through a novel metric we call the Degree of Independence (DoI). This 

measure quantifies how independent a given path is by accounting for the number of 

paths that share its constituent links. 

To evaluate the implications of stochastic travel times across all viable paths, we 

utilized extensive Monte Carlo simulations. Rather than rely on heuristic algorithms with 

static parameters, we conducted millions of simulations, enabling us to derive converged 

probabilities for each path being the shortest in a given network. These simulations 

spanned various grid configurations, including both symmetrical and asymmetrical 

rectangular layouts. 
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A breakthrough came with our discovery of a strong correlation between a path’s 

deterministic DoI and its likelihood of being the shortest in a stochastic setting. This 

finding offers a foundational step toward predicting the most probable shortest path 

without requiring knowledge of actual future conditions. To express this predictive 

advantage, we introduced the Relative Frequency (RF) metric, which compares the 

success rate of the most likely path against the average path. In practical terms, for an 8x8 

grid, the most probable shortest path is about 10 times more likely to be optimal than any 

random path; for a 10x10 grid, this advantage surges to approximately 36 times. 

To generalize this relationship, we developed a near-perfect regression model (R² 

= 0.9964) that links RF values with the grid dimensions (m, n). This model allows us to 

extrapolate RF values for larger grid sizes where exhaustive simulation is 

computationally infeasible, significantly broadening the practical utility of our findings. 

Ultimately, our research transforms the previously intractable stochastic SP 

problem into a manageable deterministic prediction task. By leveraging the structural 

tendencies of grid networks, we show that the shortest path is most likely to traverse the 

outer edges of the grid. This marks a substantial advancement in predicting optimal paths 

under uncertainty, grounded in both probabilistic rigor and network theory. 
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INTRODUCTION 

Once considered very challenging, the Shortest Path (SP) problem and its 

practical applications are now used by millions daily thanks to efficient algorithms, such 

as Dijkstra’s algorithm [Dijkstra] and the A* algorithm [Hart], the superior calculation 

capabilities of modern computers, and the wide availability of cellphones. However, the 

so-called shortest paths recommended to the user, typically in real-time, are often not 

really the shortest by the time the user follows the path from the origin to the destination. 

This is not due to any deficiency in the heuristic algorithms themselves, but because one 

could not foretell the future travel condition and must formulate and solve the SP 

problem based on deterministic or even stationary link travel time values obtained in the 

past. In the real world, the travel time fluctuates continuously on each link in the road 

network.  Whichever path a particular heuristic algorithm might declare as the solution to 

the deterministic SP problem is likely the perfect shortest path for the wrong problem.  

That is, while the network geography stayed the same, the travel time on each link would 

be different from the original values used by the SP algorithm initially.  These travel 

times will continue to change as the traveler traverses along this recommended path, or 

any path for that matter, from the origin to the destination. This is the nature of the 

stochastic SP problem. 

Example 1 – Shortest Path Observations in Midtown Manhattan, NYC 

For about a month in late 2024, we monitored and recorded the shortest paths 

recommended by Google Maps for a pair of origin and destination (OD), both located in 

midtown New York City.  The OD pair is selected based on the expansive rectangular 
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grid roadway network between the origin, at the intersection of 2nd Ave and 57th St. in 

midtown Manhattan, and the destination, in Chelsea at the intersection of 9th Ave and W 

23rd St (see Figure II-1). This rectangular grid includes roughly 35 east-west streets and 

10 north-south avenues. Many of these roadways are one-way pairs, so the actual viable 

routes in the general direction for the OD pair are 20 E-W streets and 7 N-S avenues, 

which affords a solution space of over 800,000 solutions, backtracking not considered. 

Google Maps was employed for these observations to take advantage of the near-

real-time travel information they continue to amass via cellphone tracking. Once a query 

is submitted for an OD pair, Google Maps reports up to three best routes recommended 

for this trip for whichever the desired transportation mode, be it driving, transit, walking, 

biking, or even flying.  For this study, driving will be the mode of choice unless 

otherwise specified.  Here in Figure II-1, the highlighted path that takes an estimated 17 

minutes was found to be the “fastest route” and recommended by Google Maps at 

06:56:24 AM on December 3, 2024.  Two other paths are also provided as good 

alternatives.  

We continued to monitor the recommended path between the same OD pair for a 

time interval comparable to the time it would take to traverse the path and captured 20 

maps showing the recommended shortest path at different times sequentially in Figure 

II-2. During the time it would take the traveler to traverse the initially recommended 

shortest path travel time, about 18 minutes, see Figure II-2a, the recommended shortest 

path changed multiple times, some with mid-way detours, while others flipped back and 

forth from one side of the network to the other.  All these changes happened once per 
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Figure II-1.  Observation site and OD pair in Midtown Manhattan.  (Google Maps, 
06:56:24 AM on 12/03/2024) 
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Figure II-2.  Shortest paths for the same OD suggested by Google Maps within 20 
minutes 
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minute on average and sometimes more frequently.  A note about the real shortest path is 

that no one can be certain what the true shortest path would be unless one knows the 

travel time continuously on every link throughout the entire duration.  This information is 

impossible to know before the trip begins and is ignored, by and large, after the trip has 

ended. In a network with a large number of competing paths with similar lengths and 

travel times between an origin-destination (OD) pair, the path reported to be the shortest 

is typically the bona fide solution to the shortest path problem based on an array of 

stationary link travel times obtained from the past, e.g., the average time for (probe) 

vehicles to traverse each link or the link length divided by the average vehicle speed 

within the past few minutes, on each link in the network. These travel time values are 

typically obtained from deployed technologies (e.g., GPS tracking and traffic sensors) or 

historical traffic records of the same time of day and day of week previously to populate 

the array of travel time for all links in the network. This deterministic, or even stationary, 

travel time assumption works serviceably well under conditions such as:  

• The link travel time fluctuation is minuscule or nonexistent. 

• No incidents, vehicular accidents, special events, inclement weather, or other 

factors would affect the deterministic assumption of the traffic conditions on all 

pertinent network links. 

• The actual shortest path is singularly and decidedly much faster than all its 

competitors, such that the stochastic fluctuations and data sampling errors in 

travel time would be unlikely to affect the resultant SP choice. 
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• It is imperative to have a routing solution promptly, especially when a slight, or 

not so slight, excess in travel time over the actual, yet unknown, SP, can be 

overlooked. In other words, whether the shortest recommended path is not crucial. 

• The traveler only has moderate expectations and does not demand certainty that 

the solution is the actual SP as long as the route gets them to the desired 

destination in a reasonable time. 

In the real world, travel time is not stationary or deterministic. So, one has to 

consider the effect of this stochastic travel time on the shortest problem. 

Example 2 – Deterministic and Stochastic Travel Times 

Consider a simple case of three entirely separate and independent paths, not 

overlapping and with no shared link, from an origin to a destination. For the first 

scenario, all path travel times, TT1, TT2, and TT3, are constant or stationary, though 

different (see Figure II-3.a). Any serviceable shortest path algorithm would be able to 

identify the shortest path among the three, path 1 for this case, since TT1 is less than TT2 

and TT3, in no time.  This is the realm where the popular shortest-path algorithms excel 

and, in reality, how most SP problems are solved: by substituting the stochastic travel 

time for the links and, hence, paths to a constant but somewhat reasonable travel time. 

For the second scenario, where the travel times on these paths are stochastic, 

which path specifically would come out as the shortest is not as obvious. Each probability 

density function (PDF) curve in Figure II-3.b represents the probability of a path having 

a particular travel time. If these curves were far apart and hardly overlapping, then the  

𝑃(𝑇𝑇- ≤ 𝑇𝑇), 𝑇𝑇,) (2.1) 
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Figure II-3.  Travel time scenarios for three independent paths. 

PDF on the far left, with the lowest travel time, would most likely come out as the 

shortest path. For the more common case where the three curves, representing the PDFs 

of the travel times on the three independent paths, overlap with significant portions, as 

shown in Figure II-3.b. One could analyze the probability of a path, say path 1, being the 

shortest path by: 

If the specific PDFs were known as, say, g1, g2, and g3, for the three paths, the 

likelihood of path 1 winning can be calculated as: 

A A A 𝑔-(𝑥)𝑔)(𝑦)𝑔,(𝑧)𝑑𝑧𝑑𝑦𝑑𝑥
.

$

.

$

.

'

(2.2) 

where x, y, and z are random variables representing the possible path travel times for TT1, 

TT2, and TT3, respectively. 

For the third scenario, where the three paths have virtually identical travel time 

distributions (see Figure II-3.c), each path is equally likely to end up as the shortest path. 
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So, the probability of any of the three paths being the shortest path is 1/3, or 1 over the 

number of these independent paths with identical PDFs. 

Note that once we enter the realm of stochastic travel time on links and paths, the 

exact solution for the SP problem is not deterministic. The probability of a certain path 

being the eventual winner can be analyzed and understood, but the win is usually not 

guaranteed. Again, the shortest path algorithms can still be applied when each link’s 

specific travel time value is given. However, unless the algorithms are implemented 

repeatedly and iteratively throughout the process and the link travel times are updated 

and accurately predicted for all of the foreseeable future, a critical yet impossible 

assumption, the initial solution may be irrelevant to the actual and eventual solution. 

The likelihood consideration is more complicated for most practical cases, where 

viable competitive paths are many and mostly not independent. This is the key challenge 

that this paper seeks to address. 

Example 3 – Competing Paths with Shared Links 

Consider another example in a simplified rectangular grid network (see Figure II-

4), where one would like to travel from node A to node I via one of the three available 

paths: 1) ADGHI in red, 2) ABEFI in green, and 3) ABCFI in blue. The travel times on 

all links in the network are independent and identically distributed (iid) random variables. 

This, however, does not necessarily mean the path travel times are independent of one 

another, like the second example above. For this example, paths 2 and 3 share links AB 

and FI and are, consequently, not independent of each other. 
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Figure II-4.  Three paths on a simplified rectangular grid. 

The likelihood of each path being the shortest can be analyzed if the link travel 

time PDFs are given. For the example here, particularly with the link travel time being 

identically distributed, Monte Carlo type of simulations could be employed [Metropolis]. 

Let’s assume the links all have a travel time random variable, x, that follows the 

probability density function f(x) uniformly distributed between a and b, where a < b. So, 

f(x) would have a value of 1/(b-a) in the range of [a, b] and 0 outside of that range. Now, 

if a = 0.5 and b = 1.5, in the unit of minutes or some other time units, or even general cost 

values. The PDF in question is then in the form  

𝑓(𝑥) = 1,
0,
			𝑖𝑓	0.5 ≤ 𝑥 ≤ 1.5
𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒								

(2.3) 

While the three path travel times, TT1, TT2, and TT3, would follow identical 

probability density functions, much like Figure II-3c, the likelihood each path may be 

the shortest is not the same 1/3. In fact, repeated Monte Carlo simulations would show 

that Path 1 would be the shortest around 40% of the time, while Paths 2 and 3 each may 
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win 30% of the time (see Figure II-5). After hundreds of trial runs, Path 1 begins to 

emerge as the favorite. After thousands of trials, the likelihood of all three paths would 

begin to stabilize.  

It should be noted that changes in the values of a and b in f(x) would not alter the 

results of this converging winning percentage for each path.  Even the stochastic function 

employed, be it uniform, Gaussian, or others, would not alter the results. 

Problem Statement 

Alternate paths between the same OD pair may be correlated even when all the 

individual links that make up these paths are independent of one another. The degrees of 

correlations among competing paths can complicate the shortest path search process and 

lead to unexpected results where some paths are more likely to win the shortest path race 

than others, even when they have identical mean travel times. This study seeks to 

recognize the existence of such an intriguing phenomenon, understand and explain its  

 

Figure II-5.  Converging probability of each path winning the shortest path race 
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reason, form a theory for analytically predicting the likelihood that any path might be the 

shortest, and test this theory.  The purpose of this study is not to come up with a solution 

to a particular shortest path problem with a fixed set of parameters.  Rather, we seek to 

develop a sound and tested theory to help “intuit” the solution to large-scale stochastic 

shortest-path problems. 

ANALYSES 

The prevailing shortest path algorithms, such as Dijkstra’s algorithm and A* 

algorithm, have been widely studied and used. While these heuristic algorithms are 

considered efficient and accurate, they are only as good as the travel time information 

they rely on is a part of the input parameters. For realistic scenarios where the travel time 

continues to fluctuate, and the future is not deterministic, with or without the presence of 

incidents, the likelihood of a path deemed as the shortest by these algorithms based on a 

fixed set of travel times before the trip commences, is most likely to have a low to the 

infinitesimal probability of being the correct solution. This paper then shifts the focus 

from the traditional shortest path algorithms to the likelihood that a path may be the 

shortest under stochastic travel time conditions.  

Basic Terminology and Assumptions 

To remain consistent throughout this paper, we will use node, as opposed to 

vertex or point, and link, as opposed to edge or arc in our terminology, since all these 

terms are widely used, accepted, and interchangeable. The collection of nodes connected 

by links then forms a network, or graph, through which various kinds of traffic could 

travel. A unique sequence of nodes and links connecting an origin node and a 
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destination node, or OD, forms a path, or route, or tour. We will favor the terminology 

of link travel time over similar but different measures such as edge weight, impedance, 

cost, or generalized cost as a link and path attribute, which one must overcome to traverse 

a link or a path.  

We make the following assumptions to scope this work for simplicity and clarity 

purposes. 

• The network is a two-dimensional rectangular grid [Fawaz 1976, Newell 1996]. The 

findings herein can be extended to higher dimensions, nevertheless. 

• The nodes in the network can be origins, destinations, or means for connecting links. 

They do not incur any travel time or cost. 

• The links in the network represent connectivity between nodes. They have non-

negative travel times. Unless otherwise specified, the travel time on all links in a 

network is identically and independently distributed (iid) random variables. 

• A viable path is a series of links providing accessibility from an origin (O) to a 

destination (D). The path would have a stochastic path travel time, which is the sum 

of the individual link travel times along that path. 

• No backtracking is allowed or considered for the shortest path problem. 

• Links have no capacity constraints. So, while link travel times are stochastic, they are 

not affected by the traffic on these links or the number of paths sharing or going 

through them. 
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Paths and Shortest Paths on a Rectangular Grid 

In a vast rectangular grid network, each node is connected to four other nodes 

through direct links, and all nodes are accessible to one another either directly or through 

a series of links. To make the network easy to represent in this paper, each link would 

have a unit length, and the location of each node can be represented by a pair of integers 

(x, y), much like the Cartesian coordinate system, where both x and y are integers. Then, 

finding the shortest path from a node at (x1, y1) to a destination (x2, y2) is equivalent to 

finding the shortest path from (0, 0) to (x2 - x1, y2 - y1) in a new coordinate system, where 

the starting node (x1, y1) is transformed to the origin (0, 0) of the new coordinate system, 

see Figure II-6. With the assumption of no backtracking, all viable paths between (0, 0) 

and (x2 - x1, y2 - y1) would have the exact same length of |x2 - x1| + |y2 - y1|. By defining m 

= |x2 - x1| and n = |y2 - y1|, both m and n are non-negative integers. The notations hereafter 

is thus simplified. 

Not only are the notations simplified to make it a shortest path problem going 

from (0, 0), the origin, to (m, n), the destination, but the problem itself is also simplified 

to a search of the shortest among a finite number of paths going from the origin to the 

destination. Specifically, if all nodes and links are present and viable, there would exist 

C(m+n, n) or (m+n)!/m!/n! competing paths going from (0,0) to (m, n). Table II-1 

summarizes the numbers of nodes, links, possible paths, and links per path under a non-

backtracking scenario for the rectangular area between (0,0) and (m, n). For cases with 

reasonably small m and n values, instead of employing shortest path algorithms of a 

heuristic nature, one could calculate the travel time for every path to find the shortest. 
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 (a) (b) 

   

 (c) (d) 

Figure II-6.  Transformation from [(x1, y1) – (x2, y2)] to [(0, 0) – (m, n)] 
 
 
 

Table II-1.  Viable nodes, links, and paths from (0,0) to (m, n) with no backtracking. 

For the rectangular area between the origin (0,0) and the destination (m, n) 

Number of Nodes within the rectangular area: (𝑚 + 1)(𝑛 + 1) (2.4) 

Number of Links within the rectangular area: 𝑚(𝑛 + 1) + 𝑛(𝑚 + 1) (2.5) 

Number of links in each non-backtracking path: 𝑚 + 𝑛 (2.6) 

Number of paths in the rectangular area: (𝑚 + 𝑛)!
𝑚! 𝑛!  (2.7) 
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Example 4 – All Viable Paths in a Simple 2×2 Rectangular Grid 

So, for a simplistic 2×2 network, where m = 2 and n = 2, instead of case with only 

three paths shown in Figure II-4, we now look at all six, (2+2)!/2!/2! = 6, viable paths in 

Figure II-7.  Results from tens of thousands of Monte Carlo simulations show that the SP 

likelihood of each path converges, see Figure II-8, with paths ADGHI and ABCFI being 

the most likely SPs, each at 20%, while the remaining four paths are less likely at 15% 

each. The “naïve” average probability, assuming that all six paths are equally likely to be 

the shortest, would have dictated an equal 1/6, or 16.67% probability, for all paths.  

However, ADGHI (or ABCFI) is 20% (= 20% ÷ 16.67% - 1) higher than the naïve 

average. The same path is 33.33% (= 20% ÷ 15% - 1) more likely to be the shortest path 

than any of the less likely paths. Millions more Monte Carlo simulations can be 

conducted and were conducted to confirm this evident disparity in the likelihood of some 

paths being higher, sometimes much higher, than other very similar paths with identical 

expected travel times.  The key insight of this study early on is that while the travel times 

on all links are assumed to be independent, by definition, the resultant path travel times 

should not be regarded as independent automatically whenever paths share links.  The 

more links a path shares with other paths, the less independence it enjoys. 

Consider three paths, each with an identical number of links with iid travel times. 

If the three paths do not overlap with one another, or have no shared links whatsoever, 

then each path would have a probability of 1/3 of being the shortest path.  But if there are 

some shared links, as is likely in the real world and in a rectangular grid, some of the 

paths would not be totally independent. 
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Figure II-7.  All viable paths in a 2×2 rectangular grid 

 

 

 

Figure II-8.  Likelihood of each viable path for a 2×2 rectangular grid 
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Example 5 – Simple Scenarios of 3 Paths in a 10×10 Grid 

Let’s now try to find the shortest path from (0,0) to (10,10) among the three 

viable paths shown in Figure II-9. In all three scenarios, the red path is entirely 

independent of the other two (green and blue) paths, while the latter share two links, 10 

links, and 18 links out of the 20 links along each path. 

Again, bear in mind that if the paths are independent of one another, each would 

have the same 1/3, or 33.33%, chance of being the shortest path.  Monte Carlo simulation 

results are shown in Table II-2.  The path that is independent tends to have the highest 

likelihood of being the shortest path.  The less independent a path is, the lower the 

likelihood it would be the shortest path.  Paths with a similar number of shared links tend 

to have similar levels of likelihood of being the shortest path.  

This simple example also shows that the correlation between paths is identical to 

the number of shared links divided by the total number of links in a path.  Using ρ(X,Y) to 

represent the correlation between paths X and Y, we have ρ(R,G) = 0 and ρ(R,B) = 0 for 

all three scenarios and ρ(G,B) ≈ 10%, 50%, and 90% for scenarios (a), (b), and (c), 

respectively, which tracks the number of shared links divided by total links in each path. 

 

Figure II-9.  Three simplified scenarios in a 10×10 rectangular grid 
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Table II-2.  Winning percentage of each path for several scenarios, including those in 
Example 5. 

Path Independent Scenario (a) Scenario (b) Scenario (c) G = B 
Red (R) 33.33% 34.25% 38.52% 44.86% 50.00% 

Green (G) 33.33% 32.87% 30.74% 27.58% 25.00% 
Blue (B) 33.33% 32.88% 30.74% 27.56% 25.00% 
ρ(G,B) 0/20 2/20 10/20 18/20 20/20 

Note: “Independent” means the three paths have no shared links whatsoever, while “G = 
B” means the green path and the blue path share every single one of their paths. 

For the “G = B” case, where the two paths share all their links and are, in fact, the 

same path. In such an extreme situation, Path R would have a winning percentage of 

50%, and Path G/B would have the same.  But if one insists on treating them as two 

separate paths, G and B, then each path shares half of that 50% and gets 25% of the 

winning percentage, just to be fair.   

With this in mind, one can now compare scenario (C) with this two-path-only 

scenario.  In effect, scenario (C), where paths G and B share 90% of their links, ought not 

to be considered as two independent paths but nearly just a single path with a tiny detour 

in the middle of the journey.  The two paths behave nearly identically and would have 

nearly identical fates in terms of being the shortest or not.  At the same time, path R 

would enjoy a much higher probability of winning, close to 45%, as opposed to 33.33%, 

when all three paths are truly independent.  This, then, is a crucial understanding of the 

problem at hand: paths that share many links collectively behave like a single path 

corridor that has its winning probabilities diluted, reduced, and shared by the constituent 

paths. 
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The Concept of Fractional Independence among Paths 

In a rectangular grid network, whenever l viable paths exist between a pair of OD, 

where l ≥ 3, at least l-1 of these paths would be sharing links and, therefore, would not be 

entirely independent. When a path shares some of its links with other paths, it does not 

enjoy full independence but still retains certain Fractional Independence.  Even if every 

single link of the path is shared with other paths, it will still retain a Degree of 

Independence (DoI), or φ, where 0 < φ ≤ 1. 

The dependency between two paths can be viewed as the correlation of two 

variables.  But when millions of competing paths share some links with others, the 

complexity of this fractional independence of a certain path to all the rest can be captured 

primarily by the number of paths each of its links is shared with.  So, here we define the 

Degree of Independence, φ, as: 

𝜑/ =
1
𝑘
S

1
𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑃𝑎𝑡ℎ𝑠	𝐺𝑜𝑖𝑛𝑔	𝑡ℎ𝑟𝑢	𝐿𝑖𝑛𝑘	𝑗

01-…3

(2.8) 

where φi is the DoI of the path i, which consists of k links; each is used by at least one 

path, but most likely many more.  For an m×n rectangular grid, the number of links in 

each path is k = m+n for every viable path within the m×n grid. 

For Example 5 above, the DoI for each path in the various scenarios can be 

calculated using Equation 2.8 and are presented in Table II-3.  The RED path shares no 

link with any other paths and will have a 100% DoI throughout all cases.  For the case 

where the three paths share no links at all, each would have a DoI of 100%.  With an 

increasing number of shared links between the GREEN path and the BLUE path, the DoI  
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Table II-3.  Degree of Independence of each path in the scenarios in Example 5. 

Path Independent Scenario (a) Scenario (b) Scenario (c) G = B 
Red (R) 100% 100% 100% 100% 100% 

Green (G) 100% 95% 75% 55% 50% 
Blue (B) 100% 95% 75% 55% 50% 
ρ(G,B) 0/20 2/20 10/20 18/20 20/20 

 

for each path decreases.  In the “G = B” case where the two paths overlap entirely, and 

are essentially the same path, the two paths then split the total independence to each 

claim a DoI of 50%. 

For any link j, the number of paths going through it from (0,0) to (m,n) is the 

product of the number of paths from (0,0) to the near side of link j and the number of 

paths from the far side of link j to (m,n).  Unlike the simple three-pass scenarios in 

Example 5, if all links are present and all paths between (0,0) and (m,n) are viable, then 

we can calculate the exact number of paths going through link j.  Depending on the 

orientation of the link j, see Figure II-10, this amounts to the following if all paths are 

present: 

(𝑎 + 𝑏)!
𝑎! 𝑏!

×
(𝑚 + 𝑛 − 𝑎 − 𝑏 − 1)!
(𝑚 − 𝑎)! (𝑛 − 𝑏 − 1)!

(2.9) 

or 

(𝑎 + 𝑏)!
𝑎! 𝑏!

×
(𝑚 + 𝑛 − 𝑎 − 𝑏 − 1)!
(𝑚 − 𝑎 − 1)! (𝑛 − 𝑏)!

(2.10) 

One could employ equations 2.8 through 2.10 to systematically calculate the DoI 

of every single path for a given set of OD. It should be noted that the DoI value of a path 

predicated on m and n, the placement of the path in that m×n grid, and the existence of 

other paths that it may share links with.  It is not affected by the shape of the travel time 
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Figure II-10.  All paths from (0,0) passing through link j to (m,n) 

 

distribution function for each link or other aspects that change with time.  In other words, 

the degree of independence is not stochastic for any path in a given set of OD, or in a 

confined space of an m×n grid, even when the travel time for each link and, for that 

matter, each path is stochastic. This is a key understanding of the stochastic SP problem 

with a deterministic solution. 

By summing up the DoIs of all viable paths, we can obtain the equivalent number 

of independent paths, NE, within the confines between (0,0) and (m,n).  For the most 

common case where all links and paths are present within the m×n grid, we have: 

𝑁4 =S𝜑/
/

=
2𝑚𝑛 +𝑚 + 𝑛

𝑚 + 𝑛
(2.11) 

This is significantly less than the number of viable paths introduced earlier in Equation 

2.7, or (567)!
5!7!

. For the example of m = 10, and n = 10, while the number of viable paths is 

a staggering 184,756, the equivalent number of independent paths, NE, is a mere 11.  On 
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average, each viable path would have a DoI of 11÷184,756, or 0.005958%. It should be 

noted that NE is a simple m+1, when m=n.  NE can take on non-integer values, which is 

the case when m≠n. Also, for the simplest case of m=n=1, NE = all viable paths = 2. 

A Path’s Degree of Independence and Its Likelihood of Being the Shortest  

One may notice that there exists a significant correlation between the likelihood 

of a path being the shortest in Table II-2 and the degree of independence of the same 

path in Table II-3.  This is not a coincidence.  In fact, this relationship is essential for 

“intuiting” the most likely shortest paths when travel time is stochastic. 

Let’s look at an 8×8 grid where we can calculate the DoI values for all 12,870 

paths and estimate each’s likelihood of being the shortest using Monte Carlo simulations.  

The results are plotted in Figure II-11.  Each of the 12,870 dots in the figure shows the 

normalized frequency (a surrogate for probability) of a path being the shortest path vs.  

 

Figure II-11.  Likelihood of a path being the shortest vs the path’s DoI in an 8×8 grid 
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the same path’s DoI value. Two models were used to curve-fit the data, both with high 

degrees of predictive capabilities, and both evidenced a strong correlation between the 

two variables with an R2 value of 0.9725 for the simpler log-linear model.  The dotted 

line at the bottom is the naïve average, or the expected likelihood if one thought all paths 

would have the same probability of being the shortest path. 

The key here is that paths with the highest DoI have the highest likelihood of 

being the shortest.  Since we have already established that DoI values are deterministic, 

the most likely path to be the shortest in a stochastic future is actually deterministic. 

For the total of 12,870 viable paths, this expected average likelihood value would 

come to 1/12,870, or 0.0078%.  This is less than one-tenth of the likelihood value of 

0.0775% of the path with the highest degree of independence.  The relative frequency, 

RF, (of winning) of the most likely shortest path at 0.0775% compared to the naïve 

average of 0.0078% is 9.98 times.  The RF of winning is analogous to having a certain 

lottery ticket that is somehow ten times more likely to hit the jackpot than the average 

lottery ticket. 

Holding the m+n value fixed, we also investigated a 7×9 grid (Figure II-12) and 

a 6×10 grid (Figure II-13) to demonstrate the strong relationships we observed persist 

even when grid symmetry, i.e., m=n, is eliminated.  For all three cases, the most likely 

shortest paths are those with the highest DoI values.  The RF values are 9.73 and 9.65 for 

the 7×9 grid and the 6×10 grid, respectively.  The RF values for grid sizes of m by n, 

each varying from 0 to 10, were calculated after millions more Monte Carlo simulations 

and plotted in Figure II-14.  For smaller grid areas, such as 1x7 and 2x2, the RF values 
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Figure II-12.  Likelihood of a path being the shortest vs the path’s DoI in a 7×9 grid 

 

 

 

Figure II-13.  Likelihood of a path being the shortest vs the path’s DoI in a 6×10 grid 
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Figure II-14.  Relative frequency (RF) of the likelihood for m = 1..10 and n = 1..10 
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indicate a less than 50% increase in the likelihood of winning than the average.  But as m 

and n increase, the advantage increases.  For the 10x10 case, the path with the highest 

DoI is 36 times more likely to win than the average path. 

The Relative Frequency (RF) Model  

The RF value for each given (0,0) to (m,n) pair in Figure II-14 exhibits a clear 

trend of symmetrical two-dimensional exponential growth. The regression summary in 

Figure II-15 presents the best model for Log(RF) with a near-perfect R2 of 0.9964. 

𝐿𝑜𝑔(𝑅𝐹) = −0.0608 + 0.0365(𝑚 + 𝑛) + 0.0291𝑚𝑛 (2.12) 

So, the RF model can be written as: 

𝑅𝐹 = 0.9410𝑒'.',9:(567)6'.');-57 (2.13) 

Exhaustive simulation runs would become prohibitive for m and n values larger 

than 10. For example, for the case of a 30x30 grid, we would have to exhaustively 

calculate the travel time for over 1x1017 viable paths for about that many times or more. 

 

Figure II-15.  Regression summary of the RF model 
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Here, Equations (2.12) and (2.13) become very useful for estimating the 

magnitude of the advantage of the paths with the highest DoI values.  As shown in 

Figure II-16, the Log(RF) value increases linearly with m, n, and m·n.  For a 20×20 grid 

area, the paths with the highest DoI value would have RF(20,20) = 451,176. Using the 

lottery analogy before, it’s like a ticket that is nearly half a million times more likely to 

win than an average ticket. 

Looking back at Example 1, with 20 viable E-W streets and 7 N-W avenues in 

Midtown Manhattan, we obtain RF(20,7) = 147.  That is, the path with the highest DoI 

value would be about 150 times more likely to be the shortest than an average path. 

 

Figure II-16.  Visualization of Log(RF) as a function of m and n 
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The question, then, is how do we identify these paths with the highest DoI without 

all the tedious calculations? 

So, Which Paths Have the Highest DoI 

Examining the schematics of simpler cases and the simulation results of more 

complicated cases reveals a pattern: the two paths at the opposing edges of the m×n grid 

possess the highest DoI values, which means they share the least number of links with all 

other competing paths.  For the example of the 20×20 grid, see Figure II-17, the number 

of paths sharing each horizontal link is shown in pink above the link, and the number of 

paths sharing each vertical link is shown in blue to the left of the link. The links in the 

middle of the upper-left to lower-right patch are each shared by billions of paths, which 

results in a low degree of independence and should be avoided. The links in the upper-

right and lower-left corners are shared by far fewer paths, which results in a significantly 

higher degree of independence, and are preferred. 

So, without exception, the paths with the highest DoI values and are most likely to 

be the shortest are the two paths hugging the edges of the m×n grid on opposite sides, see 

Figure II-17. This is true for any m and n larger than zero.  Even in the cases where the 

two most likely paths do not win, the paths mostly hug the edges, with only minor 

deviations in the green areas, would be the strongest contenders to win.  Paths that spend 

a significant portion in the central red band have low DoI values and tend to fare very 

poorly in their bid to be the shortest. 
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Figure II-17.  Number of paths sharing each link in a 20×20 grid 
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CONCLUSIONS 

The research documented in this paper sought to provide an intuitive solution to 

the shortest path problem with stochastic travel time in an expansive rectangular grid 

network with numerous similar and competing paths.  The following is a summary of the 

thought process and actions taken to arrive at the completion and contributions of the 

study. 

• We recognized that roadway travel times are stochastic in nature and cannot be 

predicted with accuracy beforehand. Traditional shortest-path algorithms that work 

well after the fact with deterministic travel time data would fail because they do not 

treat the link travel time as stochastic and lack the ability to predict future travel 

times. 

• We observed that paths often share common links and are not independent. 

Depending on the network structure, the number of shared links, and the number of 

paths these links are shared with, different paths can be more independent or less so 

than others.  This Fractional Independence in paths is a key factor affecting the 

likelihood that a path might be the shortest compared to numerous otherwise similar 

paths. 

• We introduced a measure of the Degree of Independence (DoI) to gauge how 

independent a path is based on the number of paths sharing each of its constituent 

links. 
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• We employed Monte Carlo simulations to examine the stochastic travel time for 

every viable path to evaluate and solve the SP problem exhaustively, as opposed to 

using heuristic algorithms with fixed travel times. 

• We conducted millions of Monte Carlo simulation runs to obtain the converged 

likelihood values of each viable path, which is the shortest for a wide number of grid 

sizes with symmetrical and asymmetrical rectangular areas. 

• We successfully established the strong correlation between any path’s deterministic 

DoI and its stochastic likelihood of being the shortest among numerous competing 

paths. This is a key step towards predicting the shortest path while lacking the ability 

to know the stochastic future. 

• We devised Relative Frequency (RF) to measure the ratio of the frequency of the 

most likely shortest path actually winning over the average frequency of any path 

winning. The greater the RF value, the more likely the path with the highest DoI is to 

be the shortest compared with any other random path.  For an 8x8 grid, this advantage 

is about 10 times, and for a 10x10 grid, this advantage increases to about 36 times. 

• We developed a near-perfect regression model, with an R2 of 0.9964, to fit this 

relationship between RF and (m,n) and expanded our ability to estimate the RF value 

for any given m and n well beyond the range where we could comfortably simulate 

the winning frequencies of all viable paths in an exhaustive manner. 

• We, thereby, reduced the impossible stochastic shortest path problem to a simple 

deterministic prediction where the eventual shortest path is most likely to follow the 

outside edges of the rectangular grid.  
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CONCLUSION 

This dissertation addresses two interrelated but distinct challenges in 

transportation systems analysis: the imputation of significant data loss in vehicle tracking 

and the prediction of optimal paths in a network under stochastic travel time conditions. 

The first part of the study focused on identifying and remedying a common but 

often unrecognized form of data loss in long-distance vehicle-tracking datasets. The issue 

arose from misaligned or truncated time windows across data collection points, resulting 

in nearly one-third of trips being unintentionally discarded from aggregated statistics. By 

analyzing the patterns of missing data, the study identified nine distinct loss scenarios, 

most notably late starts and early ends at both origin and destination nodes. To address 

this, we expanded the raw data and modeled journey times using the shifted Negative 

Exponential Distribution (shifted-NED), which was found to be the most suitable for 

capturing the decaying frequency nature of truck trips. Through iterative Monte Carlo 

simulations, the model was validated with low error margins (MAPE of 4.79%, MAE 

under 9 minutes). These simulations enabled the reconstruction of the missing data, 

resulting in hybrid datasets that corrected previously misleading trends, such as declining 

journey times and trip counts, thereby restoring the integrity of the data and opening the 

door for more accurate downstream analyses, including future studies on driver behavior. 

The second part tackled the stochastic shortest path (SP) problem in expansive 

rectangular grid networks with many competing and overlapping routes. Recognizing the 

limitations of traditional deterministic SP algorithms, the study emphasized the inherently 

stochastic nature of travel time and the interdependence among paths due to shared links. 
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It introduced the concept of the Degree of Independence (DoI) to quantify how unique a 

path is based on the overlap of its portions with other paths. Extensive Monte Carlo 

simulations across various grid configurations revealed a strong correlation between a 

path’s DoI and its probability of being the shortest. The concept of Relative Frequency 

(RF) was then developed to express the advantage of the most likely shortest path over 

the average path. This relationship was captured with a highly accurate regression model 

(R² = 0.9964), allowing predictions of path performance across a broad range of network 

sizes. Ultimately, the study demonstrated that, in the absence of precise future travel 

times, the most efficient paths tend to follow the grid’s outer edges—a significant step in 

simplifying complex stochastic routing problems. 

Together, these studies provide valuable frameworks for improving both the 

reliability of transportation datasets and the predictability of routing decisions in 

uncertain environments. 
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