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Executive Summary

This study of Uncovering the Root Causes to Truck Rollover Crashes on Ramps, was undertaken
as part of the Massachusetts Department of Transportation Research Program. This program is
funded with Federal Highway Administration (FHWA) State Planning and Research (SPR)
funds. Through this program, applied research is conducted on topics of importance to the
Commonwealth of Massachusetts transportation agencies.

Rollover crashes involving heavy trucks usually occur on highways and tend to have significant
and large-scale impacts on traffic operations. The sharp horizontal curves of highway ramps
make them hotspots of truck rollover crashes. Such crashes often block the entire ramp and cause
severe congestion. Understanding the major causes of ramp truck rollover crashes is critical for
developing effective crash risk mitigation strategies and improving highway safety and system
reliability.

This research takes both theoretical and applied approaches to address the ramp heavy truck
rollover problem. It utilizes drones to collect ramp traffic video data and develops advanced deep
learning-based computer vision algorithms to extract vehicle trajectories from the videos.
Specifically, an Oriented Mask-RCNN model is developed for vehicle detection, and the
Savitzky—Golay filter is adopted for vehicle tracking. Additional algorithms are developed to
analyze the extracted vehicle trajectories to identify high-risk events (and use them as surrogate
safety measures) such as unsafe and last-minute lane changes, approaching too fast, and
following other vehicles too closely. Clustering analysis has also been performed on the
trajectory data aiming to automatically identify abnormal trajectories.

From the practical perspective, this study conducts a thorough review of literature and best
practices, such as traffic signage and pavement markings, on reducing highway ramp truck
rollovers. The narratives of all ramp truck rollover crashes between January 2015 and February
2022 in Massachusetts are manually reviewed. The locations and types of traffic signs, slopes,
and curve radii of seven identified highway ramps are also obtained and carefully investigated
together with the above trajectory analysis results. Based on the analysis, some practical and
specific safety improvement recommendations are provided for each site to the Massachusetts
Department of Transportation (MassDOT).

According to the crash data analyzed for the above-described period, it is found that over 95% of
ramp heavy truck rollovers are single-vehicle crashes. Speeding is a predominant reason for such
crashes and accounts for about 56% of all rollovers. Various pavement markings and dynamic
traffic warning signs have been the two most widely used strategies for reducing vehicle speeds
on horizontal curves (including ramps). However, there has been a lack of thorough investigation
of the effectiveness of such strategies using field data. Many of the evaluation studies were based
on driving simulation.

Drones are a very useful and handy tool for short-term traffic data collection. It can cover a
larger area than roadside cameras due to its height and can be deployed quickly. For long-term
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data collection to cover various weather and lighting conditions, emerging high-definition radar
sensors might be a better choice.

The developed deep-learning-based vehicle detection and tracking algorithms work very well.
Some high-risk events have been successfully detected based on the generated vehicle
trajectories. The proposed trajectory analysis methods such as clustering and t-SNE diagrams can
potentially be applied to trajectories generated by other sensors such as radar. Overall, the
proposed trajectory-based safety analysis approach provides important inputs for understanding
driver behavior at/near highway ramps, and it can be used as an effective tool for road safety
audits.

viil



Table of Contents

Technical Report Document Page ...........cocuieiiiiiiiiiiiiiieiiee e i
ACKNOWIEAZIMENLS. ..ottt ettt ettt e et esiae e bt esabeesseessseesaessbeenseassseensaesnsaans v
DISCIAIIMIET ...ttt et et e et e bt e s et e e bt e sabe e bt e sabeenbeesnbeenbeeenee v
EXECULIVE SUMIMATY ...ttt ettt ettt et e st e e bt e s aeeesbeesaaeesbeessaeenseesnsaenseessseenseas vii
TaADIE Of CONLENLS .....eeuteiieiieie ettt sb ettt sb ettt b et et e sbeebesatesbeenneas ix
LISt OF TADIES ...ttt ettt ettt et et esat e e b e s sbeebeen Xi
LSt OF FIGUIES ...ttt ettt et s e et e st e e b e e sabeenbeessseenseesnseenseannnes xiil
LSt OF ACITOMYIIIS ...uviiiiieiiieeiie ettt ettt ettt et e et e et e st eeteesabeesbeeesseenseessseenseasnseenseesnseenseennns Xvil
1.0 INEEOAUCTION ...ttt ettt ettt ettt et sat e e bt e s it e eabeesabeenbeeene 1
2.0 Review of Literature and Best PractiCes .........cccueevuieriiiiienieeiieiecieeniee e 3
2.1. Rollover Warning Signs for TTUCKS ........cccuieiieiiiieiieiieeie et 3
2.2, Other Warning SIZNS......cccuieeiuiieeiiieeiitieesieeesteeesteeesteesssteesseeessseeessseeessseesssseesssseessseeesssees 5
2.3. Pavement MAarkings .......cccccieiiiiiiiiiiieiiecieeie ettt ettt ettt ae e ens 9
2.4. Other Ramp Safety Improvement Strat€gies ...........ceevveevurerieeiiierienieenieeieeiee e esieeeaeeens 19
2.5. Truck Rollover Crash Data and Risk Modeling ...........ccccveeviieniiiieniiecieeeiee e 19
2.0, DISCUSSION ...ttt ettt ettt et et e et e bt e e et e e bt e s et e e bt e eab e e bt e sabeebeesabeanbeasaeeenbeenaneans 20
3.0 Site Selection and Data COIECTION .......cccueevuieiiiiriieiiieiiecie et ens 21
3.1. Initial Data ColleCtion STLES .......cueiiiiiiiiiiiieiie ettt ettt 21
3.2. Summary of Initial Data Collection EffOrts..........cccccvieeiiieniiiieiieeeeceeeeeee e 22
3.3, DISCUSSION .ottt ettt et h et st b et e at e s bt et sat e s bt et e eatenbeenteeaeenbeenees 25
3.4. New Data ColleCtion SIES .......cccuiiiiiiiiiiieiie ettt ettt e e e en 26
3.4.1. Ramp 3: West SPringfield.........ccveeeiiieiiiieiie et 26
3.4.2. Ramp 4: New Bedford .........c.ooviiiiiiiiiiiieiee et 27
3.4.3. Ramps 5 and 6: Freetown North and South............ccccoooviiiiiiiiiiieee 28
3.4.4. Ramp 7: StUIDIIA@E ...oeeoeeiieeie ettt et et e e 30

3.5. Summary of Additional Data Collection Efforts ...........cccoeeieviiiiieniiiiiiiiieieeieeeee 31
4.0 Analysis of Truck RoOIIOVEr Crashes ...........oocuiiiiiiiiiiieeiiecie e 33
4.1. Query Ramp Truck ROIOVETS........eiieiiiiiie ettt e 33
4.2. Distributions of Ramp Truck ROIOVErS........c.ccovieiiiiiiiiiiiieciieeceee e 34
4.3. Main Causes of Ramp Truck ROIOVETS.........c.ccoviiieiiiiiiieciieceeeee e 39
4.4, DISCUSSION ...ttt et ettt ettt et et e et et e e e bt e bt e aab e e bt e sabeebeeeabe e bt e saseebeesabeanbeasaseanseenaseans 40
5.0 Vehicle Detection and Tracking from Drone Videos ..........cccceeviieriieiiienieniiieiiecieeiieene 41

X



5.1 Vehicle Detection from Aerial Images .........cccoeeeciiieeiiiieiiieecieeeee e 41

5.2 RElAted WOTK ...eeiiiieiiece ettt ettt et et e et e st eesbeesabeensaennaaens 42
5.2.1 Aerial Image DatasetS .........cccuieriieriieiiieeieeriieeieette et et ete et e sre et sbe et eeaeetaesaaaens 42
5.2.2 Rotated ODbJect DEtECION .......ueieiiiieeiieeciieeeiee ettt ete e e et e e ere e era e e saeeesnreeeenns 42

5.3 MEthOAOIOZY ...ttt et s e et e s aaeenbeesabeenbeesabeenseennaaans 43

S DALASEL...cuteiitiiteeet ettt e h ettt h e et na e e bt e saeeebeenaeeean 45

5.5 BVAIUATION ..ttt ettt ettt e b et et e st en 47

6.0 Vehicle Trajectory Processing and ANalySsis .........ccoccveruieriieiieiiiieniieeieeee e 51

6.1 Vehicle Tracking and Trajectory SmOOthing.............ccceeeviieiiiiniiieiiienieeieeie e 51

6.2 SPeed EStIMALION ....eeiiiieiiiieeiiie ettt ettt e e e e e ae e e saeeesaeeensaeeennaeeenneeesnseeennnes 52

6.3 Validating the Estimated Speed ReSUlts ...........ccceeiiieiiiiiiiiiiiiiicieeeeeee e 54

6.4 Detecting High-RisK EVENLS ......ccooiiiiiiiiiiiiiiciicecese ettt 55

6.5 Visualizing Risky Events using t-SNE .........cccoiiiiiiiiiiie e 60

6.6 Vehicle Speed Profile Clustering ANalySis.........cccccuievuieriieiiienieeiieeieeeeeie et 64

7.0 Detailed Site Analysis and Recommendations ............ccceeecueeriieniieniieniienieeie e 69

7.1 ADNAOVET STEE ..ttt ettt h ettt e s ht e bt e s bt e e bt e sbeeeabeesabeenbeesaeeenbeenaneans 69

7.2 AUDUIN/WOTCESTET SIEC.....eeiuiieiiiiieeiieitieetieeite et e stteetteseeeeteestaeesbeessaeesseesaseenseessseeseennsaans 71

7.3 Freetown North and South...........ccoooiiiiiiiiii e 73
7.3.1 FreetoOWn INOTTH ..ottt et 74
7.3.2 FIEQtOWN SOULH ..ottt et st ettt 76

7.4 West SPIINGIICIA .....oooeiiiiiiieeee ettt st en 78

7.5 NEW BAOTA ..ottt ettt et 81

I 1014 o) 4 16 oL USSP 82

8.0 Conclusions and DISCUSSION .......ccuieevierieriiieriieeitiestieeieestee et estteeaeesseeeteeseesnbeeseesnseenseennns 89
0.0 RETETEINCES ....cuieiietie ettt ettt e e s et e e bt e sateebeesabeebeesaaeens 91
Appendix A: Average Speed Profile ReSUlts........ccoooviiiiiiiiiiiiiiieceeeeee e 97



List of Tables

Table 1. Innovative pavement markings for speed control............cccoecvieviiriiieniieniiieniecieeeeee 13
Table 2. Video data collection efforts at the 5 NeW ramps.........cccceeevveeecieeeiieecie e 32
Table 3. Heavy truck ramp rollover crashes between 1/1/2015 and 2/2/2022 on major routes ....34
Table 4. Detailed locations of heavy truck ramp rollover crashes..........ccccceevvveveiiinciiinciiecieee, 34
Table 5. Rollover distribution based on hour and day ............cccccoeviiriiieniiniieniecee e 37
Table 6. Rollover distribution based on day and month .............ccccceovieeiiiiniiiincee e, 37
Table 7. Rollover distribution based on hour and month.............cccceceviiiiniiniininicee 38
Table 8. Video datasets collected from 9 locations in Massachusetts ...........ccccevceeeiienieinieennenne 46
Table 9. Vehicle types over training, validation, and testing sets after data augmentation........... 46
Table 10. Performance of models trained and evaluated with OBB ground truth......................... 47
Table 11. Locations and the travel distance for average speed calculation.............cccceecveeriieneenne. 54
Table 12. Observed traffic volumes at the selected ramps .........cccceevveeeciieriiiecieece e 69
Table 13. Risky events observed at the ANdOVET SItE ..........ccueeviieriieriieiieeieeee e 70
Table 14. Risky events observed at the Auburn/Worcester Site ........c.ceevvveervirercieeriiieeeiee e 72
Table 15. Risky events observed at the Freetown North Site.........ccoccveevviieiiiiincieieie e, 75
Table 16. Risky events observed at the Freetown South Site...........ccoceevieiiiienieniiienienieeiee 76
Table 17. Risky events observed at West Springfield North and South.............cccooeeiiiiiiiinnne 80

x1



This page left blank intentionally.

Xii



Figure 1.
Figure 2.
Figure 3.
Figure 4.
Figure 5.
Figure 6.
Figure 7.
Figure 8.
Figure 9.

Figure 10.
Figure 11.
Figure 12.
Figure 13.
Figure 14.

List of Figures

A speeding truck activates the SIZN ........ceeouieiiiiiiiiiiicieeeee e 4
Proposed dual-advisory SPeed SIZNS ......cccueeeiuvieeiuiieeiiiieeieeeereeerreeeeeeereeesreeesaeeeseaee e 5
Forward-mounted vs. side-mounted DSFES .......ccccooiiiiiiiinieeeeee 6
Dynamic speed feedback signs teSted ........ccovieeiiiieeiiiiiiiieciee e 6
Dynamic speed feedback signs with advisory speed panel............c.coccveeviieniiniiinniennnne. 7
Applications of DSFS in the US........ccoiiiiiieee ettt 7
TWO types OF DSES ..ottt et 8
Application Of DSFS 1N OT€ZOMN ......ccccuviiiiiieciiieeie ettt eseaeeen 8
Narrow-lane pavement markings for ramp entrance (a) old markings and (b) new
100F 00 S 1L SRR 9
Slow-down pavement markings on two-lane rural highways in Pennsylvania............ 10
Converging Chevron pavement markings in GEOTrgia...........ccveevvveercieeenieeeenieeeereeene 10
Reverse linear perspective markings in China ...........cccccoeevieiiiniiieiieiiiieiee e 11
Peripheral transverse pavement marking treatment on 1-690 in Syracuse, New York 11
New York site 0n I-090 .......ooiiiiiiiiiiee e 12
First data collection site at the interchange of 1-495 and 1-93 in Andover, MA .......... 21

Figure 15.
Figure 16.
Figure 17.
Figure 18.
Figure 19.
Figure 20.
Figure 21.
Figure 22.
Figure 23.
Figure 24.
Figure 25.
Figure 26.
Figure 27.
Figure 28.
Figure 29.
Figure 30.
Figure 31.
Figure 32.
Figure 33.
Figure 34.
Figure 35.
Figure 36.
Figure 37.
Figure 38.
Figure 39.
Figure 40.

Second data collection site on Massachusetts Turnpike Near Exit 10 in Auburn, MA

........................................................................................................................................ 22
Comparison of slanted and top-down views in Andover, MA ..........c.ceeevvieviieeeneenne. 23
Top-down view captured by thermal camera at 400 ft in Andover, MA ..................... 24
Sample of the Data Collected from Auburn, MA...........cccoviieiiiiiieeeeee e 24
Sample traffic videos from MassS511 WeDSItE .......c.ceveeriiiriieriieiieeieeieeeeeeee e 25
Ramp 3 in West Springfield MA (Data collected on June 6, 2022)........c.ccccvveennennnee. 26
Ramp 3 connecting I90W t0 I9TN.......cooiiiiiiiiiiiieieeeee e 27
Ramp 4 in New Bedford MA (Data collected on June 14, 2022) .......ccocvveveveeeenneennee. 28
Ramp 4 connecting 140S t0 TTOSW .. ..oooiiiiiiiieeeeeee e e 28
Ramps 5 and 6 in Freetown, MA (Data collected on June 13, 2022)..........cceeevunen.nee. 29
Ramps 5 and 6 connecting Route 24 to Route 79 ........ccevvviiiiiiiiiiieiiieiece e 29
Ramp 4 in Sturbridge, MA (Data collected on June 21, 2022) .......ccceevvvvveeiieeerennne 30
Ramp 4 connecting 140S t0 TTOSW .. ..oooiiiiiiiieeeeee e 30
Sample images from the NEW TamMPS.........cocviieiiiieiiie et 31
Locations of heavy truck ramp rollover crashes between 1/1/2015 and 2/2/2022........ 33
Detailed locations of ramp truck rollover crashes...........cccceeeveeeciiiincieencie e, 35
Distribution of ramp truck rollovers by day of week ..........ccccevciieiiiiiiiiniiniiiie, 35
Distribution of ramp truck rollovers by time of day........ccccceecveerciiiiciiiniieie e, 36
Distribution of ramp truck rollovers by month .............cccocieviiiiiiiiiiiiiceeee 36
Traffic volumes at counting station 6228 on [-95 southbound.............ccccceevvverennennnee. 38
Traffic volumes at counting station 5016 on [-495 for both directions........................ 39
Main causes of heavy truck ramp rollover crashes .........c.cccocveevciiiiciiincieeeie e, 40
Two instances where OBBs are better suited than HBBs ...........cccooviiiiiiiieniiiee. 41
High-level representation of the proposed pipeline...........cccecveevciiiiecieiencieeniie e, 43
Overview of the Mask R-CNN model used for vehicle detection.............cccceeveenneeneee. 44

xiil



Figure 41

. Segmentation masks more accurately measure the distance between large vehicles...45

Figure 42. Changes of loss function values over the training epochs.........cc.ccecevervinienenniennenne. 47
Figure 43. Overall classification accuracy improvements OVEr tiMe...........eeeeuveeriueeerireeesiveesnneenns 48
Figure 44. Detection samples of the MassDOT aerial dataset using Oriented Mask-RCNN......... 48
Figure 45. Sample outputs of the vehicle detection and tracking modules .............ccccceeevvieennennn. 51
Figure 46. A small car is occluded by an overhead traffic sign at Freetown South ...................... 52
Figure 47. Visualization of the changing speed of @ truck ..........cccceeeviiivciiinciiiiceecee e, 53
Figure 48. Sturbridge (top) and West Springfield (bottom) locations............ccccueevveriieniienieennnn. 55
Figure 49. A medium-sized vehicle is seen to slow down so that a vehicle in front of it can safely

METZE ONLO the TIEEWAY ...c.viiiiiiiiiiiieie ettt sttt nae e 57
Figure 50. Weaving area at the West Springfield site (South drone) ..........ccecceeeveiiiiciiiniieennen, 58
Figure 51. Unsafe lane changes: (left) Freetown South, (right) West Springfield South.............. 59
Figure 52. t-SNE for West Springfield North............cccoeeiiiiiiiiiiieceeee e 60
Figure 53. t-SNE for West Springfield South.............ccccoeiiiiiiiiiiniecee e 61
Figure 54. t-SNE for West Springfield, old toll gate ...........cocvvieiiiieiiiieieeeece e 61
Figure 55. t-SNE for Freetown NOrth drone...........cccceeeiieiiieiiiiiiiniicieeee e 62
Figure 56. t-SNE for Freetown South drone............cccccuveeeiiieiiieiiiieceeceeee e 62
Figure 57. t-SNE for Auburn (0F WOTCESLET) ......ccuueeiieriiieiieiie ettt ettt ebee e e 63
Figure 58. t-SNE fOr Sturbrid@e.........coouviiiiiieiie e 63
Figure 59. t-SNE for New Bedford...........coooiiiiiiiiiiiieeeeeeee e 64
Figure 60. t-SNE fOr ANAOVET .....ccuviiiiiiieciie ettt ettt e saee s e e ssbeeesnseeenreaens 64
Figure 61. Speed profile clustering for West Springfield South.............c.ccoooviiiiiininiiiiiiieee, 65
Figure 62. Clustering result of West Springfield-Old toll gate...........cceeveieeveiiiniiieiieeeiee e, 66
Figure 63. Clustering result of West Springfield-North .............cccoooiiiiiiiiiniiiiiieeeee 66
Figure 64. Clustering result of New Bedford.............cccoieiiiiiiiiiiiiiceceee e 66
Figure 65. Clustering result of Sturbrid@e ..........cccueeiiieiiiiiieiiieiee e 67
Figure 66. Clustering result of Freetown NOTth..........ccoeeiiiiiiiiiiiieeeeeeeee e 67
Figure 67. Clustering result of Freetown South...........cccoooiiiiiiiiiiiiiii e 67
Figure 68. Clustering result Of ANAOVET ........ccviiiiiiieiiieciieeee et 68
Figure 69. Clustering result 0f AUDUIM ..........cociiiiiiiiiiiiicieece et 68
Figure 70. Advisory speed sign 1ocations: ANAOVET .........c.eeeeieeeiieeeiiieeniieeeiie e e sveeesveeesnee s 70
Figure 71. Risky events at the ANAOVET SILE .......ccceeeiiiriieiiieiieeiieeie ettt 71
Figure 72. Advisory Speed sign locations: Auburn/Worcester ..........cccvevvveeririeeniieenireeenieeenneenns 72
Figure 73. Risky events at the Auburn/Worcester SIite ...........ccoevieriiirieriieeriienieeiie e eree e eeeens 73
Figure 74. Advisory speed sign locations: Freetown North and South ..........c..ccccoiiiiiiininnnn, 74
Figure 75. Sample risky events at the Freetown North ramp ............ccceeveiieiiiniiiiienieeeieee, 75
Figure 76. Sample risky events at the Freetown South ramp ..........ccecvveviiiiniiiiniiieee, 76
Figure 77. Example of Advisory Speed Signing for an Exit Ramp........ccccceoerieniniinieninncnnene. 77
Figure 78. Horizontal Alignment Sign Selection............cccuiieiiiiiiiieiiiee e 78
Figure 79. Advisory Speed sign location: West Springfield............ccoooveriiiiiiiniiiiienieieeieeee 79
Figure 80. Risky events at the West Springfield North and South sites.........cccccecvvevciieinciieennennns 80
Figure 81. Advisory speed sign location: New Bedford...........cccooviiiiiiiiiiiniiniiiiieiieeieee 82
Figure 82. Advisory speed sign location: Sturbridge............ceeveeeeiieriiieeriieeeie e 83
Figure 83. Ramp elevation profile for ANdOVET..........coccuieiiieiiiiiiiiiiiciee e 85
Figure 84. Ramp elevation profile the Auburn/Worcester..........ccovveeeviieriieeriieeeiieeeieeeeiee e 85
Figure 85. Ramp elevation profile for Freetown North and South..........c.cccceniiniiiininnnne. 86

X1v



Figure 86.
Figure 87.
Figure 88.
Figure 89.
Figure 90.
Figure 91.
Figure 92.
Figure 93.
Figure 94.
Figure 95.
Figure 96.
Figure 97.
Figure 98.

Ramp elevation profile for West Springfield-North...........ccccceevciiiiniiiiniiiiiieeee, 86
Ramp elevation profile for New Bedford...........ccccoooiieiiiniiiiniiiiiiieeee e 87
Ramp elevation profile for Sturbridge..........cccuveveiieriiieeiiieceeeee e 87
Radii for the selected ramps .........ccueeviiiiiiiieiiie e 88
Average speed by category for West Springfield North ..........cccoovviiiiniiiinciiie, 97
Average speed by category for West Springfield South .........c.ccooiiiiiiiiiniiinnnn 97
Average speed by category for West Springfield Old toll gate............ccccvveeverennennee. 98
Average speed by category for Freetown North...........ccoeeieiiiiiiiiniiniiceece, 99
Average speed by category for Freetown South...........ccccveeiiiiiiiiiiiiiiiee, 100
Average speed by category for New Bedford ...........ccccoeviiiiiiiiiiiiiiiiieeee 101
Average speed by category for Sturbridge .........ocvveeeeiiieiiieeiieeeeee e 102
Average speed by category for ANAOVET .........cceccvieiiieiieiieeiieie e 103
Average speed by category for AUDUIM.........cccveeiviiieriiieiie e 104

XV



This page left blank intentionally.

xvi



AASHTO
Al
ATRWS
BBAV
CMF
CNN
DOT
DSFS
FHWA
FPN

GEE
HBB

ITS
LiDAR
MAP
MassDOT
MUTCD
NMS
NYDOT
OBB
R-CNN
RPN
t-SNE
UAV
UMTRI
USGS
VIRTUAL

List of Acronyms

American Association of State Highway and Transportation Officials
Artificial Intelligence

Automated Truck Rollover Warning System

Box boundary-aware vectors

Crash Modification Factors

Convolutional Neural Networks

Department of Transportation

Dynamic speed feedback signs

Federal Highway Administration

Feature Pyramid Network

General Estimates System

Horizontal bounding box

Intelligent Transportation Systems

Light Detection and Ranging

Mean Average Precision

Massachusetts Department of Transportation

Manual on Uniform Traffic Control Devices
Non-Maximum Suppression

New York Department of Transportation

Oriented bounding box

Region-based Convolutional Neural Networks

Region Proposal Network

T-Distributed Stochastic Neighbor Embedding
Unmanned Aerial Vehicle

University of Michigan Transportation Research Institute
United States Geological Survey

Video-Based Intelligent Road Traffic Universal Analysis Tool

Xvil



This page left blank intentionally.

Xviii



1.0 Introduction

This study of Uncovering the Root Causes to Truck Rollover Crashes on Ramps, was undertaken
as part of the Massachusetts Department of Transportation Research Program. This program is
funded with Federal Highway Administration (FHWA) State Planning and Research (SPR) funds.
Through this program, applied research is conducted on topics of importance to the Commonwealth
of Massachusetts transportation agencies.

In the United States, heavy truck-related crashes accounted for 7.9% of total crashes, but 12.4%
of total fatal crashes [ /,2] in 2020. Crashes involving heavy trucks usually occur on highways
and tend to have significant and large-scale impacts on highway network performance. For
example, each heavy truck rollover crash typically takes over 3 hours to clean up. In 2016 alone,
truck-related crashes in Massachusetts resulted in losses of over $22M in terms of delay time and
$1.7M due to emissions and wasted fuel consumption [ 3].

Nationwide, approximately 11% of total truck crashes were on highway ramps and 44~52% of
them involved rollovers [47]. The sharp horizontal curves of highway ramps make them
hotspots of truck rollover crashes. Such crashes can block the entire ramp and cause severe
congestion. Understanding the major causes of ramp truck rollover crashes is important for
developing effective crash risk mitigation strategies and improving highway safety and traffic
operational reliability.

This research aims to (1) review literature and best practices on reducing highway ramp truck
rollovers; (2) analyze historical ramp truck rollover data in Massachusetts; (3) utilize traffic
cameras and advanced video analytics tools to uncover the causes of truck rollovers on highway
ramps and derive surrogate safety performance measures; and (4) establish correlations between
truck rollovers and Intelligent Transportation Systems (ITS) devices, signage and markings, and
roadway design practices, so that the number of ramp truck rollovers can be minimized through
the use of systemic low-cost countermeasures identified in this research.

The main innovation of this study is to use Artificial Intelligence (AI) methods to analyze traffic
videos and derive surrogate safety measures for improving ramp truck safety. Using historical
crash data such as police crash reports to study ramp truck rollovers has limitations, as they
cannot cover near-crash events. Since crashes are relatively rare events, being able to include
near-crash events is very significant, and this can potentially generate useful data and lead to
additional insights into how to prevent ramp truck rollovers. In addition, from crash reports it is
difficult to derive objective information such as how drivers behave on a ramp and when they
start to decelerate.

The recent advancements in Al for computer vision have inspired many innovative transportation
applications, including vehicle counting, tracking, and re-identification. These Al technologies
are already very mature and have generated highly accurate results. Such technologies can be
naturally applied to detecting near-crash events from traffic videos and further deriving surrogate
safety measures. Traffic cameras are widely deployed on state highways. Drones are also getting
increasingly popular among state DOTs and have generated a huge amount of video data. These



traffic videos, however, have not been effectively utilized and sometimes not archived. This
research field tests the capability of using drones for collecting useful traffic videos to improve
safety, particularly ramp truck safety. The developed algorithms can potentially be applied to
traffic videos and vehicle trajectories obtained from other sources for safety analysis.

This report is organized as follows: Chapter 2 reviews existing studies and best practices to
improve highway ramp truck safety; Chapter 3 describes the study site selection and field data
collection efforts; Chapter 4 presents the truck rollover crash history data analysis results;
Chapters 5 and 6 describe the developed vehicle detection and tracking algorithms, respectively.
Chapter 6 also covers the modeling of the vehicle trajectory data derived from drone videos;
Chapter 7 provides detailed and specific recommendations to improve truck safety at the
identified highway ramps; and finally, Chapter 8 summarizes the entire study and provides
recommendations for future work.



2.0 Review of Literature and Best Practices

Heavy truck rollovers on ramps can be affected by many factors such as drivers, vehicle design
and control, roadway design and pavement conditions, traffic signage and control, weather, etc.
Based on the review of literature and best practices, most strategies taken by state Departments
of Transportation (DOTs) to prevent truck rollovers on ramps are related to speed management
using traffic signage and pavement markings. This finding is consistent with the analysis results
of truck rollover crash reports (see Chapter 4), which suggest that speeding is the most prevalent
contributing factor to ramp truck rollovers. The review results are organized into the following
subsections:

e Truck rollover warning signs that are activated by sensors

e Other warning signs such as dual-advisory speed signs and dynamic speed feedback signs
(DSFES)

e Various pavement markings to reduce vehicle speeds

e Other ramp safety improvement strategies that mostly require constructions (e.g., realign
road geometry, resurface pavement)

e Truck rollover crash data and risk modeling to derive safe operating speeds and estimate
rollover risks

2.1. Rollover Warning Signs for Trucks

Several studies [4,5,6,7,8] recommended using dynamic warning signs activated by risk
behaviors to prevent heavy truck rollovers. These signs are equipped with sensors to detect
vehicle classification and speed. They are activated only when a fast-moving truck is
approaching the sign.

Freedman et al. [ 7] field tested a speed actuated rollover warning sign for heavy trucks at three
highway exit ramps. There were standard speed advisory signs at these ramps. At each ramp,
they also installed a rollover warning sign with yellow beacons that flash if an approaching
heavy truck is traveling faster than the safe speed. They found that the additional sign with
flashing beacons significantly reduced the frequencies of heavy trucks traveling more than 5 mph
above the safe speed. Bergan et al. [ 8] also evaluated a prototype Automated Truck Rollover
Warning System (ATRWS) installed at three ramps in the Washington DC area. The system
consisted of a static truck rollover warning sign with an advisory speed and a dynamic message
sign. The dynamic message sign will display “TRUCKS REDUCE SPEED” when activated (i.e.,
a speeding truck is detected). A sample sign is provided in Figure 1 [5]. It used piezoelectric
sensors (weigh-in-motion detectors) and inductive loops to generate vehicle weight and speed
information and a radar sensor to detect vehicle height. Based on data collected over a three-year
period, they concluded that this ATRWS could effectively reduce truck speeds and rollover
accidents. The results of the same study are also reported in [9,70].
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Figure 1. A speeding truck activates the sign

Baker et al. [ //] compared different truck rollover waning systems. They found that speed-based
warning systems generated over 44% more false rollover warnings than weight-based warning
systems. Although this finding is interesting, it is expensive and difficult to accurately measure
truck weight. Therefore, most truck rollover signs are based on vehicle speeds.

California [ /2] also tested the ATRWS at a high-risk ramp around 2000. The beacons of the
ATRWS were supposed to flash only when heavy vehicles were detected. Due to system
maintenance issues, the beacons were flashing continuously for most of the time during the 2-
year evaluation period. Therefore, they were unable to conclude whether ATRWS is more
effective than continuously flashing beacons. However, they did find that continuously flashing
beacons were effective in reducing truck rollover crashes.

In a 1993 FHWA report, Knoblauch and Nitzburg [ /3] field evaluated a dynamic truck rollover
warning sign in Virginia and Maryland. The dynamic sign used continuously flashing beacons.
Different from the conclusions in the above studies, they found that the speeds of heavy trucks
were not affected by the dynamic warning sign.

Middleton [ /4] field tested static and dynamic “truck tipping” warning signs. The dynamic
warning sign added two flashing lights to the static sign with one above it and one below it.
These flashing lights were activated by speeding trucks. These dynamic signs were found to be
more effective in reducing truck speeds.

Stevens and Richards [ /5] proposed that future truck rollover warning systems could be
classified into three categories: infrastructure-based, vehicle-based, and integrated
vehicle/infrastructure systems. Infrastructure-based systems such as those in [7,8] cannot
precisely measure vehicle loads and load distributions to estimate truck rollover risks. Therefore,
a conservative speed threshold is often used to activate the warning system. Vehicle-based
systems with advanced onboard sensors can better estimate truck rollover risk under different
driving conditions. To maximize the benefits of such systems, it is important to provide roadway
information (e.g., horizontal curve, pavement conditions) ahead of time so that the systems [ /6]
can generate warnings proactively. Therefore, an integrated system would work the best. The
infrastructure subsystem estimates and broadcasts real-time roadway condition data, and the
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vehicle subsystem predicts rollover risks and allows drivers sufficient time to react. In a later
study [ /7], Stevens et al. conducted field data collection to demonstrate that such an integrated
system is feasible.

2.2. Other Warning Signs

Most of the studies referenced in Section 2.1 were conducted in the 1990s and early 2000s. In
2008, et al. [ /8] introduced dual-advisory speed signing for freeway-to-freeway
connectors to improve safety. They proposed several dual-advisory speed signs as shown in
Figure 2 [18] and tested them at five curves in Texas. They found that dual-advisory signs were
able to increase the percentages of driver speed compliance for both passenger cars and heavy
trucks measured at the middle of a curve.
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Figure 2. Proposed dual-advisory speed signs

More recently, Gates et al. [ /9] field tested the impacts of DSFS on driver behavior at six
freeway ramps. The evaluated several DSFS configuration factors, including displaying different
messages, distance between DSFS and the beginning of the ramp, lateral distance between DSFS
and pavement edge, sign dimensions and other physical characteristics, radar activation range,
and temporal changes in driver behavior. Overall, they found that:

e DSFS can effectively reduce vehicle speeds. This finding is consistent with what [ 20]
reported.



It is better to activate the DSFS sign when vehicles are within 250 to 400 ft of the
beginning of the ramp.

Side-mounted and forward-mounted signs (Figure 3) [/9] gave similar speed reduction
results.

15-inch and 18-inch display panels (Figure 4) [/9] generated similar speed reduction
results. Including an advisory speed panel (Figure 5) [/9] did not result in any
differences.

Displaying the measured speed and a “SLOW DOWN” message alternately appeared to
be the most effective.

The impacts of DSFS on driver behavior appeared to be consistent during the 14-month
evaluation period (did not reduce over time).

.;_- ';;‘! - 5 ]
(a) forward mounted (b) side mounted

Figure 3. Forward-mounted vs. side-mounted DSFS
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Figure 4. Dynamic speed feedback signs tested



Figure 5. Dynamic speed feedback signs with advisory speed panel

Gates et al. also surveyed state DOTs regarding their practices of using DSFS for highway
curves and the results are shown in Figure 6 [19].

2 Yluﬁ E>

Legend:
[] No response (n=27)

[*] Does not use DSFS for highway curves (n=9)

[] Uses DSFS on rural highway curves (n=7)
[ Uses DSFS on freeway mainline curves (n=2)

[l Uses DSFS on freeway exit ramp curves (n=5)
Figure 6. Applications of DSFS in the US



Hallmark et al. [2/] evaluated DSFS on rural horizontal curves and developed crash modification
factors for DSFS. Although this study is not specifically for ramps and heavy truck rollovers, the
results are still relevant and are thus included in our literature review. They evaluated the
following two signs shown in Figure 7 [21] at 22 sites in 7 states. The signs were activated (i.e.,
flashing yellow light or displaying speed) only when a vehicle’s speed was greater than the 50th
percentile speed for the site. They concluded that installing DSFS can reduce crashes by 5~7%.

Figure 7. Two types of DSFS

Monsere et al. [22] also evaluated DSFS at two highway horizontal curves in Oregon. Prior to
installing the DSFS, the two sites had an advisory speed sign with four continuously flashing
beacons (Figure 8a) [22]. They added a speed feedback sign, which was activated by speeds
measured using a radar sensor (Figure 8b) [22]. The DSFS was found to reduce vehicle speed by
2~3 mph. This seems to suggest that continuous flashing beacons are not as effective as speed
activated message signs. It would be interesting to further compare continuous flashing beacons
and beacons activated by speed at more sites. A limitation of this study was that data was
collected over only 7 days (4 before the installation and 3 after).

/,/,Zii,:—-
(a) before () after
Figure 8. Application of DSFS in Oregon



2.3. Pavement Markings

Retting et al. [ 23] proposed narrow-lane pavement markings for ramp entrance, which make the
entrance look narrower than it actually is. Figure 9(b) is an example of the proposed pavement
markings. The “narrow” impression may prompt drivers to slow down. The painted area
provides a buffer zone or safety margin to drivers in case they could not strictly follow the
narrowed travel lane. These narrow-lane pavement markings were tested at four locations in New
York and Virginia. Data from the New York site (Figure 9 [23]) and two Virginia sites showed
statistically significant decreases in speed. However, the speed reductions were considered minor
(less than 2 mph). The third Virginia site showed no difference. Unlike most other pavement
markings, in this case faster vehicles did not slow down more than the slower vehicles and the
standard deviation was unchanged or increased depending on the location.

Figure 9. Narrow-lane pavement markings for ramp entrance (a) old markings and (b) new
markings

Wood and Donnell [24] evaluated slow-down horizontal curve pavement markings (as shown in
Figure 10 [24]) based on the data from 263 treatment sites on two-lane rural highways in
Pennsylvania. They derived crash modification factors for total, fatal plus injury, run-off-road,
nighttime, nighttime run-off-road, and nighttime fatal plus injury crashes. These CMFs were in
the range of 0.65 to 0.77.



Figure 10. Slow-down pavement markings on two-lane rural highways in Pennsylvania

Hunter et al. [ 25] tested the converging Chevron markings (see Figure 11 [25]) at two freeway
ramps in Georgia. They concluded that the speed reduction effect reduced over time. Nine
months after the installation, the speed reduction benefit was less than 1~2 mph. Drakopoulos
and Vergou [ 26] also evaluated Chevron markings at a ramp in Wisconsin. Based on the data
collected 20 months after the markings were installed, they found the 85th percentile speed of
this ramp to be 17 mph lower. Out of the 17 mph reduction, they estimated that approximately 3
mph were due to an increase in traffic volume. This finding is very different from what the
Georgia study [25] suggested.

Figure 11. Converging Chevron pavement markings in Georgia

Ding and Jiao [27] evaluated the reverse linear perspective markings at two freeway sites in
China, with one of the sites on a horizontal curve as shown in Figure 12 [27]. They collected
speed and time and distance headways one day, four months, one year, two years, and three years
after the installation. It was found that within one year the speed reduction effect was less than
1.5 mph, which is consistent with what Hunter et al. [25] reported. It is unclear whether the
decreased effects were caused by the reduced reflectivity of pavement markings over time.
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Figure 12. Reverse linear perspective markings in China

Katz [ 28] evaluated peripheral transverse pavement markings at three sites in New York (Figure
13 [28]), Texas, and Mississippi. Inconsistent results were obtained from the three sites,
suggesting that other factors such as pavement color and driver familiarity with the site may
affect the performance of pavement markings. Interestingly, Katz’s study [28] was published in
2004. Google Street View (Figure 14) shows that the same New York site has been using a
warning sign with flashing yellow beacons since 2007. It is difficult to tell from Google Street
View whether the yellow beacons are continuously flashing or activated only by speeding trucks.
However, Figure 14 may suggest that NYDOT favors the overhead warning sign over the
peripheral transverse pavement marking treatment.

Figure 13. Peripheral transverse pavement marking treatment on I-690 in Syracuse, New York
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(a) October 2007 (b) September 2021

Figure 14. New York site on I-690

Source: [-690W Exit #2, Syracuse, New York; digital image, October 2007 and September 2021, “Street View,”
Google Maps (http://www.googlemaps.com: accessed 1 January 2023)

Many other pavement markings have been either field tested or evaluated using a driving

simulator. These markings are summarized in Table 1. Much of the information in this table is
based on the study by Hussain et al. [ 29].
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Table 1. Innovative pavement markings for speed control

ID Pavement markings evaluated Studies Findings
Zhao et al. [30] | Speed reduction results depended on the
used a driving | radius of a curve and were inconsistent.
simulator
Guo et al. [37] | Significantly reduced vehicle speed and
used field data | speed violations before pedestrian
crosswalks.
1
Arién et al. Resulted in significant speed reductions
[32] used a into the curve, but not at the beginning of
driving the curve. They compared this marking
simulator with marking #5 and recommended
marking #5.
2

Herringbone Pattern 2 [32]
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ID Pavement markings evaluated Studies Findings
Ding et al. [33] | Significantly reduced speed.
used a driving
simulator

3

Double transverse optical bars with equal width [33]

Ding et al. [33] | Had minor and insignificant impacts on
used a driving | speed and driver behavior.
simulator

4

Herringbone Pattern 3 (Gradually increasing size) [33]
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ID Pavement markings evaluated Studies Findings
Arién et al. Resulted in earlier and more stable speed
[32] used a reduction than the herringbone pattern 2
driving markings shown above.
simulator
Godley et al Considered constant and reducing space
[34] used a between bars and found no difference in
driving effect. Found #5 to be more effective than
simulator #7.

Transverse optical bars with equal width [29,32]

Maroney and
Dewar [35]
used field data

Matirnez et al.
[36] based on
field data

Significantly reduced speed violations but
the effect disappeared after 3 weeks.

Also considered other measures such as
roadside delineators. The speed reductions
cannot be attributed to pavement markings
alone.

15




ID Pavement markings evaluated Studies Findings
Hussain et al. Compared #6 with #10 and found both to
[37] used a be effective in reducing speeds. #10 was
driving more effective.
simulator
6
Transverse optical bars with varying width [29]
Arnold and Considered both #5 and # 7. Found #5 to
Lantz [38] used | be more effective in reducing speed. This
field data could be attributed to the slight bumping
effect of the optical bar.
Galante et al. Considered several other strategies such
7 [39] used a as transverse rumble strips, transverse
driving optical bars, roadside fences, Gantry,
simulator colored brick strip, and dragon’s teeth
marking (see #9). It is hard to separate
their individual impacts.
: : Gates et al. Reduced mean curve speeds by 3-5 mph.
Peripheral transverse optical bars [29] [40] used field | The reduction effects sustained 6 months
data after the installation.
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ID Pavement markings evaluated Studies Findings
Godley et al. Narrowing lane width below 3.0 meters by
[41] used a a wide painted hatched centerline marking
driving led to higher speed estimation and slowed
simulator vehicles down.

8
Wide painted hatched centerline marking [29]
Rossi et al. [42] | Tested roadside delineators and dragon’s
used a driving | teeth. Found that regular and tall
simulator delineators were able to significantly
reduce vehicle speeds. Dragon’s teeth did
not lead to significant speed reductions.
9

Dragon’s teeth marking [29]
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ID Pavement markings evaluated Studies Findings
Hussain et al. Compared #6 with #10 and found both to
[37] used a be effective in reducing speeds. #10 was
driving more effective.
simulator
Awan et al. Compared #10 with #2. Found both to be
[43] used a effective. #2 resulted in more gradual
10 driving speed reductions, while #10 helped
simulator drivers better maintain lateral positions.
Gradual size marking [29]
Transition (120 to 100) kmvh Hussain et al. Compared three marking configurations
f @ [29] used a shown in the figure on the left.
- zjm driving Configuration c (i.e., combining size and
simulator brightness) was the most effective
o strategy.
20m
11 y

20m

368 m

-a) lfgrightness

st

b) Size

¢) Combined
Gradual size and transparency marking [29]
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2.4. Other Ramp Safety Improvement Strategies

Firestine et al. [44] identified the following contributing factors to ramp truck crashes:
e poor transitions to superelevation,

abrupt changes in compound curves,

short deceleration lanes preceding tight-radius exits,

curbs placed on the outside of ramp curves,

lowered friction levels on high-speed ramps, and

substantial downgrades leading to tight ramp curves.

Based on their findings, they proposed countermeasures such as:
e incorporating a greater safety margin into formulations for side friction factors,
reviewing and modifying posted speed limits,
improving curve condition and downgrade signs at interchanges,
increasing deceleration lane length,
overlaying curbs with wedges of pavement or eliminating curbs altogether,
resurfacing ramps with high-friction overlays, and
redesigning sites where crashes are common.

The findings in Firestine et al. [44] were partially based on an earlier study by the University of
Michigan Transportation Research Institute (UMTRI) published 1985 [45], which utilized a
computer program to simulate heavy truck dynamics on highway ramps. The UMTRI study
concluded that the AASHTO policy on geometric design standards at that time resulted in little
safety margin for heavy trucks on highway exit ramps.

2.5. Truck Rollover Crash Data and Risk Modeling

McKnight and Bahouth [46] found that about 50% of all large truck rollover crashes (not only
those on highway ramps) were speed related. This percentage is similar to what the
Massachusetts ramp truck rollover crash data suggests (see Section 4.3 of this report). Using data
from five states and the General Estimates System (GEE), Wang and Council [47] estimated that
approximately 4,700 ramp truck rollovers occur each year and result in $433 million losses.

Isaacs et al. [48] developed a rating system based on fuzzy math and expert surveys to evaluate
the rollover crash risks of different highway ramps. This method can potentially be used to
proactively identify problematic highway ramps.

Tarko et al. [49] proposed a model to evaluate a truck’s rollover proximity using trajectories,

which were extracted from videos. They tested the model at a roundabout. Although the
proposed model is appealing, it is difficult to evaluate its accuracy.
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Perera et al. [ 50] developed a PHASE-4 computer model that can estimate the safe operating
speeds for heavy trucks on ramps. Compared to the popular ball bank indicator method, this
PHASE-4 model seems to be a more appropriate approach since it is specifically designed for
heavy vehicles. This PHASE-4 computer model may be used in conjunction with the simulation
tool in [45] or CarSIM/TruckSim [51,52] to generate advisory speeds for trucks on highway
ramps.

2.6. Discussion

The initial costs of deploying pavement markings are low, making them a very appealing choice
for curve speed management. However, several issues regarding pavement markings need to be
carefully considered:

e There are no MUTCD guidance for most of the pavement markings presented in Table 1,

e Maintenance can be challenging, particularly in northern states like Massachusetts with
frequent snowstorms,

e Markings may reduce pavement friction,

e Depending on the materials used, markings may generate significant noise affecting
surrounding residents,

e Drivers unfamiliar with the markings may be confused, which could lead to safety risks,
and

e Many of the studies in Table 1 were based on driving simulation. It is important to
conduct extensive field tests and evaluate their long-term effects.

A combination of pavement markings, roadside delineators, and warning signs can be
considered. Mixed results for roadside delineators have been reported in the literature. Some
[42,53] found them to be very effective in reducing speed, while others concluded that
delineators were not very useful [ 54] and may even [55] increase vehicle speeds during the
night, although the nighttime speeds were significantly lower than the corresponding daytime
speeds.
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3.0 Site Selection and Data Collection

3.1. Initial Data Collection Sites

With the support from the MassDOT Aeronautics Division, the research team first collected
vehicle trajectory data from two ramps using drone to evaluate the quality of the collected data.
The two ramps are shown in Figure 15 and Figure 16. The first ramp in Figure 15 was selected
because it is next to a parking lot that can be used to easily launch the drone. The second ramp in
Figure 16 had several heavy truck-related rollover crashes between 2015 and 2019. These

crashes are marked in Figure 15 and Figure 16. The red dots and lines in these two figures show
where the drone was launched and the ramps covered, respectively.

MassDOT has a facility with paved parking spaces at the first site near the red dot in Figure 15.
This site is directly connected to the off-ramp by a driveway and is easy to access. While the
second drone launching site was set up on a front slope with limited space and accessing the site
was challenging. MassDOT District 3 helped the team with safely entering and exiting the site.

Dairy

=

Figure 15. First data collection site at the interchange of I-495 and 1-93 in Andover, MA
Source: Data collected on June 3, 2021. Google Maps Link https://goo.gl/maps/d8mebw4sgXCSEAwU9
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Figure 16. Second data collection site on Massachusetts Turnpike Near Exit 10 in Auburn, MA
Source: Data collected on October 12, 2021. Google Maps Link https://goo.gl/maps/mdpiCUqUxMgjims58

3.2. Summary of Initial Data Collection Efforts

For the first site in Andover, MA, we started the data collection around 9 AM to capture as much
heavy truck traffic as possible. The following factors were evaluated in the first data collection:
camera angle, height, and type of camera. For camera angle, we experimented with a slanted
view and the top-down view. The results are illustrated in Figure 17. Clearly, the slanted view
covers larger areas than the top-down view, but also introduces more distortion. Pixels further
away from the camera represent larger areas than those closer to the camera. This distortion

makes it challenging to accurately estimate vehicle speeds. Therefore, we decided to use the top-
down view.

For camera height, we tested 300 ft, 350 ft, and 400 ft. Higher positions allow us to see larger
areas. The results in Figure 17 show that the images captured at 400 ft are clear enough for the
purpose of this study. Ideally, we would like to fly the drone even higher to cover the entire

ramp. However, the maximum height we are allowed to fly per current federal regulations is 400
ft.

In addition to a regular RGB camera, a thermal camera was tested during the first data collection
in Andover, MA. A top-down view captured by the thermal camera at 400 ft is shown in Figure
18. The quality of the thermal camera image is good, clearly showing pavement markings, paved
and unpaved surfaces, and vehicles. For nighttime data collection, this thermal camera is strongly
recommended. However, compared to the captured RGB images in Figure 17(f), the thermal
image covers a relatively smaller area. Given that our data collection was during the daytime, we
decided to use the RGB camera due to its larger coverage.
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(f) 400 ft top-down view

Figure 17. Comparison of slanted and top-down views in Andover, MA
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Figure 18. Top-down view captured by thermal camera at 400 ft in Andover, MA

Based on what we learned during the first data collection trip in Andover, MA, we considered
top-down view, 400 ft altitude, and RGB camera for the second data collection in Auburn, MA.
A sample of the collected data is shown in Figure 19.

Figure 19. Sample of the Data Collected from Auburn, MA
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3.3. Discussion

Road SSCN-NB-S. Boston-5. Sta. Conn a Ramp X-SB-Boston-Kneeland to HOV-E a
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Ramp TC-5B-Charlestown-Tobin to 935/Storrow d Ramp TC-SB-Charlestown-Tobin to 935/5torrow e

1-90-EB-Weston-before Exit 15 1-90-EB-Westfield-Exit 3 Rt 10

— ———

1-90-EB-Chicopee-Exit 6 Rt 291 1-495-NB-Marlborough-Ex 23

Figure 20. Sample traffic videos from Mass511 website
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We also evaluated the feasibility of using roadside cameras mounted on tripods or guardrails
spaced roughly 200 ft apart to provide a horizontal rear view of trucks in addition to the top-
down view supplied by drones. Given the difficulty in accessing the Auburn site and the limited
time allowed for data collection, the benefits of this approach appear to be outweighed by the
challenges. Also, doing this will require precise knowledge of ramp superelevation and
correlating the roadside camera data with the drone camera data, which are both very
challenging. Therefore, only drone data was collected in subsequent data collection trips.

We obtained some traffic videos from the MassDOT website (https://mass511.com/). A few
examples from the mass511 website are provided in Figure 20. Images extracted from these
traffic videos are similar to those taken by the drone using a slanted view [Figure 17(a)—(c)],
Although they are helpful, it is difficult to derive accurate vehicle speed and potentially lateral
position information from such videos. Also, traffic cameras are available at limited locations.
Their views are often blocked by trees and bridges. Therefore, drone videos appear to be the best
data collection option for this study given that drones are relatively easy to deploy and the
quality of the collected videos is good.

3.4. New Data Collection Sites

With the gracious support of the MassDOT Aeronautics Division, additional ramp traffic videos
were collected using drones. To avoid confusion, we use Ramps 3—7 to represent the 5 new data
collection sites and Ramps 1-2 to refer to the previous two sites (1 for Andover and 2 for
Auburn). These new sites are determined based on crash history and are described below.

3.4.1. Ramp 3: West Springfield

Ramp 3 is located in West Springfield (GPS 42.15905084 -72.63722185) and the Google Maps
link is https://goo.gl/maps/viMdw9mj4BiVr9PMO. Its location is shown in Figure 21 and a
detailed layout is provided in Figure 22. Between 1/1/2015 and 2/2/2022, 4 heavy truck rollover
crashes occurred here and were all due to speeding. Therefore, this ramp is selected for a detailed
investigation.

Figure 21. Ramp 3 in West Springfield MA (Data collected on June 6, 2022)

Google. (n.d.). [Google map of Ramp 3 in West Springfield, MA]. Retrieved January 1, 2023, from
https://goo.gl/maps/viMdw9mj4BiVr9PM9.
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The locations of the four rollovers are marked in Figure 22. The ramp (Segment 1 in Figure 22)
was downstream of a toll plaza (Segment 3 in Figure 22), which was removed in 2016. We also
checked the rollover crash history at this location before 2015 and found no truck rollovers on
this ramp between 1/1/2008 and 12/31/2014. Note that the 4 rollovers mentioned above occurred
all after the removal of the toll plaza (1 in 2017, 2 in 2020, and 1 in 2021). This seems to suggest
that removing the toll plaza played an important role in those four truck rollovers. With the toll
plaza (Segment 3 in Figure 22), vehicles need to slow down first and then accelerate, this
significantly reduces the chance for them to travel too fast on the downstream ramp (i.e.,
Segment 1 in Figure 22) and the risk of truck rollover crashes. Note that all four rollovers
occurred after the removal of the toll plaza were attributed to speeding.

For this site, two drones were used to collect the data, since one drone was not enough to capture
the entire site using the top-down view. As shown in Figure 22, the entire site was divided into
three segments. Two drones were used simultaneously to collect data from Segments 1 and 2.
Later, the drone covering Segment 1 was moved down to cover Segment 3.
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Figure 22. Ramp 3 connecting I90W to 191

3.4.2. Ramp 4: New Bedford

Ramp 4 is located in New Bedford as shown in Figure 23 (GPS 41.65315303 -70.95980417) and
the Google Maps link is https://goo.gl/maps/rzD3bCyijnQuDLIJE7. Two truck rollover crashes
occurred here between 1/1/2015 and 2/2/2022. To cover the entire segment highlighted in Figure
24 using the top-down view, multiple drones would be needed. For this site, we experimented
with a slightly slanted view to reduce the efforts needed and the amount of videos to be
collected.
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Figure 23. Ramp 4 in New Bedford MA (Data collected on June 14, 2022)

Source: Google. (n.d.). [Google map of Ramp 4 in New Bedford, MA]. Retrieved January 1, 2023, from
https://goo.gl/maps/rzD3bCyijnQuDLIJF7.

This site was selected because of the relatively straight segment between the exit and entrance
ramps, which may create an opportunity for ramp vehicles to accelerate and exceed the speed
limit. Again, both rollovers which occurred here were due to speeding.
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Figure 24. Ramp 4 connecting 140S to 1195W

3.4.3. Ramps 5 and 6: Freetown North and South

Ramps 5 and 6 are located in Freetown, MA, as shown in Figure 25 (GPS 41.78380889 -
71.08031751) and the Google Maps link is https://goo.gl/maps/G5QK 1zUbo90Q231.Q86. Both
the southbound and northbound ramps are selected since they are very similar. The Freetown
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North ramp had two truck rollovers during the study period, while the Freetown South one had 1
rollover (Figure 26). Two of the crashes were caused by speeding and the other one was due to
fatigued driving. A top-down view was taken for both ramps at this location.

Figure 25. Ramps 5 and 6 in Freetown, MA (Data collected on June 13, 2022)

Source: Google. (n.d.). [Google map of Ramps 5 and 6 in Freetown, MA]. Retrieved January 1, 2023, from
https://goo.gl/maps/G5QK1zUbo90Q23LQ86.
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Figure 26. Ramps 5 and 6 connecting Route 24 to Route 79
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3.4.4. Ramp 7: Sturbridge

Ramp 7 is located in Sturbridge MA as in Figure 27 (GPS 42.06756915 -72.10875083) and the
Google Maps link is https://goo.gl/maps/ngMbpHGM3czSFX4F8. Three rollovers occurred
toward the end of the ramp /1/2015 and 2/2/2022 (Figure 28)

Foxbaraugh

Figure 27. Ramp 4 in Sturbridge, MA (Data collected on June 21, 2022)

Source: Google. (n.d.). [Google map of Ramp 7 in Sturbridge, MA]. Retrieved January 1, 2023, from
https://goo.gl/maps/ngMbpHGM3czSFX4FS.

(18]

Figure 28. Ramp 4 connecting 140S to 1195W
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3.5. Summary of Additional Data Collection Efforts

(f) Freetown South top-down view

(g) Sturbridge slanted view

Figure 29. Sample images from the new ramps

For each of the 5 new ramps, videos were captured at the 400 ft altitude. The top-down view was
considered at three sites and a slightly slanted view was used at the remaining two sites.
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Table 2 summarizes when and how the videos were captured. Some sample images are provided
in Figure 29.

Table 2. Video data collection efforts at the 5 new ramps

Location View angle Time and date
West Springfield Top down 6/6/2022
Freetown South Top down 6/13/2022
Freetown North Top down 6/13/2022

New Bedford Slightly Slanted 6/14/2022

Sturbridge Slightly Slanted 6/21/2022

Although using a slightly slanted view reduced the efforts needed to collect data and the amount
of data to be collected, it poses some challenges to video data processing. Drone movements
(e.g., vibration, tilt, turn) due to wind and other effects also introduce some challenges to data
processing, but the impacts are manageable. Overall, drones are proven to be very useful for
short-term traffic data collection. They can be quickly deployed. The overall quality of the
collected data is good.
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4.0 Analysis of Truck Rollover Crashes

4.1. Query Ramp Truck Rollovers

The following SQL expression was used to query heavy truck-related rollover crashes on
highway ramps from the MassDOT IMPACT database. This resulted in about 350 crash records.
These records were double checked to remove crashes that were not on ramps or not related to
heavy trucks. We finally ended up with 105 crashes. The locations of these crashes are illustrated
in Figure 30 and Table 3.

SELECT * FROM tableName WHERE crash_date BETWEEN '1/1/2015' AND '2/2/2022'
AND (vehc_seq events cl LIKE("%ollover%') OR vehc_seq events cl
LIKE("%verturn%') ) AND (vehc_config_cl LIKE("%railer%') OR vehc_config cl
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Figure 30. Locations of heavy truck ramp rollover crashes between 1/1/2015 and 2/2/2022

As shown in Table 3, most of the crashes occurred on 1-90, 1-95, 1-495, and RT 24. It is
surprising to see that RT 24 had 14 ramp truck rollover crashes between 1/1/2015 and 2/2/2022
given that it is not a major interstate highway.
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Table 3. Heavy truck ramp rollover crashes between 1/1/2015 and 2/2/2022 on major routes

Route Number Number of Truck Rollovers
RT 24 14
1-84 5
1-90 21
I-91 4
1-495 32
1-95 22

4.2. Distributions of Ramp Truck Rollovers

The narratives of each crash were carefully reviewed. It was found that some crashes” GPS
coordinates did not match the corresponding narratives. The exact locations of these crashes
were then determined manually based on the crash narratives and crash diagrams. Most of the
105 crashes occurred on ramps similar to the outer loop or inner loop of a typical cloverleaf
interchange in Figure 31. Therefore, Figure 31 and Table 4 are used to illustrate the locations of
93 (out of 105) crashes. For the exact locations of the remaining 12 crashes, 4 were unknown due
to a lack of information, 6 were on a ramp that functions as the mainline, and 2 were very
different from a cloverleaf interchange.

As shown in Figure 31 and Table 4, the beginning and end of the outer ramp appear to be more

dangerous than the middle. While for the inner ramp, the middle and end appear to be more
dangerous than the beginning.

Table 4. Detailed locations of heavy truck ramp rollover crashes

Location Beginning of Ramp Middle of Ramp | End of Ramp Total

Outer Ramp 20 8 25 53
Inner Ramp 9 14 17 40
Total 29 22 42 93
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Figure 31. Detailed locations of ramp truck rollover crashes

Figure 32 suggests that most ramp truck rollovers occurred during weekdays, which probably is
because of higher truck and passenger vehicle traffic during weekdays. Figure 33 shows that 1-2
PM is the most dangerous period during a day. Figure 34 suggests that ramp truck rollovers are
more likely to happen in January through May and September. Although these are very
interesting observations, at this moment we do not have enough information to derive a
reasonable explanation for them.

Distribution of Ramp Truck Rollovers by Day of Week

2 21 22
19
17
4
: -
Sunday Monday Tuesday Wednesday Thursday Friday Saturday

Figure 32. Distribution of ramp truck rollovers by day of week
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Figure 33. Distribution of ramp truck rollovers by time of day
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Figure 34. Distribution of ramp truck rollovers by month
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Table 5. Rollover distribution based on hour and day
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Table 5 through 7 show the temporal distributions of ramp truck rollovers in terms of hour vs.
day, day vs. month, and hour vs. month, respectively. Each table is color coded with red
representing large values and green representing small values. Note that these tables only show
when ramp truck rollovers are more likely to happen. To find out which time windows are more
dangerous, we need to take truck traffic volumes into consideration. As shown in Figure 35 and
Figure 36, the distributions of heavy truck traffic can vary significantly from one location to

another.

Table 6. Rollover distribution based on day and month

Day Total
Sunday 2
Monday 20
Tuesday 19
Wednesday 21
Thursday 22
Friday 17
Saturday 4

Total 105
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Table 7. Rollover distribution based on hour and month
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Figure 35. Traffic volumes at counting station 6228 on 1-95 southbound
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Figure 36. Traffic volumes at counting station 5016 on 1-495 for both directions

4.3. Main Causes of Ramp Truck Rollovers

Figure 37 presents the main causes of ramp truck rollover crashes analyzed in this study. It is
found that:

e Speeding was the leading cause of ramp truck rollovers. It contributed to 59 of the 105
rollovers (56.2%).

e Most of the truck rollovers were single-vehicle crashes (involving only a truck). There
were only 4 rollovers that involved multiple vehicles. Of those 4 rollovers, two did not
attribute fault to the truck driver.

e None of the 105 rollovers were related to drunk driving and only one was under the
influence of marijuana.

e Only one crash occurred inside Route 128. This most likely was because there were more
heavy trucks on highways outside Route 128, suggesting that risk exposure such as truck
traffic volumes should be considered in determining the most dangerous ramps. Some
ramps had more truck rollovers mainly because there were more truck traffic. However,
such risk exposure data currently is not widely available.

e Although some of the rollovers were attributed to load shift, it is likely that speeding also

played a role in the load shift. For slow-moving vehicles, it is less likely for load shift to
happen.
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Figure 37. Main causes of heavy truck ramp rollover crashes

4.4. Discussion

Since speeding is the most important contributing factor to ramp truck rollovers, properly setting
advisory speeds is critical. The ball bank indicator method is typically used by state DOTs to
determine the advisory speeds for horizontal curves and ramps. This method requires multiple
field test runs through a curve or ramp to obtain the advisory speed. These test runs are often
conducted using passenger vehicles instead of heavy trucks. Although the obtained advisory
speeds are safe for passenger vehicles, they may not be sufficiently safe for heavy trucks. Also, it
may be necessary to provide different ramp advisory speeds for heavy trucks and passenger
vehicles as in [/8].
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5.0 Vehicle Detection and Tracking from Drone
Videos

5.1 Vehicle Detection from Aerial Images

Video-based traffic data analysis has received substantial attention in recent years primarily
because of the developments in deep learning and computer vision. Such attention can also be
attributed to the wide applications of UAV or drone technologies, which generate a huge demand
for aerial traffic video data analytics that are difficult to do manually. Deep learning and
computer vision can quickly turn traffic videos into useful information for decision making and
play a critical role in video-based traffic data analysis.

Over the past several decades, substantial effort has been devoted to solving the general-purpose
image-based object detection problem. Although significant progress has been made, there are
still many issues to be resolved. Vehicle detection from aerial images is a more specific version
of the general-purpose object detection problem and it comes with some unique challenges. One
such challenge is that objects (i.e., vehicles) in drone videos can appear in any orientation. This
makes the use of horizontal bounding boxes (HBB) not suitable because of the potentially large
non-object space enclosed in the detected bounding boxes [56]. Furthermore, if the objects
happen to be densely packed and arranged in a tilted fashion, applying non-maximum
suppression will result in missed objects. These two issues are illustrated in Figure 38. Another
hurdle that a traditional object detection algorithm such as Convolutional Neural Networks
(CNN) might encounter is confusing background objects with vehicles. Since from a top-down
view both buildings and other structures can appear to have a rectangular shape, similar to that of
vehicles [57].

To overcome the disadvantages of an HBB, an oriented bounding box (OBB) is generally
preferred for processing drone-captured traffic videos. OBBs can enclose vehicles with minimal
inclusion of the background. This is especially helpful when trying to detect heavy trucks, buses,
and other large vehicles that are relatively longer in dimension as shown in Figure 38.

Figure 38. Two instances where OBBs are better suited than HBBs
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5.2 Related Work

5.2.1 Aerial Image Datasets

Developing deep learning models for processing aerial videos requires a large amount of
annotated training data. Fortunately, several high-resolution aerial image datasets are available to
facilitate rapid research and development in the domain of video-based traffic observation and
analytics. These datasets have objects (e.g., vehicles) either segmented or annotated using OBBs.
Among them, DOTA v1.5 [56] is a popular benchmark dataset with 2,806 images and 403,318
instances belonging to 16 different categories. This dataset has images ranging from 800 x 800 to
20,000 x 20,000 pixels and the instances occur in a wide range of orientations and scales. DIOR-
R [58] is a similar aerial dataset with 23,463 images. It consists of 192,518 annotated (using
OBB) instances belonging to 20 categories. HRSC2016 [59] is another popular dataset with
OBB annotations and instance segmentation. The UCAS-AOD [60] dataset has images collected
from Google Earth and has OBB annotations of cars and planes.

Semantic segmentation datasets [6/,62,63,64] have also been instrumental in developing
architectures and models specifically for aerial imagery. In certain situations, it can be
advantageous to have segmentation annotations as opposed to simple OBB annotations, as
segmentation annotations can capture the detailed boundaries of irregularly shaped objects.
However, in the case of vehicle detection from drone-captured images, both segmentation and
OBB yield comparable detection results, and the advantages of one over the other are apparent
only in a few exceptional circumstances.

An issue with existing datasets for this research is that the data is mostly collected using
satellites. Google Earth is one common source for such images. This type of data is helpful but
not good enough for training deep-learning models to handle videos from a different source such
as a drone. In our research, some drone videos were recorded using both top-down and slanted
views. The images captured using a slanted view are quite different from those using the top-
down view and Google Earth images. Hence, we decided to annotate some drone-captured
videos to develop a new annotated image dataset specifically for this study.

5.2.2 Rotated Object Detection

Most advances in object detection using OBB are based on modifying models that detect HBB.
One of the first approaches proposed for detecting rotated vehicles in aerial images was by
modifying Faster R-CNN [65]. et al. [66] introduced a novel image cascade and feature
pyramid network (FPN) and rotation region strategy, which significantly improved location
accuracy. We used a modified FPN with a ResNet backbone in our detection model. Rol-
transformer [67] is another approach where a Rotated Region of Interest (Rol) learner transforms
horizontal Rol to rotated Rol. While we did not employ this transformer model, we did devise a
data augmentation strategy that drew from the Rol-transformer approach.

Yi et al. [68] employed box boundary-aware vectors (BBAV) on the center keypoint of objects
to determine the OBB. Lang et al. proposed DAFNe [69], which is a one-stage anchor-free
model based on RetinaNet and can detect oriented objects. In [ 70] the concept of “centerness”
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was further generalized to obtain “oriented centerness.” Although we did not directly utilize
BBAYV or the concept of oriented centerness, we incorporated a notion of focus through a
customized Rol alignment technique.

5.3 Methodology

Our proposed approach is a pipeline consisting of three primary components: the vehicle
detection module, the tracking unit, and the analytics unit. Figure 39 illustrates the fundamental
steps involved in the entire process. The inputs to the system are drone videos. To effectively
perform vehicle detection and tracking, the videos are first stabilized and then fed into the

vehicle detection module.
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Figure 39. High-level representation of the proposed pipeline

After extensive experiments with various deep learning architectures and models, we decided to
adopt a modified Rotated Mask-RCNN model for the detection module. Rotated Mask R-CNN is
a revised form of Mask R-CNN [ 7/] with the additional ability to detect objects using OBB. As
shown in Figure 40, this model is a two-stage detector, where the first stage proposes regions of
interest and in the second stage OBBs and segmentation masks are generated.
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Figure 40. Overview of the Mask R-CNN model used for vehicle detection

For the backbone of the model, we chose ResNet-50 because of its relatively smaller size and
similar performance compared to some of the larger models. This ensures that we have a fast and
effective Mask R-CNN model. Additionally, we used FPN [72] to extract multiscale feature
maps. FPN is a flexible framework that can be used with a variety of detection architectures,
making it a versatile tool for object detection in different domains. Using FPN for the Region
Proposal Network (RPN) further increases the model’s efficacy in recalling objects. By
combining features from multiple levels in the network, FPN can capture richer semantic
information about the input image. This can improve the accuracy of object detection and reduce
false positives. We made several additional modifications to the model, including adapting the
pooling operation, using rotated non-maximum suppression (NMS), and changing the regression
targets, to enable object detection with OBBs.

An advantage of using Mask R-CNN is that we can have the segmentation results. Although we
use the OBB results for most of the subsequent analysis, the segmentation masks can be useful in
situations where two large vehicles are traveling close to each other on a curve and there is
considerable overlap between the corresponding OBBs. In this case, the segmentation results will
allow us to calculate the distance more accurately between the two vehicles as shown in Figure
41. In Figure 41, the distances measured are represented by solid red lines marked by black dots.

44



.

I st y
a) Distance measured usi

b g s
PR AR

(b) Distance measured using segmentation masks

Figure 41. Segmentation masks more accurately measure the distance between large vehicles

In addition to Mask R-CNN with a ResNet-50 backbone, we also implemented and tested single
stage object detectors such as FCOS and Rotated-YOLO. Mask R-CNN models with ResNet-
101, ResNet-152, and ResNet-164 were also tested. However, we found that bigger models did
not perform any better than the ones with ResNet-50. To keep this report brief, the testing results
considering other model structures are not included here.

5.4 Dataset

Our dataset includes over 3,200 high-quality images captured by drones at highway ramps.
These images have been manually annotated and labelled. This section describes how we
collected, prepared, and annotated these images. We would like to acknowledge the invaluable
assistance provided by the MassDOT Aeronautics Division, which made this dataset possible.

The traffic videos were recorded at seven distinct sites and nine different locations within
Massachusetts. One of the sites consisted of three different locations. For the recording process,
a DJI drone equipped with a high-resolution 4K camera was used. The recordings were all done
during the daytime, with weather conditions ranging from sunny to cloudy. Table § provides a
summary of the video durations captured at each site, along with the corresponding numbers of
annotated images/frames.
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Table 8. Video datasets collected from 9 locations in Massachusetts

Video No. of No. of frames selected
Location duration frames for training and
(min) annotated validation
Andover 15 1,674 430
Auburn 92 275 200
West Springfield North 116 184 184
West Springfield South 61 287 287
West Springfield South (Old toll) 63 194 194
Freetown North 124 169 169
Freetown South 124 36 36
New Bedford 147 200 200
Sturbridge 122 202 202
Total 874 3,221 1902

The research team thoroughly examined the recorded videos and extracted frames for annotation.
The resulting images were then divided into training, validation, and testing sets, with the

corresponding numbers summarized in Table 9. Additionally, Table 9 provides a summary of the
numbers of vehicles of different types that appear in the training, validation, and testing datasets.

During the initial model development phase, we only had data from the Andover and Auburn
sites. We annotated 1,674 images from Andover and 275 images from Auburn. Later, as more
data was collected from other locations, we adjusted the numbers of images from Andover and
Auburn in the training and testing sets accordingly. Ensuring a balanced distribution of images
from all locations helps to improve the performance of deep learning models and reduce the risk
of model overfitting.

Table 9. Vehicle types over training, validation, and testing sets after data augmentation

Data Type Training | Validation | Testing Total

Number of images 2,594 631 100 3,325

Number of small vehicles 18,502 4,968 522 23,992
Number of medium vehicles 1,831 417 41 2,289
Number of large vehicles (18 wheelers) 3,018 763 166 3,947

We also considered data augmentation to increase the size of our dataset and improve model
performance. Random rotation, image blurring, and vertical and horizontal flipping of images are
common image data augmentation techniques. For high-resolution images, another effective
technique is image patching. This essentially divides the original high-resolution images into
smaller patches. We applied image patching, random vertical flip, and random rotation in the
range +45° to increase the dataset size by 75% from 1,902 (Table 8) images to 3,325 (Table 9)
images. Table 9 shows how the classes are distributed in the final dataset.
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5.5 Evaluation

We experimented with several models to detect vehicles using OBB. All models were trained
once without data augmentation and once by augmenting the data with patches. Patches are
sections of the original high-resolution images that are added to the existing training and testing
sets.

Table 10 presents the mean Average Precision (mAP) results of all the models tested. R-50 and
R-101 represent ResNet-50 and ResNet-101 models, respectively. These two models are
pretrained on the ImageNet dataset. FPN stands for Feature Pyramid Network. The Oriented
Mask-RCNN model was finally chosen because of its good performance on our dataset and small
size. This model outperforms other much larger models, such as the Oriented RCNN ResNet-101
model, on the augmented MassDOT aerial dataset. The chosen Oriented Mask-RCNN with
ResNet-50 backbone has a total of 43.75 million parameters, which is considerably smaller than
other models.

Table 10. Performance of models trained and evaluated with OBB ground truth

MassDOT Aerial Augmented
Model Dataset (Developed MassDOT DOTA
in this study) Aerial Dataset
Faster RCNN OBB R-50-FPN 68.3 75.5 64.6
Faster RCNN OBB R-101-FPN 73.4 79.5 68.2
Oriented RCNN R-50-FPN 81.5 82.5 75.9
Oriented RCNN R-101-FPN 83.0 85.7 76.3
RetinaNet OBB R-101-FPN 82.6 84.2 70.6
Oriented FCOS R-50-FPN 78.0 80.8 72.8
Oriented Mask-RCNN R-50 81.7 86.4 76.1

The training of the Oriented Mask-RCNN model considered three types of losses: classification
loss, mask loss, and OBB loss. Figure 42 shows how the different losses change over the training
period. Figure 43 shows the improvement in classification accuracy as the training progresses.
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Figure 42. Changes of loss function values over the training epochs
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Figure 43. Overall classification accuracy improvements over time

Figure 44. Detection samples of the MassDOT aerial dataset using Oriented Mask-RCNN

A few sample detection results are shown in Figure 44, suggesting that the developed object
detection algorithm works very well. The vehicle detection results obtained from the algorithm
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are utilized in the downstream pipeline to derive the trajectories of each vehicle. It is crucial to
have accurate detection results, as poor detection performance can negatively impact the tracking
accuracy. The good performance of the detection algorithm is also supported by the
corresponding vehicle tracking results. We tested our tracking algorithm on a set of 10 videos.
The duration of these videos ranged between 30 seconds to 45 seconds, and in total they had over
120 individual vehicles. The tracking algorithm did not lose track of any of the vehicles during
the test.

SORT and Deep-SORT are two popular tracking algorithms. However, they work only on HBB,
whereas our tracking method works with OBB. In comparison to the SORT algorithm, our
tracking algorithm achieves a much faster performance while simultaneously reducing the
computation time by 30%. The improved speed and reduced computation requirements make our
tracking algorithm a more feasible and effective option for real-time tracking applications.
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6.0 Vehicle Trajectory Processing and Analysis

6.1 Vehicle Tracking and Trajectory Smoothing

To track the detected vehicles, we developed a simple, yet very effective algorithm suited
especially for OBBs. The algorithm includes a smoothing component that removes unwanted
noise in the generated vehicle trajectories. Using this algorithm, the speeds and trajectories of all
vehicles are generated. Additional algorithms have also been developed to analyze the
trajectories and automatically identify high-risk events such as harsh decelerations and unsafe

lane changes. Visualization of tracking results and speed estimation after smoothing is applied to the
trajectories.

Figure 45 shows an example of how the results appear after applying the basic tracking and the

post-processing smoothing algorithms. In Visualization of tracking results and speed estimation after
smoothing is applied to the trajectories.

Figure 45, small vehicles are marked by blue bounding boxes and large trucks are marked by red
ones.

(b) Visualization of tracking results and speed estimation after smoothing is applied to the trajectories.

Figure 45. Sample outputs of the vehicle detection and tracking modules

Our algorithms can effectively and accurately detect and track vehicles in most cases. However,
partial occlusion due to trees, traffic signs, and highway gantries sometimes can negatively affect
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the algorithm performance. Figure 46 shows some examples of how partial occlusion can result
in inaccurate detection of vehicle dimension and trajectory.

(a)

Figure 46. A small car is occluded by an overhead traffic sign at Freetown South

In addition to occlusion, detection noises might be introduced that affect the accuracy of the
generated vehicle trajectory, since the detected OBBs do not always match vehicles precisely. To
remove such noises and smooth out the trajectory points, we implement the Savitzky—Golay
filter, a type of digital filter used to smooth out number series. The Savitzky—Golay smoothing is
done by a process called convolution, which takes successive subsets of data points and fits them
to a low degree polynomial. Figure 46 is an example of how this filter can be used to fill gaps in
trajectories due to occlusion. In the top row, the tracking of the vehicle is done successfully, but
the detection itself is inaccurate. The bottom row is the result after the Savitzky—Golay filter is
applied.

6.2 Speed Estimation

Once the OBBs and vehicle trajectories are obtained, the next step is to calculate the vehicle
speeds. To achieve this, a sliding-window method is utilized, which eliminates any remaining
noise that may be present in the tracking results. This process results in a smooth sequence of
values, enabling accurate and reliable calculation of the vehicle speeds. Figure 47 illustrates how
speeds are calculated and visualized for a vehicle of interest at the Freetown South site. This
analysis can be done for any vehicles in the collected videos (e.g., for a particular travel
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direction, a type of vehicle, or a specific region in the video). For the example shown in Figure
47, only vehicles taking the exit ramp are analyzed, not mainline through vehicles.

(a) The trajectory of a heavy truck. The blue lines indicate the paths along which we measure the speed.

Speed

25

20

0 100 200 300
Distance (custom pixel unit)

(b) Speed profile of the truck in (a).

Figure 47. Visualization of the changing speed of a truck

To calculate speeds, it is important to accurately derive the equivalent distance of each pixel in
the video. It is intuitive that pixels further away from the drone/camera should be longer than
pixels right underneath the drone. To derive the corresponding distances of each pixel, one can
reference the lengths of pavement markings or the lengths of vehicles. For example, the length
of a typical semitrailer is 53 feet. By recording how the dimension of a semitrailer changes
(measured in terms of the number of pixels) as it travels along the road, we can easily derive the
equivalent distances of pixels along the path of the semitrailer. Such distances allow us to turn
pixels/second into ft/second and accurately calculate vehicle speeds.

The speeds of different vehicles of the same type at the same location are averaged and these

average speeds along the entire ramp are then plotted. These plots are provided in Appendix A
and are used in Chapter 7 for developing safety countermeasures.
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6.3 Validating the Estimated Speed Results

To evaluate the accuracy of the estimated vehicle speeds, we calculated the average speeds of
individual vehicles over a selected ramp segment and compared them with the speeds estimated
based on the computer vision algorithms. The average segment speeds were calculated following
the steps below:

e Select two key points (e.g., light poles, beginning and ending points of a guardrail) from
the video for each site.

e Record the times (t; and t,) a vehicle passes the two key points based on timestamps in
the drone video.

e Measure the distance (L) between the two key points using the MassDOT road network
geodatabase. The average segment speed is simply L/(t, — t).

The preceding average segment speeds are compared to the instantaneous speeds of individual
vehicles (estimated by the computer vision algorithms) sampled at equal time intervals. If the
average segment speeds are close to the average instantaneous speeds (e.g., values are only off
by a small margin), the accuracy of the estimated speeds is considered acceptable, otherwise we
repeat the process in Section 6.2 to further improve the speed estimation accuracy. Table 11 lists
the locations and the segment distances considered to calculate the average segment speeds.
Figure 48 shows the selected segments at two sites: West Springfield (North drone) and
Sturbridge.

Table 11. Locations and the travel distance for average speed calculation

Location Distance in meters
Freetown (North drone) 172
Freetown (South drone) 170
Sturbridge 270
West Springfield (North drone) 170
West Springfield (South drone) 150
West Springfield (South old toll) 93.5
Auburn 133
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Figure 48. Sturbridge (top) and West Springfield (bottom) locations

6.4 Detecting High-Risk Events

Algorithm 1. Speeding detection
Input: Vehicle tracks T, threshold ©, window a, drone video

v
Output: Dictionary result: {vehID: [frameNo,...]}
result ;= { }

foreach t in 7 do:
result[t.vehID] = ]
for i := a to V.totalFrames:
foreach t in 7 do:
# getSpeed( ) returns the speed of a vehicle
if getSpeed(t.vehID, from :=i- a, to:=1) > O:
result[t.vehID].append(i)
return result

The speed estimation and trajectory results are further used to automatically identify high-risk
events, such as speeding, sudden decelerations, stalled vehicles, risky lane changes, and last-
minute lane changes. Six algorithms have been proposed in this study to detect the above risky
events. These algorithms are developed in a generic way such that they can be reused at all
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locations without modifications. In all the algorithms, 7 refers to the collection of trajectories for
all vehicles of interest. Threshold © and window a are the speed threshold and sliding window
width, respectively. The first algorithm provided above is for detecting speeding vehicles.

Algorithm 2 is for detecting vehicles that follow other vehicles too closely. The
getDistFromVeh() function returns the minimum distance between two vehicles (i.e., Oriented
Bounding Boxes); however, if the distance between two oriented bounding boxes is smaller than
10 pixels, this function then returns the minimum distance between the segmentation masks of
the two vehicles for reasons illustrated in Figure 41.

Algorithm 2. Traveling too close to other vehicles
Input: Vehicle tracks T, dist threshold ©, drone video V
Output: Dictionary result: {vehID: [(fNo, vehID),...]}
result := {}
foreach t in T do:
result[t.vehID] = ]
fori:= 1 to V.totalFrames:
foreach tin T do:
# getDistFromVeh( ) returns a list of tuples,
# returns a list: [(vehlID, dist), ... |
distance_list = getDistFromVeh(i, t.VehID, T)
if len(distance_list) # 0:
foreach d in distance list do:
ifd[1] > ©:
result[t.vehID].append(i, d[0])

return result

We have also developed and implemented an algorithm (Algorithm 3) to detect vehicles that are
about to run off the highway. This was done using a segmentation mask of the road. Under
normal conditions, taking a union of the road mask and a vehicle OBB will result in the same
area as that of the road mask. However, if a vehicle is too close to the pavement edge, taking a
union of the two would result in an increased area. Since we did not have actual run-off-road
incidents to test this algorithm, it was tested using some generated synthetic data.

Algorithm 3. Vehicles moving out of the road
Input. Vehicle tracks T, road segmentation mask o, drone video V
Output: Dictionary result: {vehID: [frameNo,...]}
result :=={}
foreach tin T do:

result[t.vehID] = ]
fori:= 1 to V.totalFrames:

foreach t in T do:

if getAreaOfUnion(t.vehID, c) # Area(o):
result[t.vehID].append(i)

return result
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Algorithm 4 is to detect stalled vehicles. We define stalled vehicles as cars and trucks that are
completely stationary within a short time window. This time window is defined in terms of the
number of video frames.

Algorithm 4. Stalled vehicle detection
Input: Vehicle tracks T, window a, drone video V
Output: Dictionary result: {vehID: [frameNo,...]}
result :={}
foreach t in T do:
result[t.vehID] =[]
for i := a to V.totalFrames:
foreach t in T do:
# getSpeed(vID, x, y ) returns the avg. speed of a
# vehicle vID between frame no. x and y
if getSpeed(t.vehID, from := i- a, to :==1) = 0:
result[t.vehID].append(i)

return result

. — ]
1 & T, 2

Figure 49. A medium-sized vehicle is seen to slow down so that a vehicle in front of it can safely
merge onto the freeway

A simple modification of Algorithm 4 enables it to detect both stalled and slow-moving vehicles
(Algorithm 5). Using Algorithm 5 together with road segmentation allows us to detect vehicles
that slow down or stop in areas of interest. With this method, we were able to detect quite a few
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slow-moving vehicles in the gore area at the West Springfield (South drone) site. These vehicles
were singled out if they spent more than 1.5 seconds either on the exit lane or in the gore area
before being able to merge into the through lane. A detected example is shown in Figure 49,
where vehicle #145 first slowed down, waited in the gore area, and accelerated to merge. A
medium-sized truck (vehicle #150, indicated by a solid black OBB) had to slow down so that
vehicle #145 could safely merge. During the 1-hour data collection period, we observed multiple
scenarios like this, which indicates that this weaving area (Figure 50) is not providing sufficient
length for vehicles to safely weave and merge. In Figure 50, the red dot corresponds to the gore
area in Figure 49.

[-90E to Rt 55
[-90W to I-91N

5 % :
Figure 50. Weaving area at the West Springfield site (South drone)
Sudden lane changes and last-minute decisions to take the exit are very dangerous. Figure 51
shows two such instances recorded at the Freetown South and West Springfield (South drone)
locations. Late and sudden lane changes are defined as incidents that occur within 120 feet of the

gore area. Algorithm 6 was applied to the West Springfield (South drone) and the Freetown
South locations.

58



Algorithm 5. Stalled/Slow vehicle on exit pavement marking
Input. Vehicle tracks T, threshold ©, window a, road
segmentation mask o, drone video V
Output: Dictionary result: {vehID: [frameNo,...]}
result :={}
foreach tin T do:

result[t.vehID] =]
for i := a to V.totalFrames:

foreach t in T do:

if getSpeed(t.vehID, from := i- q, to := 1) <O and
getAreaOfUnion(t.vehID, o) # Area(o):
result[t.vehID].append(i)

return result

Figure 51. Unsafe lane changes: (left) Freetown South, (right) West Springfield South

Algorithm 6. Late lane changes
Input: Vehicle tracks T, threshold ©, lane segmentations: (oo, 61, ..
on), window a, drone video V
Output: Dictionary result: {(vehID: frameNo), ... }
result :=={}
fori:= 1 to V.totalFrames:
foreach t in T do:
if getLane(t.vehID, o) # getLaneHistory(t.vehID, a)

*

and
vehicleLocation(t.vehID) < ©:
result[t.vehID] := 1
return result

The parameters used in these six algorithms are fine-tuned to better suit the characteristics of the
sites studied in this research. Such parameters can be easily modified so that these algorithms can
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be applied to other sites in the future. We also manually reviewed all videos to identify risky
events. The manually identified risky events were compared to those detected by the proposed
algorithms and they overall matched well.

6.5 Visualizing Risky Events using t-SNE

t-Distributed Stochastic Neighbor Embedding (t-SNE) is an unsupervised machine learning
algorithm widely used for exploratory data analysis and visualizing high-dimensional data. It is
also adopted in this study for modeling and visualizing high-dimensional vehicle speed profiles
in a 2D space. One objective of adopting this machine learning algorithm is to see whether it can
automatically filter out unsafe driving behavior or trajectories. Figure 52 through Figure 60 show
the t-SNE visualizations of vehicles’ speed profiles from different locations. These figures
suggest that small and large vehicles clearly exhibit different speed profiles. Most large trucks
are grouped together at the bottom, while small and medium vehicles are not clearly separated
based on their speed profiles.

While t-SNE plots can reveal underlying patterns or structures in data, it can be difficult to
interpret the plots accurately. The clustering of data points in t-SNE plots may not always
correspond to meaningful groupings or categories in the data. In Figure 52, most of the rapid
decelerations are on the left of the graph. In Figure 53, which shows t-SNE for West Springfield
South, incidents of late lane changes and stalling over the pavement markings (Figure 80c later
in this report) are on the right.
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Figure 52. t-SNE for West Springfield North

In Figure 54, most of the late lane changes appear to be on the upper left quadrant of the
visualization. This location of the Freetown North drone (Figure 55) does not have many
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vehicles taking the exit. Those taking the exit late appear to be concentrated in the bottom of the
plot. In Figure 56, a few incidents of rapid deceleration are concentrated in the upper left of the
plot. However, the incidents of taking the exit late are scattered across the plot without a clear
pattern. In Figure 57, vehicles following closely are concentrated toward the right.
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Figure 56. t-SNE for Freetown South drone
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Figure 58. t-SNE for Sturbridge
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New Bedford
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Figure 60. t-SNE for Andover

6.6 Vehicle Speed Profile Clustering Analysis

With the processed speed data in hand, we can further analyze and understand driving patterns at
each ramp. For instance, we have calculated the average speeds at different cross sections of a
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ramp. Another application is to perform a clustering analysis on the trajectory data. Cluster
Analysis or clustering categorizes data points (vehicle trajectories in this study) into different
clusters/groups so that similar data points are assigned to the same group.

Commonly used clustering algorithms are not directly applicable to time series or trajectory data.
Several modifications to the basic clustering algorithms have been proposed to adapt them for
trajectory and time series data clustering [ 73,74,75]. For the modified clustering algorithms, the
distance measure is a critical component of the clustering process [58].

In our study, we did not simply use the original speed profiles of individual vehicles as the input
for clustering analysis. Instead, we calculated the differences between the observed speeds and
the mean speeds of all vehicles in that category at different cross sections. The speed differences
for each vehicle were used as the input for clustering analysis. Figure 61 shows the speed profile
clustering result for the West Springfield-South location using the modified DBSCAN algorithm
[74] which groups the speed profiles based on how similar or dissimilar they are. Figure 62 is the
speed profile clustering results for the West Springfield-Old toll gate location.
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Figure 61. Speed profile clustering for West Springfield South

In Figure 61, the lower chart highlights one specific vehicle from the West Springfield-South
location. This vehicle’s speed profile belongs to category 3. We further examined the speed
profiles in category 3 and found that they are mostly for vehicles that start slowly and sometimes
even come to a full stop. These vehicles often face challenges to safely merge into the through
lane. The results suggest that clustering analysis can potentially be used to automatically identify
abnormal or risky driving behavior as well.
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Distances (i.e., horizontal axis) in all figures in this section are relative as we used a custom pixel
unit to allow alignment and aggregation of vehicles from different locations. Additional
clustering analysis results are presented in Figure 62 through Figure 69. For the remaining sites,
the clustering analysis sometimes did not yield meaningful results because the speed profiles
were too similar. Specifically, for West Springfield-North, Auburn (also called Worcester in this
report), Andover and Sturbridge, the clustering algorithm yielded only one trajectory cluster.
Further research and experimentation with other clustering algorithms is needed. Another
possible reason is that the sample sizes are too small.
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Figure 62. Clustering result of West Springfield-Old toll gate
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Figure 63. Clustering result of West Springfield-North
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Figure 64. Clustering result of New Bedford
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Figure 68. Clustering result of Andover
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7.0 Detailed Site Analysis and Recommendations

This chapter provides a detailed analysis of each site and specific recommendations for
improving ramp safety. The analysis and recommendations are mainly based on the following
factors: locations and types of traffic signs, slope, curve radius, crash history, and observed
vehicle trajectories. The slopes and radii of the selected ramps are provided in Figure 83 through
Figure 89 at the end of this chapter. The traffic volume information at these sites is provided in
Table 12.

Table 12. Observed traffic volumes at the selected ramps

Truck Observed Volume Hourly Volume
. rollovers
Location
(172015~ | Small | Medium |Large | Total | Small | Medium | Large| Total
2/2022)
Andover 0 58 2 6 66 232 8 24 | 264
Auburn (Worcester) 4 1,228 48 310 |1,586| 801 31 202 |1,034
West Springficld 4 1371 84 | 240 |1,695] 709 | 43 124 | 877
North
West Springfield 0 673 37 118 | 828 | 662 | 36 116 | 814
South
West Springfield Old |, 1,093 | 55 141 [1,289(1,041| 52 134 | 1,228
toll gate
Freetown North 2 69 17 34 120 33 8 16 58
Freetown South 1 337 11 37 385 | 163 5 18 186
New Bedford 2 993 71 28 [1,092| 405 29 11 446
Sturbridge 3 65 8 82 155 32 4 40 76
7.1 Andover Site

This ramp is in Andover, MA connecting [-495N to I93N. There are two 25 mph advisory speed
signs located close to each other at the beginning of the ramp as shown in Figure 70. This ramp
has a roughly —1.5% slope, which was derived using the LiDAR data obtained from the United
States Geological Survey (USGS) website. The elevation profile of this ramp is shown in Figure
83.

Andover was the first site that we collected data from. It was selected mainly because there was a
parking lot there owned by MassDOT that made it an ideal location for testing the drone. From
January 2015 to February 2022, there were no heavy truck rollovers at this site. Since it was the
first site, we spent a lot of time testing the drone and experimenting with different altitudes and
angles. Therefore, we only obtained about 15 minutes of useful videos from this site. During this
short period, we observed two types of risky events listed in Table 13: (1) approaching too fast or
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following too closely, and (2) last-minute lane change. Some examples of such risky events are
provided in Figure 71.

145 ft

Figure 70. Advisory speed sign locations: Andover

Source: [-495N Exit #97B, Andover, MA; digital image, July 2022, “Street View,” Google Maps
(http://www.googlemaps.com: accessed 1 January 2023).

Table 13. Risky events observed at the Andover site

Type of risky events Number of observations
Approaching too fast/following too closely 29
Last-minute lane change 1

There are no obvious roadway geometry issues at this site. Given that there were 29 instances
(within 15 minutes) of vehicles either approaching the ramp too fast or following other vehicles
too closely, it might be necessary to introduce measures that can reduce speed variations among
vehicles. A possible solution is to add one advisory speed sign at an upstream location (e.g., the
red dot in Figure 70), so that drivers can have longer time to adjust their speeds. Another solution
could be upgrading the existing W13-3 signs in Figure 70 to W13-7 signs, which may increase
driver compliance with the advisory speed. The single case of last-minute lane change (Figure
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71c¢) could be due to driver distraction, which probably can be better addressed through other
strategies such as safety campaigns.

_{o proaching too fast

(c) last-minute lane change - h (d) following too closely o

Figure 71. Risky events at the Andover site

7.2 Auburn/Worcester Site

The Auburn ramp connects 1-290S to I-90W and has two lanes. It has three 25 mph advisory
speed signs and four truck rollovers as shown in Figure 72. The ramp starts with a —2.5% slope
followed by a roughly +1% upgrade as shown in Figure 84.

Based on the speed profiles and drone videos, we observed the following three types of risky
events shown in Table 14 at the Auburn site. Some sample risky events are presented in Figure
73.

Figure 73(a) shows a truck traveling too fast and between two lanes. When traveling on a ramp at
a high speed, it is more difficult to adjust lateral position than on a straight segment or at a low
speed. Figure 73(b) shows that a fast-moving vehicle (#331 at 34 mph) approaches a slower
vehicle (#328 at 30 mph) and later follows it closely. Figure 73(c) shows a slow vehicle (#136 at
27 mph) changes from the left lane into the right lane and blocks a fast-moving vehicle (#140 at
40 mph) in the right lane.
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Figure 72. Advisory Speed sign locations: Auburn/Worcester

Source: I-290S to I-90W ramp, Auburn, MA; digital image, August 2022, “Street View,” Google Maps
(http://www.googlemaps.com: accessed 1 January 2023).

Table 14. Risky events observed at the Auburn/Worcester site

Type of risky events Number of observations
Approaching too fast 15
Unsafe lane changes 34

Traveling between lanes 15

Our recommendations for this site are:

1. For such a sharp curve on a downgrade (Figure 84), lane changes should be prohibited on
this ramp. A solid double white line in conjunction with an R4-9 “Stay in Lane” sign
probably should be used instead of the current dashed line.

2. We observed heavy trucks in both lanes (sometime between lanes). Trucks probably
should be restricted to the left lane only by using advance signage. If a truck rollover
happens (usually overturn to the left side on this ramp), it would be less likely to block
the right lane and cause damage to the vehicle traveling on its left). The potential
downside of this strategy is that the rollover may block the opposite direction.

72



3. Separating trucks and smaller-sized vehicles could contribute to more uniform speeds
(smaller speed variances) in each lane. A dual-advisory speed sign can then be used to
give heavy trucks and smaller-sized vehicles different advisory speeds as shown in Figure
2 and reference [/8].

4. This site already has three rollover warning signs. However, approaching the ramp too
fast is still a major problem. The crash history shows that the recent four truck rollovers
(crash numbers #4510434, #4542938, #4670358, and #4882571) on this ramp were all
caused by speeding. Many studies [7,8,9,10,12,14] have suggested that adding
continuously flashing beacons or speed triggered beacons to rollover warning signs can
help to reduce vehicle speeds and improve safety. MassDOT may want to convert one of
the three warning signs into a dynamic warning sign. The beacons should be activated
when a speeding vehicle is detected. Another option is that the beacons are activated
when a speeding truck is detected.

(b) fllowmg too closely (c) unsafe lane change

Figure 73. Risky events at the Auburn/Worcester site

7.3 Freetown North and South

The Freetown North ramp connects Route 24S to Route 79W, while the Freetown South ramp
connects Route 24N to Route 79E. Both ramps are very similar in terms of geometry. The North
ramp has an advisory speed of 25 mph, and the South ramp has 30 mph. The locations of the
advisory speed signs are illustrated in Figure 74. As shown in Figure 85, the North ramp is on a
—1.8% downgrade and the South ramp is also on a downgrade but with a smaller slope of
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—0.8%. Both Freetown ramps have much lower large truck volumes than the Auburn and West
Springfield sites as shown in Table 12.

Figure 74. Advisory speed sign locations: Freetown North and South

Source: MA Route 24N Exit #11 and MA Route 24S Exit #11, Freetown, MA; digital image, July 2021, “Street
View,” Google Maps (http://www.googlemaps.com: accessed 1 January 2023).

7.3.1 Freetown North

The two most significant risky events at this site are approaching too fast and unsafe lane
changes as listed in Table 15. A few examples are provided in Figure 75. Most of the unsafe lane
changes are related to exiting vehicles.

The trajectory data suggests that most unsafe lane changes were due to exiting traffic. Although
existing signs all conform to the MUTCD, it may be helpful to move the exit speed advisory sign
(Figure 74) further upstream so that drivers can be better prepared. As shown in Figure 74, the
current W13-2 sign is about 200 ft ahead of the beginning of the exit ramp, which gives drivers
limited time to adjust their speeds. At the Andover site, we observed only 1 last-minute lane
change in about 15 minutes. At Freetown North, we observed 17 of them in about 124 minutes.
The Andover ramp connects two major interstate highways (I-495N to [-93N). Drivers are
unlikely to miss the exit ramp. While for the Freetown North ramp, it connects Route 24 to a
principal arterial (Route 79). Unless a driver uses GPS or is familiar with this area (and pay close
attention to exit signs), this exit ramp is more likely to be missed than the Andover ramp.
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Figure 75. Sample risky events at the Freetown North ramp

Table 15. Risky events observed at the Freetown North site

Type of risky events Number of observations
Approaching too fast 3
Unsafe lane changes 17

Between January 2015 and February 2022, there were two truck rollovers at this ramp. Both
occurred near the very beginning of the ramp. One was due to speeding (crash number
#4191801) and the other one (crash number #4367096) was caused by fatigued driving (and
potentially speeding). The deceleration lane taper starts about 790 ft upstream of the exit ramp
(670 ft for the Freetown South ramp). It is difficult to precisely measure and separate the taper
and deceleration lane itself from Google Satellite Image. A rough estimate of the Freetown North
ramp deceleration lane length using Google Satellite Image is about 500 ft, which appears to be
adequate based on the findings in [ 76]. Therefore, the main challenge is how to prompt drivers to
change into the deceleration lane and slow down. As shown in Figure 93 in Appendix A, the
average truck speed entering the Freetown North ramp is close to 30 mph, although the advisory
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speed is 25 mph. For speed reduction purposes, various pavement markings discussed in Section
2.3 may be considered for the deceleration lane.

7.3.2 Freetown South

As shown in Table 15, unsafe lane change and approaching too fast are still the two dominant
risk events for the Freetown South ramp. Two examples are provided in Figure 76. Figure 76(a)
shows a fast-approaching vehicle (vehicle #75 at 53 mph) changing lane at the last minute.
Figure 76(b) shows a vehicle (#279) traveling at 52 mph when approaching the beginning of the
exit ramp. Note that the advisory speed for this exit ramp is only 30 mph.

(a) last-minute unsafe lane change

Figure 76. Sample risky events at the Freetown South ramp

Table 16. Risky events observed at the Freetown South site

Type of risky events Number of observations
Approaching too fast 18
Unsafe lane changes 18

As shown in Figure 89, the initial segments of the Freetown North and South ramps have
significantly smaller radii than other exit ramps. This was one of the main reasons that we
selected these two exit ramps for collecting drone data. Given the sharp curves, it may be helpful
to add a static or dynamic truck rollover warning sign at both Freetown North and South ramps.
This is particularly important for Freetown South, since its deceleration lane length (not
including taper) is about 450 ft measured based on Google Satellite Image, which is less than the
recommended safe value in [76].

The advisory speed for Freetown South is 5 mph higher than that for Freetown North. However,
the South ramp has a slightly sharper curve (radius = 170 ft) compared to the North ramp (radius
= 186 ft). It is recommended that the advisory speed for the South ramp be reduced to 25 mph.
Comparing Figure 93 and Figure 94 in Appendix A suggests that the average large truck speed
when entering the Freetown South ramp is greater than 30 mph, while the corresponding speed
for Freetown North is slightly below 30 mph. This difference might be attributed to the fact that
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the South ramp advisory speed is 5 mph higher than the North ramp speed. In addition, the South
ramp has a shorter deceleration lane than the North ramp.

Another suggestion for both Freetown North and South ramps is to add a W13-2 and a W13-3
sign. As shown in Figure 77 and Figure 78, when the difference between the mainline speed limit
and the ramp advisory speed is greater than 25 mph, these two signs are needed. The speed limit
for Route 24 is 65 mph and the current advisory speeds are 25 mph and 30 mph, respectively.
Therefore, W13-2 and W13-3 would be helpful in this case. In particular, adding the W13-2 sign
may prompt drivers to change into the deceleration lane earlier.

Figure 2C-3. Example of Advisory Speed Signing for an Exit Ramp

EXIT ES-1a
23 B x
Y (optional)
RAMP
RAMP |~
“130
?P? MPH
W13-7 w133 % See Section 2E.37 for
information regarding
Exit Gore signs
MPH
F EXIT
R 1 Q
40 |”| 40
MPH MPH
W13-2 W13-5

Notes:
1. See Table 2C-4 for advance placement distance guidelines
2. See Table 2C-5 for the selection of horizontal alignment signs
3. See Table 2C-6 for spacing of W1-8 signs

4. A 30-mph ramp advisory speed and 40-mph exit advisary
speed are shown for illustrative purposes only

Figure 77. Example of Advisory Speed Signing for an Exit Ramp
Source: MUTCD, Figure 2C-3 [77].
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Table 2C-5. Horizontal Alignment Sign Selection

Type of Difference Between Speed Limit and Advisory Speed
Horizontal 25 mph
Alignment Sign 5 mph 10 mph 15 mph 20 mph oF more

Turn {(W1-1), Curve (W1-2), Reverse Turn (W1-3),
Reverse Curve (W1-4), Winding Road {(W1-5), and

Combination Horizontal Alignment/Intersection (W1-10) Recommended  Required Required  Required Required
(see Section 2C.07 to determine which sign to use)

Advisory Speed Plaque (W13-1P) Recommended,  Required Required |Required| Required

Chevrons (W1-8) and;ﬁ;ﬁ%ﬁ Direction Large Arrow Optional  |Recommended| Required |Required| Required

Exit Speed (W13-2) and rZ?nn;]Jp Speed (W13-3) on exit Optional Optional Recommended Required| Required

Note: Required means that the sign and/or plaque shall be used, recommended means that the sign and/or plaque should be
used, and optional means that the sign and/or plague may be used.
See Section 2C.06 for roadways with less than 1,000 AADT.

Figure 78. Horizontal Alignment Sign Selection
Source: MUTCD, Table 2C-5 [77].

7.4 West Springfield

The West Springfield site has three segments: North, South, and South (Old toll gate). They
correspond to Segments 1, 2, and 3, respectively in Figure 22. Our focus is on West Springfield-
North and West Springfield-South. These two segments start at the green line in Figure 79 and
continue north toward I-91. The elevation profiles for these two segments are shown in Figure
86, suggesting that they start with a —3% downgrade and are followed by a +4% upgrade. The
lowest point is underneath the bridge (red dot in Figure 79). Figure 79 shows the locations of five
advisory speed signs. Two of them are on the ramp of interest and the other three are on adjacent
ramps.
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Figure 79. Advisory Speed sign location: West Springfield

Source: I-90W to [-91 Ramp and I-90E to I-91 Ramp, West Springfield, MA; digital image, August and September
2022, “Street View,” Google Maps (http://www.googlemaps.com: accessed 1 January 2023).

The average speed profiles results in Figure 90 through Figure 92 suggest that the average large
truck speeds for the first two West Springfield segments (Old toll gate and South) have never
been below 30 mph. The average truck speed goes slightly below 30 mph when they are halfway
through the red segment in Figure 90 (i.e., West Springfield-North). Note that the advisory speed
here is 25 mph. Another important observation is that the average truck speed goes up in Figure
91, reaching approximately 34 mph. This is most likely due to the —3% downgrade that overlaps
with the segment in Figure 91.

The main problems at West Springfield-North and South are approaching too fast and following
too closely, last-minute lane changes, and waiting in traffic for a lane change. The frequencies of
these risky events are listed in Table 17. Waiting in traffic for lane change (Figure 80c¢) is related
to last-minute lane change (Figure 80b and Figure 80d) but is more dangerous. In Figure 80c,
vehicle #8 slows down to 8 mph and waits for a safe gap to merge, while vehicles before and
after it in the through lane are traveling at approximately 40 mph.
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(a) Approaching too fast and closely: West (b) LaMinute Lane change: West
Springfield North Springfield South

(c) Waiting for lane change: West Springfield (d) Last-minute lane change: West Springfield
South South

Figure 80. Risky events at the West Springfield North and South sites

Table 17. Risky events observed at West Springfield North and South

Type of risky events Number of observations
Approaching too fast 62
Last-minute lane change 164
Waiting in traffic for lane change 62

Given the high approaching speeds and the large number of last-minute lane changes at this site,
the following recommendations are provided:

1. The existing 25 mph advisory speed seems to be reasonable. However, apparently speed
compliance among truck drivers is a major issue. There was a toll plaza right before this
ramp, which was removed in 2016. The crash history at this location shows that there
were no truck rollovers on this ramp between 1/1/2008 and 12/31/2014 and 4 rollovers
(crash numbers #4333162, #4840839, #4844305, and #4917505 all due to speeding) after
the removal of the toll plaza in 2016. Therefore, it is important to take measures to reduce
truck speeds. MassDOT may consider dynamic warning signs and pavement markings at
this site.
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2. The existing static signs can be replaced by dynamic speed feedback signs to increase
driver speed compliance, particularly the first static sign (Sign A in Figure 79) before the
bridge. This first static sign is on the —3% downgrade. The data in Figure 91 clearly
shows that the average truck speed increases in this downgrade segment.

3. The merging vehicles in the right lane (Figure 80c) may give vehicles in the left lane the
impression that they are on the freeway mainline. However, the left-lane vehicles will
soon enter a sharp curve which is typically not seen on a freeway mainline. A W1-11L
sign before the bridge (red dot in Figure 79) may give drivers a better idea of what is
ahead of them and prompt them to slow down.

4. An additional 25 mph advisory sign may be added near the purple dot in Figure 79,
letting drivers know that the ramp has not ended yet and to not speed up too soon.
Another benefit of doing this is that it may make it easier for vehicles in the right lane
(from I-90W exit ramp) to merge into the left through lane (Figure 80c). We observed
164 last-minute lane changes and 62 waiting in traffic for lane changes near the red star
in Figure 79 in just 1 hour. Having similar speeds in both the left lane and the entrance
ramp (i.e., the [[90W exit ramp) may make lane changes /weaving maneuvers easier.

7.5 New Bedford

The New Bedford ramp connects Route 140S to I-195W. It has two 30 mph advisory speed signs
as shown in Figure 81. Figure 87 shows that this ramp consists of a short (about 500 ft)
downgrade of —2.4% and a +1.7% upgrade of 1,200 ft. Two truck rollovers (crash numbers
#4269428 and #4313118) occurred toward the end of the ramp during the study period, and both
were due to speeding. This ramp has a much lower large truck volume than the Auburn and West
Springfield sites as shown in Table 12. Its large truck volume is similar to those of the two
Freetown sites and the Sturbridge site.

Unlike previous ramps, we did not observe any risky events here. The New Bedford ramp has
two major curves separated by a relatively straight and long segment. The crash history suggests
that speeding at the second curve is the main problem. The elevation profile of this ramp (Figure
87) suggests that the first ramp is on a downgrade and the second curve is on an upgrade. The
upgrade for the second curve theoretically should help to slow vehicles down and improve
safety. We suspect that the smaller radius of the second curve is the main reason for its worse
safety record than the first curve. Figure 89(e) shows that the first curve has a radius of 501 ft
and the second curve has a radius of 257 ft (almost half of the first curve). However, the advisory
speeds for both curves are 30 mph.

We acknowledge that advisory speeds need to be determined by considering other factors such as
superelevation and pavement conditions in addition to horizontal curves. However, the accuracy
of airborne LiDAR data is not sufficient for us to accurately determine the superelevation and
pavement conditions. Thus, our recommendation to reduce the second advisory speed to 25 mph
is based on the horizontal curve, elevation profile, and crash history data. The same advisory
speed for the two curves could be justified by their different superelevations.
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Figure 81. Advisory speed sign location: New Bedford

Source: MA Route 140S to I-195W Ramp, New Bedford, MA; digital image, July 2021, “Street View,” Google
Maps (http://www.googlemaps.com: accessed 1 January 2023).

The ball bank indicator method has been widely used by state DOTs to determine the optimal
speeds for horizontal cu rves. A limitation of this method is that the data collection is often done
using passenger cars, not heavy trucks. The drone video data collected in this study is only 147
minutes long and cannot reflect all driving conditions (e.g., heavy traffic, nighttime, snow, rain)
at this site. To fully understand the truck rollover risks at this site, MassDOT may want to
conduct a long-term data collection effort using roadside radar sensors. Some new radar sensors
can detect and track individual vehicles and generate trajectories similar to what the
drone+computer vision solution can do. The drone solution in this research can be quickly set up
and 1s ideal for short-term data collection. Although the roadside radar method requires more
effort to set up, it can well complement the drone solution and generate trajectory data for
several weeks or months.

7.6 Sturbridge

The Sturbridge ramp connects Route 15 to 1-84S. Based on the 2008 Google Street View and
2020 Bing Maps Streetside data, this ramp does not have any advisory speed signage. The
adjacent exit ramp from [-84S to Route 15 does have a 30-mph advisory speed sign as shown in
Figure 82. The elevation profile in Figure 88 suggests that this Sturbridge ramp consists of a
650-ft +2.8% upgrade, an 800-ft —1.8% downgrade, and a 400-ft +2% upgrade. The large truck
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volume at this Sturbridge site during the data collection period is much lower than those of the
Auburn and West Springfield sites as shown in Table 12. However, this site had 3 truck rollovers
during the 1/2015-2/2022 period compared to 4 for both West Springfield and Auburn.

Figure 89(f) shows that this ramp consists of four curves, and one of them has a very small
radius of 188 ft. This is approximately where three truck rollovers (crash numbers #4192226,
#4357792, and #4391299) occurred between January 2015 and February 2022. Two of them
were due to speeding. According to the truck driver, the third rollover was caused by “radio
microphone fell and got wedged in between steering wheel and dashboard.” As a comparison,
the radii for the entrance curves of the two Freetown ramps are 186 ft and 170 ft, and their
corresponding advisory speeds are 25 mph and 30 mph, respectively.

No risky events have been identified from the 122-minute drone videos taken at this site. Due to
a truck stop near this site, the Sturbridge ramp is expected to have a high truck traffic volume.
One thing worth noting is that all three rollovers occurred toward the end of the downgrade
segment (around 1,200 ft in Figure 88) and in the center of the sharpest curve with a radius of
188 ft (Figure 89f). In other words, these rollovers occurred where a downgrade meets a sharp
curve. In addition, there is no advisory speed sign and there is a relatively straight segment
before the sharp curve. The straight segment may prompt vehicles to accelerate.

o)
=
=

Figure 82. Advisory speed sign location: Sturbridge
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For this Sturbridge site, our recommendations are:

1.

An advisory speed sign is needed given the sharp curve and downgrade. MassDOT may
also consider dynamic warning or dynamic speed feedback signs specifically for heavy
trucks.

A W1-11R sign and a W1-13R sign to warn drivers of the upcoming sharp curve. Since
this ramp is near a truck stop and serves a busy interstate (I-84). A lot of long-haul truck
trips are anticipated, and truck drivers may not be familiar with this route/ramp.
Although many pavement markings have been proposed to reduce vehicle speed, the
New York state example in Figure 14 and reference [28] suggests that roadside signs
might be a better option for states in the Northeast region. At the New York state site,
pavement markings were installed and tested around 2004. However, this site has been
using an overhead dynamic warning sign since 2007 until now (Figure 14). Due to snow
plowing and deicing activities, pavement markings may require frequent maintenance,
making them a less desirable solution for Massachusetts.

Conduct a before-and-after study to evaluate the chosen strategy’s effectiveness. This
study can be conducted at any of the sites investigated in this research.
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8.0 Conclusions and Discussion

This research focuses on understanding the root causes of highway ramp truck rollover crashes
by considering a wide range of factors, including vehicle trajectories, ramp slopes and radii,
locations and types of traffic signs, and crash history. Drones are utilized to collect highway
traffic data from seven high-risk ramps. A suite of algorithms has been developed to detect and
track vehicles, estimate vehicle speeds, generate vehicle trajectories, and extract risky events. On
the other hand, a thorough review of literature and best practices on reducing highway ramp
truck rollovers has been conducted and highway ramp truck rollover crash data in Massachusetts
has been carefully reviewed. The extracted vehicle trajectory data is linked to truck rollover
history, traffic signage, advisory speeds, roadway geometry, etc. in order to identify correlations
and cost-effective countermeasures.

Through this study, a relatively lightweight yet highly accurate Oriented Mask-RCNN model is
developed for vehicle detection, and the Savitzky—Golay filter is adopted for vehicle tracking.
Additional algorithms are also developed to analyze the extracted vehicle trajectories to

e (alculate average speed profiles by vehicle classification.

e Identify high-risk events (and use them as surrogate safety measures) such as unsafe and
last-minute lane changes, approaching too fast, and following other vehicles too closely.

e Cluster trajectories into different groups to automatically identify abnormal trajectories.

e Visualize high-dimensional vehicle speed profiles on a 2-dimensional plane.

The average speed profiles and clustering analysis provide valuable information helping us
understand driver behavior along a ramp. In some cases, the clustering analysis results show
clear differences among the trajectories of different groups/clusters. The detected high-risk
events are important for identifying potential connections among traffic signage, roadway
geometry, and safety hazards. Also, the t-SNE method shows potential to automatically identify
abnormal trajectories.

The review results of literature and best practices suggest that various dynamic warning signs
and pavement markings are the two most popular strategies for reducing vehicle speeds and
improving horizontal curve (including ramp) safety. However, there has been a lack of thorough
investigation of the effectiveness of such strategies (particularly pavement markings) using field
data. Many of the evaluation studies were based on driving simulation and the conclusions were
sometimes inconsistent.

The narratives of all ramp truck rollover crashes between January 2015 and February 2022 in
Massachusetts have been reviewed. It is found that over 95% of ramp truck rollovers are single-
vehicle crashes. Speeding is the predominant reason for such crashes and accounts for about 56%
of all rollovers. Based on the locations of these rollover crashes, seven high-risk ramps are
selected and further investigated. Traffic videos at these ramps are captured using drones, and
vehicle trajectories are generated using the developed deep learning models. The locations and
types of traffic signs, slopes, and curve radii of these ramps are also obtained and carefully
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investigated together with the above trajectory results. Based on the analysis, some practical and
specific safety improvement recommendations are provided for each site to MassDOT.

This study finds drones to be a very useful and handy tool for short-term traffic data collection.
They can cover a larger area than roadside cameras due to their height and can be deployed
quickly. However, drone deployment is limited by weather conditions and battery life. For long-
term data collection to cover various weather and lighting conditions, emerging high-definition
radar sensors might be a better choice.

Some of the selected ramps are at a high risk of having truck rollover crashes. One example is
the West Springfield site, which has had 4 truck rollovers since the removal of a nearby toll plaza
in 2016. The collected data seems to suggest that speeding and insufficient weaving area length
are generating safety hazards at this site. MassDOT may install dynamic warning signs and take
other measures at these high-risk sites. It is recommended that MassDOT conduct before-and-
after studies to quantify the benefits of such safety measures.

Overall, the developed deep-learning-based vehicle detection and tracking algorithms work well,
despite challenges such as drone rotation and vibration. Some high-risk events have been
successfully detected based on the generated vehicle trajectories and verified manually. The
proposed trajectory analysis methods such as clustering and t-SNE diagrams can potentially be
applied to trajectories generated by other sensors such as high-definition radar.

The proposed trajectory-based safety analysis approach provides important inputs for
understanding driver behavior at/near highway ramps, and it can be used as an effective tool for
road safety audits. This approach can be extended to cover other transportation facilities such as
intersections, horizontal curves, and midblock pedestrian crossings and use data generated by
radar or LiIDAR sensors. Installing radar or LiDAR sensors will take more effort than using
drones. However, radar and LiDAR can generate more data than drones over a longer period
(e.g., several weeks/months), making them more suitable for before-and-after studies.
Experience learned through this project suggests that trajectory-based safety analysis will play an
increasingly important role in future traffic safety data analytics.

It would be very helpful to develop a generic set of guidelines for improving highway ramp
safety. For example, if a ramp falls under category A, safety strategies 1, 2, and 3 should be
implemented. However, doing so is very challenging, as ramp safety is affected by many factors
such as curvature, slope, placements of traffic signs, number of lanes, and traffic compositions.
A large amount of data from different ramps will be needed to draw such generic conclusions or
guidelines.
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Appendix A: Average Speed Profile Results
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Figure 90. Average speed by category for West Springfield North

Figure 91. Average speed by category for West Springfield South
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Figure 92. Average speed by category for West Springfield Old toll gate
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Figure 93. Average speed by category for Freetown North
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Figure 94. Average speed by category for Freetown South
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Figure 95. Average speed by category for New Bedford
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