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ABSTRACT

Regular inspection of transportation assets is essential to ensure pavement markings and pavements
remain in good, clean, and safe condition. Our previous MPC-funded project (Report No. MPC-668)
demonstrated the strong potential of using artificial intelligence (AI) and mobile phone imagery to
identify various transportation assets. However, that initial effort was limited in scale, using only ~1,000
images for training and validation. Building upon this foundation, the present project focuses on two
targeted assets: pavement marking issues and roadside litter, while expanding the capability of the
previously developed Al packages. In this study, the dataset increases to over 6,000 images for each asset
type. Using the You Only Look Once (YOLO) deep learning architecture, two detection models were
trained and achieved strong accuracy metrics, with F1 scores of 0.88 for pavement marking issues and
0.84 for roadside litter. In addition, counting and geolocation models are developed to quantify detected
objects within a road section or video clip and to determine their precise locations by integrating data
from a phone-based global positioning system (GPS) tracker. The geolocation model demonstrates high
spatial accuracy, achieving an average positional error of only 0.27 meters. To facilitate practical
application, an interactive mapping interface is implemented to visualize the geolocation, object class,
inspection time, and cropped image of each identified object. This interface enables clear and intuitive
assessments of pavement conditions, specifically faded markings and roadside litter. Overall, this project
enhances our prior work by extending capabilities in detection, counting, geolocation, and visualization,
which supports regular asset inspection, informs maintenance planning, and ultimately improves roadway
safety.
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EXECUTIVE SUMMARY

Pavement markings are critical transportation assets that directly affect roadway safety and mobility but
have a relatively short service life. Faded markings can significantly impair drivers’ ability to navigate
safely. Also, roadside litter (e.g., vehicle debris) poses hazards that may contribute to traffic accidents.
Regular inspection and maintenance, such as repainting faded markings and removing litter, are essential
to keep roadways in good, clean, and safe condition. However, traditional inspection methods rely heavily
on manual labor, which is subjective, time-consuming, and unsuitable for large-scale and frequent
assessments. Advances in artificial intelligence (Al), particularly deep learning and computer vision, now
offer promising alternatives for automating transportation infrastructure inspections.

In our previous MPC project (Report No. MPC-668), we developed an Al-based package for detecting
transportation assets and related issues. However, that effort was limited in scope, using only ~1,000
images per task for training and validation, which restricted the generalizability of the developed models.
In this new project, we focus specifically on pavement markings and roadside litter, expanding both the
dataset and the capabilities of the developed Al packages.

First, the dataset is expanded to over 6,000 self-collected images for each asset type. Faded pavement
markings are classified into white faded and yellow faded markings, while roadside litter is categorized
into four classes: white litter, black litter, leaves, and dirt. Based on these annotated images and using the
You Only Look Once (YOLO) deep learning architecture, we trained two Al detection models that
achieved strong performance, with F1 scores of 0.88 for faded pavement markings and 0.84 for litter.

Beyond detection, we extend our Al models to quantify the number of identified objects within a road
segment or video clip. Based on object tracking, we develop a specialized counting model, which has
been successfully deployed in a case study of a highway route in Utah. Moreover, we enhance the Al
packages to geolocate each identified object. By integrating a phone-based GPS tracker (GPX tracker)
and employing time-based interpolations, we propose a geolocation model to match the video frames with
GPS recorders. This geolocation model is designed to estimate the latitude and longitude of the identified
objects accurately; it exhibits high accuracy in pinpointing object positions, with an average distance error
of only 0.27 meters, as validated through a case study on a test highway route (I-15) in Utah.

Finally, we implement an interactive mapping interface using Folium, a Python package, to visualize the
geolocation, object class, inspection time, and cropped image of each identified object. This tool offers
transportation agencies an intuitive, data-rich platform for monitoring roadway conditions, prioritizing
maintenance, and improving asset management efficiency. Overall, this project builds significantly on our
earlier work, extending Al capabilities from simple detection to comprehensive counting, geolocation,
and visualization. These advancements enable more frequent, accurate, and scalable inspections of
transportation assets, supporting proactive maintenance planning and contributing to improved roadway
safety.
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1.  INTRODUCTION AND BACKGROUND

1.1 Project Motivation

Pavement markings are critical components of roadway infrastructure, providing essential visual guidance
to drivers by indicating regulations, navigation instructions, and safety warnings (FHWA 2009).
However, due to continuous exposure to traffic wear, adverse weather conditions, and mechanical actions
like snowplowing, these markings often deteriorate over time, becoming faded or entirely worn out
(Sassani et al. 2021; Xu et al. 2021). Studies have shown that pavement markings generally have a short
service life, ranging from as little as 0.5 years to a maximum of about three years (Alzraiee et al. 2021).
Degraded or missing markings can lead to confusion, misjudgment, and accidents among road users
(Kawano et al. 2017; Sassani et al. 2021), emphasizing the importance of regular inspections and timely
maintenance to uphold road safety. Traditionally, pavement marking assessments are carried out manually
or with specialized equipment, e.g., retroreflectometers (Pike et al. 2011; Wei et al. 2021). While
effective, these methods are labor-intensive, time-consuming, expensive, and infeasible for frequent or
large-scale inspections (Kuang and Chen 2024b). The manual process also introduces subjectivity and
variability in results. Therefore, there is a growing need for a more scalable, objective, and cost-effective
solution to monitor pavement markings efficiently and accurately.

Another persistent challenge in highway maintenance is roadside litter (Chamberlin et al. 2021). Common
forms of litter, such as construction debris, vehicle debris, food containers/wrappers, plastics, and leaves,
are strewn across roads, which easily lead to blockage of the roadside drainage system (Karimi and Faghri
2021; Mullaney and Lucke 2014) and pose significant hazards to road users by causing traffic accidents.
A research report by the American Automobile Association (AAA) Foundation for Traffic Safety
indicates that, over the years 2011-2014, an estimated average of 50,658 police-reported crashes in the
U.S. were attributed to road debris, resulting in approximately 9,800 injuries and 125 fatalities annually
(Tefft 2016). Therefore, maintaining a clean and hygienic pavement is an important task for traffic safety
and municipal works (Ramalingam et al. 2021). Similar to pavement marking issues, current practices for
identifying litter on the roadside rely on the manual process, which is repetitive and laborious (Gémez et
al. 2022). Hence, there is a pressing demand for an intelligent and efficient way to identify litter on the
roadways.

One way to develop an efficient and automated approach to inspect pavement marking and identify litter
is the utilization of artificial intelligence (Al), such as computer vision and deep learning. The
advancement of Al has enabled the automatic inspection of transportation assets through object detection
and classification with high accuracy and at a nearly real-time speed (Krizhevsky et al. 2017; Redmon et
al. 2016). In transportation applications, deep learning has been employed for pavement distress detection
(Farhadmanesh et al. 2021; Peng et al. 2024; Wen et al. 2022; Zakeri et al. 2017), traffic sign recognition
identification (Karsten et al. 2021), and even segmentation-based pavement marking evaluations (Xu et
al. 2021). These Al tools offer not only improved accuracy but also the scalability required for systematic
infrastructure monitoring.

Building on this potential, our prior project, funded by the Mountain-Plains Consortium (MPC) (report
No. MPC-668) and titled “Mobile Phone-Based Artificial Intelligence Development for Maintenance
Asset Management” (Kuang and Chen 2024a; Kuang et al. 2024), successfully demonstrated Al-based
models for detecting faded pavement markings and roadside litter using mobile phone video data.
However, that effort was small-scale in scope, with a relatively small dataset of ~1,000 images per task
for model training and validation. Additionally, the prior work is limited to identifying objects of interest
and lacks the ability to count the number of detected objects within a specific road section or video clip.
Object detection in the previous work is a static task focused on locating regions of interest in individual
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frames (Koch et al. 2013; Wang et al. 2023). However, the same object can appear across consecutive
frames in a video sequence (Wei et al. 2021), leading to repeated detection of the same object in multiple
frames. Furthermore, the precise geolocation of identified objects is another gap in our previous project.
Accurate geolocation is essential for planning effective maintenance work. A few prior studies have
employed high-resolution global positioning system (GPS) devices to record geolocations during data
collection (Ma et al. 2022; Okpe and Idachaba 2023). Based on these GPS records, the location of
detected objects can be inferred. However, the sampling rates of GPS devices and video recordings are
heterogeneous, and how to accurately synchronize GPS records with video frames remains an unsolved
issue in existing studies. This lack of precise location information for identified objects (e.g.,
transportation assets or asset issues) presents a significant research gap, which hinders maintenance teams
from effectively understanding the locations of these issues for timely intervention.

As a result, significant gaps remain in the development of an end-to-end Al-based inspection package that
can not only detect pavement-related issues and identify roadside litter but also count and geolocate them
accurately. Addressing these gaps through an enhanced, scalable, and automated Al solution would offer
transportation agencies a powerful tool for improving roadway maintenance, enhancing safety, and
reducing operational costs.

1.2 Research, Objectives, and Tasks

To address the limitations in our previous project, this project aims to expand upon prior work through a
large-scale investigation focused on the detection, counting, and geolocation of pavement markings and
roadside litter. Specifically, we seek to significantly increase dataset size and diversity, improve Al model
accuracy, and enhance the practical utility of object detection systems for transportation asset
management. By advancing both the technical and operational capabilities of the Al package, we aim to
support more effective and efficient maintenance planning. The following research tasks are proposed to
achieve these objectives:

Task 1: Data Collection

Expand the dataset by collecting a significantly larger volume of images and videos of transportation
assets and issues, including pavement markings and guardrails, across a broader geographic area and
under diverse environmental conditions (e.g., varying lighting, weather, and time of day).

Task 2: Advancement of Object Detection Models

Leverage the expanded dataset to enhance and refine Al models for object detection. This includes
improving the reliability and accuracy of assessing pavement marking conditions and identifying roadside
litter under various operational conditions.

Task 3: Development of Object Counting Algorithms

Design and implement algorithms capable of accurately counting distinct objects detected within a given
road section or video segment. These algorithms will address the challenge of repeated detections by
tracking objects across consecutive frames, thereby reducing overcounting.

Task 4: Geolocation of Identified Objects

Develop a method to synchronize GPS data with video frames to accurately geolocate each detected
object. This task addresses a major limitation in previous work, ensuring that maintenance teams can
pinpoint the exact locations of identified issues for timely and effective intervention.
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Task 5: Large-Scale Model Validation and Testing

Conduct extensive validation and testing of the enhanced Al models using the expanded dataset. This step
will assess the performance of models in terms of accuracy, robustness, and scalability across different
road environments and operational conditions.

1.3 Report Overview

This report is organized to provide a clear understanding of the background, methodology, and outcomes.
The remaining report is structured as follows: Section 2 presents a comprehensive review of current
practices in transportation asset data collection, discussing both their advantages and limitations, as well
as recent applications of Al in the maintenance of transportation infrastructure. Section 3 outlines the
methods used in this study, including the data collection process, model development, and the accuracy
metrics employed to evaluate performance. Section 4 presents the results of the project, showcasing the
effectiveness of the developed Al models in object detection, counting, geolocation, and visualization.
Finally, Section 5 summarizes the key findings and contributions of the study and provides
recommendations for future research and practical implementation.
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2. LITERATURE REVIEW
2.1 Al Applications in Identifying Transportation Assets

Various Al algorithms have been applied to transportation asset maintenance, with pavement condition
assessment emerging as a prominent area of research. Deep learning techniques such as convolutional
neural networks (CNN) (Gopalakrishnan et al. 2017), faster R-CNN (Majidifard et al. 2020), and You
Only Look Once (YOLO) (Mandal et al. 2020). Numerous public datasets related to transportation assets
have been widely adopted for developing automated detection models. Publicly available datasets used in
these studies have been collected through smartphones, mounted cameras, and Google Street View
imagery (Majidifard et al. 2020; Mandal et al. 2020). Using these models and data sources, researchers
have developed Al models for detecting pavement distresses, identifying traffic signs, assessing pavement
markings, and identifying roadside litter (Du et al. 2020; Ghosh & Smadi 2021; Majidifard et al. 2020).

2.1.1 Pavement Marking Detection

Compared with pavement distress detection, relatively few studies have focused on assessing the
condition of pavement markings. Among existing approaches, a common method involves quantifying
the remaining proportion of pavement markings. For instance, Lee & Cho (2023) employed Mask R-CNN
to automatically calculate pavement marking defect ratios by analyzing retroreflectivity data collected via
a vehicle-mounted retroreflectometer. In addition to sensor-based approaches, visual imagery has been
widely used. Zhang & Ge (2012) utilized traditional image processing techniques, such as the Hough
transform and feature recognition, to estimate the percentage of remaining pavement markings. Similarly,
Xu et al. (2021) applied edge extraction and object segmentation to quantify the severity of fading at the
pixel level. Kang et al. (2020), using a YOLOv3-based model, focused on identifying arrow markings and
evaluating their visibility by measuring intensity contrast between the markings and the surrounding
pavement. Wei et al. (2021) estimated damage ratios by segmenting regions corresponding to both
original and faded markings through hierarchical semantic segmentation.

Vision-based deep learning approaches have also gained attention for assessing pavement marking
conditions. Iparraguirre et al. (2022) applied several deep learning architectures, including Faster R-CNN,
SSD, and EfficientDet, to detect faded markings. However, their study was limited to a single class (white
faded lane markings) and lacked clear data labeling criteria. Alzraiee et al. (2021) categorized faded
markings into nine classes and trained a Faster R-CNN model to detect them; however, the resulting
accuracy was relatively low (less than 0.25). Similarly, YOLO-based models were adopted by Kawano et
al. (2017) and Bronuela-Ambrocio & Antes (2023), but these studies also achieved modest precision
scores (below 60%). In contrast, Sun et al. (2024) evaluated multiple architectures: YOLOvS5, YOLOV7,
Faster R-CNN, and ResNet on a dataset of 2,000 self-labeled images, achieving accuracies between 0.86
and 0.94. Maeda et al. (2018) developed a CNN-based model capable of identifying two pavement
marking issues—faded crosswalks and faded white lane markings—with accuracies ranging from 0.62 to
0.95. Additionally, Kong et al. (2022) implemented the DeepLab V3+ semantic segmentation model to
assess various pavement marking types, such as line markings, arrow markings, and evenly spaced lines,
and reported F1 scores between 0.81 and 0.85.

Despite these advancements, many existing studies focus only on specific types or shapes of pavement
markings (most often lane lines), while neglecting other forms of markings that may also experience
fading. This narrow scope highlights the need for more comprehensive models capable of assessing a
wider variety of pavement marking conditions under diverse real-world scenarios.
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2.1.2 Litter and Trash Detection

In contrast to research on pavement condition assessment, significantly fewer studies have focused on the
detection and classification of litter and trash on roadways (Wu et al. 2023). Wu et al. (2023) conducted a
comprehensive review and found that only 10.4% of existing studies in this area addressed urban trash
detection, indicating a substantial research gap. Among the early contributions, Rad et al. (2017)
developed a model to detect and quantify various types of litter, such as cigarette butts and fallen leaves.
Liu et al. (2018) applied the YOLOV2 architecture for garbage detection on pavements but limited the
scope to a single trash class. Similarly, Sayyad et al. (2020) developed an Al model focused on detecting
large-sized litter without classifying different garbage types, which constrained the applicability of the
developed model in real-world scenarios. Zhang et al. (2019) adopted Faster R-CNN to automatically
identify and count multiple categories of litter, including organic waste, inorganic materials, general trash,
and tree leaves. However, their dataset was exclusively collected from walking pavements, limiting the
model’s generalizability to highway or street environments. More recently, Mandhati et al. (2024)
evaluated and compared the performance of several deep learning models, such as Faster R-CNN,
RetinaNet, YOLOv3, and YOLOVS, for detecting plastic litter on roadsides. Their study reported an
average precision of 40%, highlighting the challenges in accurately detecting lightweight and visually
diverse roadside litter. V et al. (2022) developed a YOLOv4-based model trained on 343 images to detect
plastic bottles and trash cans, achieving a precision of 0.71 and a recall of 0.81.

Overall, deep learning and computer vision techniques have demonstrated strong capabilities in object
detection and image classification, with widespread applications in transportation asset monitoring and
inspection. While pavement condition assessment remains a relatively extensive domain, litter detection
has received less attention. In particular, the limited focus on detecting trash and debris, especially across
varied environments like highways, represents a significant gap. Expanding research in these
underexplored areas could greatly enhance the automation, efficiency, and comprehensiveness of
transportation asset management systems.

2.2 Al Applications in Object Counting

Quantifying the number of identified objects, such as defects or issues in transportation assets, is essential
for effective infrastructure inspection and maintenance planning. For example, determining the number of
faded pavement markings within a specific road segment is critical for assessing the extent of
deterioration and evaluating the need for repainting. However, in video-based detection, objects often
appear across consecutive frames, leading to duplicate detections of the same item. Despite this, relatively
few studies have addressed the challenge of accurately counting unique objects in such contexts.

Okpe & Idachaba (2023), for instance, claimed that their model could count pavement potholes; however,
their approach only tallied the number of detections without accounting for duplicate appearances of the
same object across multiple frames. As a result, the reported count is likely to overestimate the actual
number of distinct potholes. Wei et al. (2021) recognized this issue and applied kernelized correlation
filters to track pavement markings across video frames. While their method addressed duplicate
detections to some extent, it did not use object tracking explicitly for the purpose of counting the actual
number of faded markings within a defined road section.

Object tracking offers a promising solution for eliminating duplicate detections and accurately counting
individual objects across a sequence of frames. Multi-object tracking and counting algorithms have
already been widely applied in transportation domains such as vehicle and pedestrian counting
(Fernandez-Sanjurjo et al. 2019; Wickramasinghe & Ganegoda 2020). However, their application in
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counting transportation infrastructure assets, such as degraded pavement markings or other asset-related
issues, still remains limited.

A few notable studies have begun to explore this area. Koch et al. (2013) employed a kernel-based
tracking approach to count potholes in video sequences, demonstrating the feasibility of tracking-based
counting for infrastructure defects. Similarly, Ma et al. (2022) utilized YOLOV3 for crack detection,
followed by the median flow tracking algorithm to monitor and count pavement cracks within road
sections. These studies illustrate the potential of integrating object detection with tracking mechanisms to
improve the accuracy of object counting in transportation asset management. However, further research is
needed to adapt and refine these methods for broader and more complex use cases.

2.3 Al Applications in Geolocating Objects

The geolocation of identified transportation asset issues is a critical component for effective maintenance
planning and resource allocation. Despite its importance, geospatial information is often lacking in many
Al-based studies focused on detecting and assessing transportation infrastructure. Without precise
location data, it becomes challenging for maintenance teams to accurately locate and address issues in a
timely and efficient manner.

Some studies have leveraged geo-tagged or GIS-integrated imagery. For example, Kong et al. (2022)
assessed pavement marking conditions using street-view images from open-source mapping platforms
that contained embedded geographic information system (GIS) data. Likewise, Kargah-Ostadi et al.
(2020) integrated GPS coordinates into their dataset, enabling precise geolocation of transportation assets
captured in each image. While these methods are effective, they rely on pre-existing street-view
inventories, making them less suitable for applications requiring frequent data updates or self-collected

imagery.

Other research efforts have incorporated dedicated GPS hardware to capture location data alongside
images or videos of transportation assets. Okpe & Idachaba (2023) integrated a GPS module with a
Raspberry Pi-based system to detect potholes and transmit the corresponding location data to a remote
monitoring platform via email. Similarly, Ma et al. (2022) developed a custom detection device equipped
with a GPS unit and 4G wireless module to geolocate pavement cracks in real time. Both approaches,
however, depend on specialized hardware, which may increase system complexity and deployment costs.

Mobile phones have emerged as a more accessible alternative for data collection, combining image
capture with built-in GPS functionality. Souza et al. (2018), for instance, developed a mobile app that
recorded GPS data at a frequency of 1 Hz to evaluate pavement conditions along road segments.
However, the study did not aim to geolocate individual pavement defects but rather focused on broader
section-level assessments using relatively low-resolution spatial data.

In summary, while some progress has been made in integrating geolocation with Al-driven detection of
transportation asset issues, challenges remain, particularly in achieving high-resolution, frame-level
geolocation for self-collected video data. Accurate synchronization of GPS data with image frames,
especially when using heterogeneous sampling rates, is an area that requires further investigation to
improve the spatial precision and utility of Al-assisted asset monitoring systems.
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3. METHODOLOGY

3.1 Research Process Overview

The overall workflow for developing the Al package is illustrated in Figure 1.

Data Collection

(] F'ﬁ Q-

Label images
Model training & tuning 4% Multi-object tracking * Video sequence mapping
(YOLOVS) - ga) * Time-based interpolation
2 s
| F
A Object Counting ; Object Geolocation
w_litter Count: 39 : :
b_litter Count: 286
dirt Count: 126
|
* Cropped image ‘ Inspection Time » Latitude
* Object class » Longitude

Visualization

The process begins with data collection using a mobile phone mounted on the front windshield of a
vehicle. This setup captures forward-facing videos along with GPS driving data. The recorded videos are
then converted into individual image frames, which are manually annotated for training and validation of
object detection models. YOLO architecture is employed to detect various targeted transportation assets,
including pavement markings and roadside litter.

Figure 1. Research Framework

Following object detection, a multi-object tracking approach is applied to develop a counting model,
which quantifies the number of unique objects within a defined road segment or video clip. The tracking
process links detections across consecutive video frames, reducing redundancy from repeated
identifications of the same object.

Based on the tracking output, a geolocation model is developed to estimate the precise locations (latitude

and longitude) of each detected object. This is achieved by aligning GPS records with video frames using

time-based interpolation. The resulting geolocation estimates are integrated into a visualization interface
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that displays detected objects on an interactive map. This map includes cropped images of the detected
assets, classification labels, geolocation coordinates, and inspection timestamps, offering a user-friendly
platform for infrastructure monitoring and decision-making.

3.2 Data Collection and Processing

Consistent with Phase I of this project, a mobile phone mounted on the interior of the vehicle’s front
windshield (passenger side) is used to collect video data of transportation assets from a forward-facing
perspective. The data collection setup is shown in Figure 2.

(a) Exterior View (b) Interior View

Figure 2. Setup of Data Collection

The videos are recorded at 30 frames per second (fps) and cover a variety of road environments across
Utah, including both freeways and local streets. Data are collected under diverse conditions, such as
different road types and varying illumination levels, to ensure model robustness. Targeted transportation
assets include pavement markings and roadside litter.

During data processing, individual frames are extracted from the recorded videos. To build a high-quality
and balanced dataset, only frames that clearly capture objects of interest are manually selected. To reduce
redundancy, no more than three images of the same object are included in the training set. This strategy
ensures diversity in the dataset while avoiding overrepresentation of any single asset instance.

3.3 Data Annotations

For annotation, the open-source tool Labellmg' is used to manually label objects with bounding boxes.
Labellmg provides a user-friendly interface for accurate annotation, and it supports the generation of
labels compatible with common deep learning frameworks. Separate datasets are constructed for each
detection task: assessing pavement marking conditions and identifying roadside litter.

For pavement markings, we categorize them into two color-based classes, white and yellow, with further
classification based on their condition. Following ASTM (2020) guidelines, pavement markings that are

! https:/github.com/heartexlabs/labellmg
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more than 50% faded or missing are labeled as “faded,” excluding those that are completely worn and
unidentifiable. Faded markings are further divided into two categories:

e “y faded”: Faded yellow markings, including single or double yellow curb and lane lines.

o “w faded”: Faded white markings, including longitudinal lane lines, horizontal markings (e.g.,
crosswalks, stop lines), arrow symbols, and word-based markings.

For trash and litter, objects are annotated into four distinct classes:

e “leaves”: Vegetation and leaves accumulated along the roadside.
e “dirt”: Accumulations of dirt or soil on or near the pavement.
e “w_litter”: Litter in white or light colors (e.g., plastic, foam).

e “b_litter”: Litter in black or dark colors (e.g., used tires, rubber pieces, tree branches).

3.4 Model Development for Object Detection

YOLO is a state-of-the-art object detection algorithm known for its high accuracy and real-time
performance, achieved through the simultaneous execution of object localization and classification
(Redmon et al. 2016). In this study, YOLOVS was selected as the deep learning architecture to train
detection models for identifying a range of targeted transportation assets: faded pavement markings and
roadside litter.

YOLO operates by predicting bounding boxes and their associated class probabilities directly from full
images in a single pass, which contributes to its computational efficiency. In our implementation,
detections are retained only if the associated confidence score exceeds a defined threshold of 0.35.
Furthermore, YOLO provides the capability to extract cropped images of detected objects, enabling
additional downstream processing such as object tracking, counting, and geolocation.

To evaluate the performance of the trained detection models, we employed three standard metrics:
precision, recall, and F1-score, as defined in Equations (1)—(3). A predicted bounding box is considered a
true positive (TP) if its Intersection over Union (IoU) with the corresponding ground truth box exceeds a
predefined threshold of 0.65. Predictions that do not meet this IoU criterion are treated as false positives
(FP), including boxes incorrectly identifying background objects. A false negative (FN) refers to an
instance where a ground truth object (e.g., a faded white or yellow marking) was not detected by any
prediction box.

e Precision indicates the reliability of the model in classifying objects as positive (i.e., TP / [TP +

FP)).
.. TP
precision = —— (D)
e Recall measures the model’s ability to detect all relevant objects (i.e., TP / [TP + FN]).
recall = —~ 2)

TP+FN
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e Fl-score provides a balanced measure by calculating the harmonic mean of precision and recall,
ensuring neither metric dominates the evaluation.

L]
__ 2xprecision*recall

F1= 3)

precision+recall

To further assess overall detection performance, we report mean average precision at 50% loU
(mAP@50). This metric captures the mean of average precision values across all classes at a fixed loU
threshold of 0.50, offering a holistic view of detection effectiveness. Higher values in precision, recall,
F1-score, and mAP@50 indicate better model performance.

3.5 Model Development for Object Counting

The core principle of object counting in video sequences lies in object tracking, which involves the
continuous identification and monitoring of detected objects across consecutive frames by leveraging both
spatial and temporal information. This process, illustrated in Figure 3, ensures that each object is
consistently tracked throughout its appearance in the video by assigning and maintaining a unique
identifier. Object tracking integrates two key components: object detection (identifying objects in
individual frames) and motion prediction, which uses data association techniques to link objects across
frames based on their location and movement (Wojke et al. 2017).

Spatial and ;
: temporal :

I features
Detection ObJ ect —”. —— Object ID
prediction | :
Video frame Object detection Deep ,
; appearance |
: descriptor
Object tracking

Figure 3. [llustration of Object Tracking

In this study, we adopt ByteTrack, which is an advanced tracking algorithm integrated into the YOLOvV8
framework, as the core method for object tracking and counting. ByteTrack is known for its effective
“tracking-by-detection” strategy, where object identities are preserved across frames even under
challenging conditions such as occlusion, motion blur, or variable lighting. It achieves robust performance
by refining associations between low-confidence and high-confidence detections, allowing it to maintain
accurate object IDs across a range of real-world scenarios.

Given its reliability and compatibility with YOLO-based detection outputs, ByteTrack is selected as the
foundational tracking method in this project. Once objects are detected in each frame, ByteTrack assigns
consistent identifiers to each object, enabling the tracking of unique instances across video frames. By
counting the number of unique object IDs observed over the duration of a video clip or within a specific
road segment, we accurately estimate the total number of distinct objects, avoiding the duplicate counting
that typically occurs with per-frame detection results.
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3.6 Model Development for Object Geolocating

To accurately determine the geographic location of identified transportation asset issues (faded pavement
markings or roadside litter), a geolocation model was developed to integrate video data with GPS
coordinates. During data collection, an open-source mobile application called GPX Tracker was used to
continuously record GPS data in parallel with video capture: latitude (/at), longitude (lon), elevation (ele),
and the corresponding timestamp (zime_gpx). While the video was recorded at 30 fps, the GPS data were
sampled at a variable rate, depending on the moving speed, with a maximum of two samples per second.

This discrepancy in sampling frequency between the video and GPS data introduces challenges in directly
aligning each video frame with a unique geolocation. The GPX timestamps have a precision limited to
seconds. In contrast, the video frame timestamps are accurate to milliseconds, often leading to multiple
GPS records sharing identical timestamps and a mismatch between video frames and location points.

To address this issue, we developed a time-based interpolation model to estimate the precise geolocation
of each identified faded pavement marking using nearby GPS data points. The process includes the
following steps:

(1) The issues of pavement markings are detected by the detection model, with the output of the class (cls)
and cropping image (img) of the faded markings. The timestamp of identified marking issues (time_img)
can be inferred based on the number of frames and the video start recording time.

(2) Identified marking issues are matched with their nearest GPX records based on their timestamps (i.e.,
time_img and time_gpx, respectively).

(3) Due to the short distance within a few seconds, the location (latitude and longitude) of each identified
marking issue is estimated based on the second closest records before and after the corresponding matched
GPX record using linear interpolations based on the time differences, as illustrated in Figure 4 and equations
(4) and (5). For example, time;,, =10:01:27.96 (accuracy up to milliseconds) matches with timeg,,, at
time;g, =10:01:27 (accuracy up to seconds). The second closest points before and after the time;,, are
time;g,—, and time; g4, 1.€., 10:01:26 (timel) and 10:01:28 (time2) in the example. Based on the time
differences between time;y, g, time;qy 4, and time;gy_,, the location of the identified marking issue at
timeimg (latimg and lon;yg) can be estimated.

Timedifi= timeimg -timeidx-2 |

time img timeimg: 10:01:27.96
Timedif2 = Tillle1dx—2—'[illleidx-2i time_img match ﬁme—gpxl
1
time gpx 10:01:26 | 10:01:26| 10:01:27 | 10:01:27 | 10:01:28 | 10:01:28
timeidx-2 timeidx timeidx+2
location_gpx latidx2 latiax-2
lonids-2 lonidx+2

Figure 4. [llustration of Geolocation Estimation
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(timejmg—time;gx_z) @)

latimg = latige—o + (lat; —latigy_7) *
img idx—2 ( idx+2 idx 2) timeigysa—timeidzy—a

(timepmg—timejgx—z) 5)

lon;,, = lon;z,,_, + (lon; —lon;g,—o) *
img idx—2 ( idx+2 idx 2) timejgys2—timeidy—o

Where time; is indicated in Figure 4, lon; and lat; are the longitude and latitude of the location at time;.
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4. RESULTS AND DISCUSSION
4.1 Results of Object Detection

Our detection models were trained individually for each task using a desktop system equipped with an 8-
Core CPU, an NVIDIA GeForce RTX 3070 GPU, and 64 GB of memory. The training was conducted
based on the YOLOVS architecture to ensure optimal performance and accuracy for the tasks in this
project.

4.1.1 ldentifying Pavement Marking Issues

To develop the object detection model for identifying faded pavement markings, 7,000 labeled images
were prepared and divided into training and validation datasets, with 5,600 images allocated for training
and 1,400 for validation, following an 8:2 split. The model was trained using the YOLOVS architecture.
The training process reached optimal performance at epoch 173, where both loss and accuracy metrics
stabilized.

Figure 5 displays the training and validation curves, illustrating steady convergence and consistent
improvements in model performance over time. As shown in Table 1, the final trained model achieved an
average precision of 0.88, a recall of 0.89, an F1-score of 0.89, and a mean average precision at an loU
threshold of 0.50 (mAP@50) of 0.93. These evaluation metrics indicate that the model performs reliably
in detecting and classifying faded pavement markings.

Table 1. Accuracy Metrics of Identifying Faded Pavement Markings

Class Precision Recall F1-score mAP50
all 0.88 0.89 0.88 0.93
w faded 0.86 0.86 0.86 0.91
y faded 0.91 091 091 0.95
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Figure 5. Training Loss and Accuracy Metrics of Model for Pavement Marking Issue
Note: epoch refers to one complete pass through the entire training dataset by the model.

Figure 6 presents several example cases that illustrate the model’s effectiveness in detecting both white
and yellow faded pavement markings under various conditions. The white faded markings identified by
the model include single-lane lines, word-based road messages, and directional arrow markings, while the
yellow faded markings comprise both single- and double-lane lines. The model demonstrated consistent
accuracy across these different types of markings, highlighting its versatility. In addition, the model’s
robustness was evaluated using tiger markings, which are road markings characterized by alternating
white and black striping to enhance visibility. These high-contrast designs posed no challenge to the
model, which successfully identified the white faded portions without being misled by the adjacent black
elements.
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Figure 6. Examples of Detection Results of Pavement Marking Issues
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However, despite the overall strong performance, the developed model for pavement marking issue
detection exhibits several noteworthy limitations. A primary challenge lies in the model’s inability to
differentiate between genuinely faded markings and previously removed markings. For instance, as
illustrated in Figure 7 (a), the model incorrectly classifies a previously removed marking, with only faint
residue remaining on the pavement surface, as a faded marking, which indicates a lack of contextual
sensitivity in distinguishing historical markings from currently degraded ones.

Another limitation is the model’s difficulty in detecting markings that are severely faded or nearly
imperceptible. These markings often lack sufficient contrast with the pavement background, making them
particularly challenging for the model to identify. Figure 7 (b) provides an example of such a failure,
where the model overlooks a nearly invisible marking due to its extremely low visual salience.

Furthermore, the model is prone to false positives when encountering objects that share visual similarities
with faded markings. As shown in Figure 7 (c) through Figure 7 (e), elements such as snow patches,
pavement discolorations, or other unrelated white artifacts are occasionally misclassified as faded
markings. These misidentifications underscore the difficulty of differentiating between relevant and
irrelevant features in complex roadway environments, particularly under variable lighting, shadow, and
weather conditions.
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Figure 7. Examples of Wrong Detection of Pavement Marking Issues

4.1.2 Identifying Litter & Trash

To train the model for litter and trash detection, 6,250 annotated images were compiled, with 5,000
images allocated for training and 1,250 for validation. The dataset has a diverse array of roadside debris,
including both organic materials (e.g., leaves and dirt) and inorganic items (e.g., plastic wrappers, foam,
and used vehicle components). The model was trained using the YOLOVS architecture, with performance
monitored throughout the training process via loss and accuracy curves. As shown in Figure 8, the
training reached optimal performance at epoch 219, indicating convergence and stability in learning.
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The resulting model demonstrated consistently strong performance across multiple evaluation metrics. It
achieved a precision of 0.86, a recall of 0.82, an F1-score of 0.84, and a mean average precision at 50%
IoU (mAPS50) of 0.88, as detailed in Table 2. These results underscore model’s high reliability in

detecting various forms of roadside litter across diverse visual contexts.
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Figure 8. Training Loss and Accuracy Metrics of Model for Litter & Trash
Table 2. Accuracy Metrics of Trash & Litter
Class Precision Recall F1 score mAP@50
all 0.86 0.82 0.84 0.88
leaves 0.82 0.80 0.81 0.84
dirt 0.86 0.82 0.84 0.88
w_litter 0.87 0.82 0.84 0.90
b _litter 0.88 0.83 0.85 0.90

Figure 9 presents a set of representative examples showcasing the detection capabilities in real-world
scenarios. These examples include successful identification of black litter (e.g., discarded tires), white
litter (e.g., plastic debris and foam objects), as well as natural waste materials such as dried leaves and
soil. The diversity of detected object types reflects the robustness and adaptability of the model in
recognizing distinctive textures, colors, and shapes associated with roadside waste, even under fluctuating

lighting and environmental conditions.
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(g) Dirt on the Highway-1

(h) Dirt on the Highway-Z
Figure 9. Examples of Detection Results of Trash & Litter

19 | Page



Despite its overall strong performance, the litter detection model exhibits several limitations that affect its
classification accuracy in certain scenarios. A key issue involves the occurrence of false positives, where
non-litter pavement features are incorrectly identified as litter. Specifically, elements such as asphalt
patches, oil stains, and pavement cracks are occasionally misclassified as black litter (“b_litter”), as
illustrated in Figure 10 (a)—(d). Likewise, white pavement marks or gray-colored objects, such as small
stones or concrete chips, can be erroneously detected as white litter (“w_litter”), as shown in Figure 10 (e)
and (f). These misclassifications typically stem from visual similarities in color, shape, and surface texture
with litter.

\3

b_litter 0.80

b_litter 0.59

(b) Asphalt Patches-2

(c) Shadow ‘ lak Taint
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|

=T
(e) Other Object with White Piece-1 (f) Other Object with White Piece-2
Figure 10. Examples of Wrong Detection of Trash & Litter
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4.2 Results of Object Counting

Based on the developed object counting algorithm, a case study was conducted using a 35-minute
dashcam video recorded along a highway corridor stretching from Salt Lake City to Lehi, covering
approximately 35 miles (56.4 kilometers [km]), as illustrated in Figure 11. The video served as a
comprehensive test dataset and captured a range of key transportation assets relevant to this study,
including pavement markings and roadside litter.
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Figure 11. Case Study Area

The counting results are dynamically overlaid and updated in the top left corner of each video frame
throughout the case study, as illustrated in Figure 12. Across the test highway route, the model
successfully identifies 518 white faded pavement markings. It also detects 33 instances of white litter, 263
instances of black litter, and 102 instances of dirt. These comprehensive results underscore the capability
of the developed Al-based system to accurately detect, classify, and quantify different maintenance-
related concerns (i.e., faded markings and various types of roadside litter) across extended roadway
segments.
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(b) Counting Results of Road Litter

Figure 12. Results of Object Counting
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4.3 Results of Object Geolocation

4.3.1 Accuracy of Geolocation Model

A geolocation model was developed to accurately determine the positions of identified objects by
utilizing data obtained from a GPX tracker. Given the challenges associated with acquiring precise
ground truth data for the exact locations of these objects in real-world settings, the performance of the
model was evaluated through a cross-section validation method. Specifically, from a dataset consisting of
3,500 continuous GPS records collected over approximately 24 miles (39 km) along I-15, a random
sample of 175 points, representing 5% of the total dataset, was selected as validation points, as illustrated
in Figure 13 (a). The remaining GPS records were used to estimate the positions of the validation points,
and the predicted coordinates were then compared to their corresponding true locations obtained from the
GPX tracker.

Model accuracy was quantified by calculating distance error, defined as the distance between the
predicted and actual locations. The distribution of these distance errors is presented in Figure 13 (b). The
results indicate that the prediction error ranged from less than 0.01 meters to a maximum of 8.16 meters,
with an average error of only 0.27 meters. These outcomes demonstrate that the geolocation model
delivers a high level of geolocation accuracy, making it a reliable tool for field applications involving the
localization of pavement marking issues and detected roadside litter.

Distance from groud truth (m)
.

0 25 50 75 00 125 150 175

Test points
(a) Validation Points of Geolocation Model (b) Locating Error of Geolocation Model

Figure 13. Validation Points and Locating Error

To effectively visualize the information associated with identified objects, such as their geolocation,
classification, and inspection time, an interactive mapping interface was developed using the Python
package Folium. This interface is designed to present data in a clear and intuitive format, which enables
users to quickly interpret and analyze results. As shown in Figure 14, the generated map includes a pop-
up window for each identified object. Each pop-up displays the object’s latitude and longitude
coordinates, classification label, inspection timestamp, and the estimated driving speed, which is derived
from the geolocation model. To provide a visual reference, the largest available cropped image of the
object is also embedded in the pop-up.
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Figure 14. Example of Visualization

For continuous objects such as faded pavement issues, the interface also calculates the driving
distance between the first and last detection points. While this measurement does not reflect the
actual physical length of the object, it serves as a valuable comparative metric for evaluating the
relative extents of different objects along the route. This visualization tool offers a practical and
user-friendly means of reviewing inspection results, supporting more informed decision-making
in transportation asset management.

4.4 Case Studies of Object Geolocation and Visualization

The geolocations of pavement marking issues detected along the test route are presented in Figure 15 (a),
with each marker indicating the inferred location of an identified issue. This spatial visualization enables
quick identification of problem areas along the corridor. Figures 15 (b)—(d) provide illustrative examples
of individual white faded marking detections, showcasing the associated details such as location,
inspection time, and cropped imagery for enhanced clarity.
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Similarly, Figure 16 (a) depicts the geolocations of identified litter and trash along the same route,
offering a comprehensive spatial overview of debris distribution. Figure 16 (b)—(d) present representative
examples of different litter categories, such as white litter, black litter, and organic debris, complete with
relevant details—including geographic coordinates, classification type, inspection timestamp, and high-
resolution cropped images—to assist with field verification and decision-making.
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5. CONCLUSIONS

5.1 Summary of Findings

This project builds upon the Al packages developed in our prior MPC Project (Report No. MPC-668) by
focusing on two targeted transportation assets: pavement marking issues and roadside litter. The training
datasets are expanded to over 6,000 images for each asset type, and the models are validated on a larger
scale to improve robustness and generalizability. In addition, new functionalities are implemented,
including object counting within defined road segments or video clips, geolocation estimation using a
mobile phone-based GPS tracker, and interactive visualization of detected object details through a
Folium-based mapping interface. Specifically, we increase the training datasets for each project task, as
follows:

(1) Pavement Marking Issues: 7,000 images are used to train the Al model for detecting pavement
marking issues. These issues are classified into two classes by color: faded yellow markings (“y faded”)
and faded white markings (“w_faded”). The Al model achieves a precision of 0.88, a recall of 0.89, an F1
score of 0.88, and mAP@50 of 0.93.

(2) Trash and Litter Identification: A dataset of 6,250 images is utilized to develop the Al model for
trash and litter identification. The model categorizes litter into four major classes: leaves, dirt, white litter
(“w_litter”), and black litter (“b_litter””). The model attains a precision of 0.86, recall of 0.82, F1 score of
0.84, and a mAP@50 of 0.88.

Also, building upon object tracking, a specialized counting model is developed to quantify the identified
objects within video clips or road sections. This model has been effectively employed to count the
number of identified objects, specifically focusing on the objects of interest within this project. Notably,
this model has been applied successfully on a test highway route in Utah, showcasing its practical
application and reliability in real-world scenarios.

Moreover, expanding the capabilities further, a model is developed to estimate the locations of identified
objects using time-based interpolations with the assistance of a mobile phone-based GPS tracker (GPX).
This geolocation model, integrated with the detection model, demonstrates remarkable accuracy with an
average distance error of only 0.27 meters, which is validated through cross-section analysis. This
precision underscores the reliability and effectiveness of the geolocation model in pinpointing the
positions of identified objects with high fidelity, as demonstrated in a case study of a test highway route
in Utah.

Finally, utilizing Folium (a Python package), an interactive interface is developed to visually represent the
detailed information of these identified objects on a map. The display information consists of geolocation
coordinates (i.e., latitude and longitude), object class, inspection time, and cropped images. The
developed interface serves as a valuable tool for transportation authorities to comprehensively understand
and assess the conditions of transportation assets through intuitive visualizations.

This project expands upon our previous work to improve the capabilities of models in identifying targeted
transportation assets while introducing additional functionalities, such as counting, geolocating, and
visualizing these detected objects. These advancements facilitate more frequent inspections of
transportation assets, contributing to the continual enhancement of road user safety.
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5.2 Implementation Plan

The delivered Al package consists of two trained detection models tailored to different transportation
asset issues: faded pavement markings and roadside litter. It also includes models for object counting,
geolocation, and visualization. All models were developed in Python and require a configured
computational environment compatible with the YOLOVS architecture.

To implement the Al package in practice, users should follow a sequence of key steps. First, during data
collection, a mobile device equipped with a GPS tracking application (e.g., GPX Tracker) should be
mounted on the vehicle’s windshield. While driving, the device should simultaneously record videos and
GPS data. Care must be taken to adjust the camera angle, device position, and lane alignment to ensure
clear visibility of the target objects in the footage.

Next, in the data analysis phase, users must export both the recorded videos and their associated GPS
logs. The appropriate trained detection model should then be selected and executed in conjunction with
the object counting model. This process will detect and count relevant objects, save cropped images, and
annotate video frames, with object counts displayed in the top-left corner of each frame. After detection,
the geolocation model should be applied to estimate the precise locations of each identified object,
followed by interactive visualization on a map.

By following this implementation process, users can deploy the Al package effectively to detect, count,
geolocate, and visualize transportation assets. This workflow provides a powerful and scalable tool to
support infrastructure evaluation and enhance the quality and efficiency of transportation asset
management.

5.3 Limitations

While the developed system shows strong performance, several limitations remain. The object counting
model does not include objects detected only once in a video sequence due to tracking constraints. In the
visualization interface, pop-up windows can display details for only a single object per frame; if multiple
objects share the largest cropped image in the same frame, only one is shown on the map. For continuous
objects, the reported driving distance reflects the span between first and last detections rather than the true
physical length. In addition, classification errors may still occur in challenging cases, such as
distinguishing faded markings from previously removed markings or differentiating litter from pavement
surface artifacts.

Future improvements could address these issues by:

¢ Refining tracking methods to capture single-frame detections without inflating false positives

o Enabling the visualization interface to display multiple objects from the same frame

e Incorporating offset distance adjustments to estimate true object lengths for continuous assets

e Expanding datasets to include challenging and visually similar scenarios to reduce
misclassification rates
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