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Ib pounds 0.454 kilograms kg
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°F Fahrenheit 5 (F-32)/9 Celsius “C
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Abstract

As active transportation gains popularity for both work and leisure trips, the need for reliable and
accurate data on non-motorist activities and infrastructure becomes increasingly critical.
Traditionally, there has been a lack of detailed data on non-motorist activities and facilities.
Traditionally, detailed data on non-motorist activities and facilities has been scarce and
challenging to obtain. However, advancements in technology now provide an opportunity to
collect these data. This study aims to investigate recent technological advancements and
methodologies for accessing non-motorist data sources and evaluate their ability to detect, classify,
monitor changes in, and assess the condition of these facilities. A key focus is the use of vision-
based large language models, specifically ChatGPT, for retrieving and evaluating non-motorist
facilities from aerial images. This study tested ChatGPT's performance on a dataset containing
satellite images to evaluate its ability to accurately detect and identify features such as pedestrian
crosswalks. The results showed that ChatGPT can reliably assess crosswalk and sidewalk
conditions, informing maintenance and improvement strategies. However, limitations were
observed, including inconsistent detection of bicycle lanes without explicit visual cues and
challenges in classifying crosswalks into specific types. Additionally, it struggles with reliably
identifying street lighting and pedestrian signals, which are critical for comprehensive safety
assessments.
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Executive Summary

Addressing the surge in pedestrian and bicyclist fatalities requires integrating non-motorist facility
data into comprehensive safety assessments. By employing new data collection methods, advanced
technologies, and thorough safety analysis, researchers and practitioners can gain crucial insights
into the roadway features that affect non-motorist safety. This understanding will inform strategies
to improve traffic safety for pedestrians and bicyclists, ultimately aiming to reduce non-motorist
fatalities.

To achieve this goal, this project includes the following tasks:

1. Literature Review: A comprehensive review was conducted, initially focusing on studies
that discuss disparities in the accessibility of non-motorist safety facilities, considering
geographic, demographic, and socioeconomic factors. This was followed by a review of
the application of deep learning models and large language models (LLMs) such as
ChatGPT in non-motorized transportation studies. The review identified significant gaps
in maintaining an up-to-date inventory of non-motorist facilities and highlighted the
potential of aerial images, computer vision, and ChatGPT to address these deficiencies.

2. Data Source Exploration: This study explored potential image data sources that could
include non-motorist facility data and Google Earth Pro was identified as a primary
resource for obtaining suitable images.

3. ChatGPT Performance Assessment: This study assessed the effectiveness of vision-
based LLMs, specifically ChatGPT, in extracting information about non-motorist facilities.
The evaluation involved comprehensive testing and analysis to determine the accuracy,
reliability, and practicality of ChatGPT in identifying and evaluating features such as
crosswalks, bicycle lanes, and other pedestrian infrastructures.

4. Recommendations: This study summarized the strengths and limitations of vision-based
ChatGPT applications. It highlighted the challenges associated with using ChatGPT and
aerial images for evaluating non-motorist safety facilities on roads.

This research is one of the first attempts to use vision-based LLMs, specifically ChatGPT, to
extract non-motorist facility data from aerial images for assessments. The result underscores the
importance of using vision-based LLMs like ChatGPT, customized for non-motorist data. By
scaling this methodology, the accuracy and utility of these models in addressing issues related to
infrastructure assessment and transportation safety for pedestrians and bicyclists can be
significantly enhanced.
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Introduction

In recent years, active transportation has gained popularity for both work and leisure trips. This
trend surged during the COVID-19 pandemic, marked by a significant 57% increase in U.S.
bicycle sales from April 2020 to April 2021(Francke, 2022). Despite this increasing growing
interest, there has been a concerning rise in pedestrian and bicyclist fatalities since 2010,
underscoring the need for effective policies and strategies. Previous research indicates that
building and maintaining non-motorist facilities, along with ensuring their good condition, can
increase both work and leisure-related non-motorized travel, as well as improve non-motorist
safety. However, there is currently a notable disparity in the availability and quality of these
facilities between different communities, such as affluent and disadvantaged communities, with
the gap widening over time. This disparity highlights the need for equity in the distribution of non-
motorist facilities for all communities, which can lead to improved protection for all members of
society and promote inclusive, safe, and accessible transportation options.

Assessing and evaluating existing non-motorist facilities and infrastructure is essential to identify
gaps in the network, prioritize non-motorist projects, maintain current facilities, and ensure they
meet current demands and safety requirements, which requires updated and complete data on non-
motorist activities and infrastructure inventories. However, despite guidelines for developing and
maintaining these inventories, there is a noticeable lack of comprehensive data on non-motorized
infrastructures, and the quality of existing inventories varies across different states.

As technology evolves, new and emerging techniques such as computer vision and large language
models (LLMs) are revolutionizing large-scale data collection and analysis. For example, in active
transportation, vision-based LLMs like ChatGPT can be used to effectively analyze and evaluate
structured or unstructured data on non-motorist activities and facilities, providing additional
insights and presenting results in a human-like manner, which was previously unattainable with
traditional methods. Additionally, image processing technologies can be implemented to
automatically analyze satellite images, identifying and assessing the condition of non-motorist
facilities like crosswalks. Historical images can also be utilized to analyze past trends, identify
effective interventions, and evaluate safety measures. The data derived from these technologies
can pinpoint vulnerable communities, accident-prone areas, and risk factors, guiding targeted
interventions, which is essential for developing predictive models, simulations, and optimizing
resources. Moreover, these methods can aid in understanding the factors that drive the demand for
pedestrian and bike facilities and in forecasting future needs.

By leveraging novel data collection methods, new data sources, advanced technologies, and
innovative analytical approaches, including vision-based LLMs, this research project aims to:

e Perform a Literature Review: Investigate recent applications of artificial intelligence
(AD) in non-motorist safety analysis.
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e Explore Image Data Sources: Identify appropriate historical and current data sources at
both intersection and area levels.

e Assess ChatGPT Performance: Evaluate ChatGPT's effectiveness in extracting
information about non-motorist facilities. This task involves testing and analysis to
determine the accuracy, reliability, and practicality of ChatGPT in identifying and
evaluating features such as crosswalks, bicycle lanes, and other pedestrian infrastructures.

e Summarize Findings: Outline the strengths, limitations, and challenges associated with
using image processing and LLMs to evaluate non-motorist facilities.

The outcomes of this research can serve as a foundation for evidence-based decision-making,
policy development, and the design of targeted interventions to reduce pedestrian and bicyclist
fatalities. By integrating the role of pedestrian and bicyclist facilities into the overall safety
framework, transportation stakeholders can prioritize non-motorist safety in their planning,
funding, and infrastructure improvement efforts. Ultimately, this research will contribute to
creating more equitable and safe transportation systems that cater to the needs of all road users,
ensuring that pedestrians and bicyclists can navigate roadways with reduced risk and increased
confidence.
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Literature Review

Every year, more than one million people lose their lives in traffic accidents globally, with nearly
half of these fatalities involving non-motorists, also known as vulnerable road users (VRUs).
(World Health Organization, 2015). With the growing popularity of walking and biking in recent
years, an increase in fatalities among vulnerable road users is becoming a pressing concern (Das
et al., 2021). The data from the National Highway Traffic Safety Administration reveals that in
2021, there were 7,388 pedestrian fatalities in road accidents in the United States, marking a 12.5%
increase from the 6,565 pedestrian deaths in 2020, representing the highest number reported since
1981(National Center for Statistics and Analysis., 2023). Previous research shows that non-
motorist crash patterns vary significantly depending on the location and type of road segment, with
intersections being particularly hazardous for non-motorists (Hossain et al., 2023). Moreover,
various studies have shown that underserved and low-income communities face an elevated risk
of non-motorists injury and fatality due to the lack of adequate non-motorized infrastructure (Roll
& McNeil, 2022). This emphasizes the urgent need to prioritize the safety of VRUs, particularly
in high-risk areas like intersections and regions with low incomes and high poverty rates.

Previous research has explored the impact of various factors related to human, vehicle,
environment, and roadway on non-motorists accidents. The findings from these studies emphasize
that intersections present significant risks for VRUs (Haddad et al., 2023; Lee & Abdel-Aty, 2005).
Intersections are specific road sections where the paths of vehicles and pedestrians traveling in
different directions meet, leading to complex interactions and potential conflicts. This complexity
is a critical factor contributing to many vehicle-pedestrian accidents. While various non-motorists
safety facilities are developed and utilized at intersections to enhance pedestrian safety, one
common approach involves implementing marked crosswalks, which serve as visible indicators of
designated pedestrian crossing areas (Bian et al., 2020). As an example, a manual examination of
satellite images revealed that approximately 60% of the nearly 6,400 intersections in San Francisco
include crosswalks (Moran, 2022). The results of several studies provide evidence that crosswalks
enhance pedestrian safety (Zegeer et al., 2005). Mitman et al. (2008) conducted a study to
investigate pedestrian and driver behavior in locations with marked and unmarked crosswalks. The
results revealed significant differences in how both drivers and pedestrians behave in these
locations. Specifically, the findings demonstrated that drivers in areas with marked crosswalks are
more inclined to yield to pedestrians compared to those in regions with unmarked crosswalks.
Feldman et al. (2010) found a statistically significant reduction of approximately 40% in the
number of accidents at intersections equipped with high-visibility crosswalks. It's important to
note that the findings regarding the impact of crosswalks on pedestrian safety are not consistent
across all studies. In contrast to the studies mentioned earlier, some research has indicated that
unmarked crosswalks might actually have lower accident rates when compared to marked
crosswalks (Bian et al., 2020). Anciaes and Jones (2018) and Ahmed et al. (2021) underscore the
significant impact that the type, design, quality, and maintenance of crosswalks have on pedestrian
preferences and experiences. Given the critical role of crosswalks in pedestrian safety, the FHWA
recommends a comprehensive 6-step process for enhancing safety measures, which includes
creating a crosswalk inventory map (Karaer et al., 2023).
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Collecting crosswalk data and establishing a crosswalk inventory offer numerous benefits to
transportation agencies, including gaining deeper insights into the causes of pedestrian-related
accidents, identifying areas in need of additional crosswalks, exploring the potential for crosswalk
removal or modification, and evaluating the overall pedestrian network connectivity (Twaddell et
al., 2018). Traditional methods of crosswalk data collection such as field data collection and
manual extraction from aerial images are prone to human errors, time-consuming, resource-
intensive, and can disrupt traffic flow and raise safety concerns for data collectors (Y. Zhang et al.,
2021). Moreover, the aging of materials in crosswalks underscores the inadequacy of a one-time
data collection effort; thus, an ongoing crosswalk data collection procedure, at intervals of at least
every several years, becomes crucial to consistently assess and address the evolving conditions of
crosswalks (Chen et al., 2021). Currently, methods such as network buffering, collaborative
mapping, and computer vision techniques have attracted attention in developing non-amortized
inventories through the utilization of large-scale data (Karimi & Kasemsuppakorn, 2013).

Among these methods, computer vision techniques have emerged as the most promising, creating
new opportunities for data collection, particularly in the context of crosswalk data (Huang et al.,
2023). Computer vision (CV), an Al field, empowers computers and systems to extract valuable
information from images and video data, enabling them to take actions or offer recommendations
(Sharma et al., 2021). CV, which utilizes both machine learning (ML) and deep learning (DL)
techniques, can be employed to recognize the presence, type, and location of objects in visual input.
This technology finds a wide range of applications in fields such as healthcare, safety, retail,
manufacturing, agriculture, and transportation (Kaya et al., 2023). Several studies have employed
CV techniques for crosswalk detection using images. While some of these studies have shown
good performance metrics, they do come with certain considerations. The majority of these
investigations focused on Street View images (SVI) or images captured by cameras installed on or
inside vehicles (e.g. dashcam) (Fan et al., 2020). Only a few studies have explored the utilization
of remote sensing images (i.e., images taken from airplanes, drones, or satellites) (Chen et al.,
2021). Although SVIs have recently become a crucial data source for geospatial data collection
and urban analytics, they do possess inherent limitations that may impact their utility, especially
for large-scale data collection efforts. These include limited geographic coverage, restricted
temporal coverage with infrequent revisit periods (sometimes only once a decade), potential bias
towards specific city areas, and privacy concerns (Gaw et al., 2022).

On the other hand, imagery obtained from satellite platforms, a vital data source for research in
the built environment, provides broader spatial coverage, finer time granularity, and a relatively
smaller data volume compared to alternative sources (Baucic¢ et al., 2020). These characteristics
make it a desirable choice for large-scale data collection and monitoring changes over time.
However, detecting crosswalks from images, particularly satellite images, presents significant
challenges, to name a few: complex backgrounds, including elements like rooftops or other road
markings that may resemble crosswalks, the diverse environments and locations of crosswalks
(e.g., urban, suburban, or varying weather conditions), distinct crosswalk designs, resolution
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constraints specific to satellite imagery, and potential interference from pedestrians and vehicles
(Timen & Ergen, 2020).

Given the complexities of the object detection task, several algorithms with diverse structures have
been developed and employed for this purpose. In general, the evolution of object detection tasks
can be divided into two primary stages: the first stage involves traditional object detection
algorithms, while the second stage is marked by the adoption of detection models based on deep
learning (Tian et al., 2021). In traditional approaches, researchers have employed simple image
processing techniques such as edge detection, corner detection, or image segmentation to identify
the presence of specific objects, like crosswalks, in an image. Traditional machine learning
methods, including multilayer perceptron machines, support vector machines, and Random Forest
classifiers, have also been applied for image classification tasks. These methods often use shallow
structures to handle a limited number of samples and may face challenges in terms of performance
and generalization abilities for complex classification and detection tasks (Xin & Wang, 2019).

Following the introduction of the Convolutional Neural Network (CNN) (Krizhevsky et al., 2012)
in 2012 and Region Convolutional Neural Network (R-CNN) (Girshick et al., 2014) in 2014 DL-
based algorithms have transformed image recognition and object detection tasks, outperforming
traditional detection methods (Wu et al., 2020). These deep learning-driven object detection
algorithms can be broadly categorized into two classes: one-stage detectors and two-stage
detectors (D. Zhang et al., 2023). Two-stage detectors, characterized by their relatively more
complex design, involve a two-step process of proposal generation and region classification.
Common two-stage algorithms include Fast R-CNN, Faster R-CNN, Mask R-CNN, and Feature
Pyramid Network (FPN). While two-stage detectors are more complex and typically deliver
superior performance, their deployment on computationally constrained devices may be
impractical (Carranza-Garcia et al., 2021). In contrast, one-stage detection algorithms, such as You
Only Look Once (YOLO) series, SqueezeDet, and Single Shot MultiBox Detector (SSD),
streamline the process by eliminating a separate stage for proposal generation, providing efficient
and precise detections in a single pass. For example, the latest version of YOLO series, namely
YOLO v8, achieves high real-time performance and enhanced accuracy when executed on
Graphics Processing Units (GPUs). As a result, the YOLO series stands out as one of the most
common choices for detection tasks, owing to its simple structure, minimal complexity, and ease
of implementation.

Several researchers have attempted to utilize and develop various YOLO models to detect various
road regions and features, including crosswalks, from images. Kaya et al. employed both one-stage
and two-stage algorithms, specifically the Faster R-CNN and YOLOv7 algorithms, for crosswalk
detection (Kaya et al., 2023). Their dataset comprised 673 single-class images taken from the
perspectives of both vehicles and pedestrians. The results highlighted the superior performance of
the YOLOvV7 model, achieving a mAP (mean average precision) of 98.6% at the GIoU threshold
of 0.5, along with an F1-score value of 0.95. In another study, Karaer et al. developed a four-step
procedure using aerial Images and the YOLOv2 model to create a crosswalk inventory map for the
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State of Florida (Karaer et al., 2023). Initially, a GIS-based preprocessing approach was employed
to select images intersecting with roadways. Subsequently, the YOLOv2 model was applied in the
second step to detect crosswalks in the chosen aerial images. The third step involved an automatic
mapping process to map all identified crosswalks using the YOLOv2 model. Finally, In the fourth
step, performance evaluations were carried out by comparing the results with both a manually
generated ground truth crosswalk dataset and an already existing crosswalk inventory. The results
indicated that their framework achieved a recall of 85.9%, precision of 88.7%, and Intersection
Over Union (IoU) of 76.9% on the ground truth dataset, demonstrating superior performance
compared to the OpenStreetMap (OSM) dataset, which covered 77.8% of all crosswalks in the
ground truth dataset. Verma et al. introduced a framework for automating the detection and
inventory creation of pedestrian transportation infrastructure (Verma & Ukkusuri, 2023). Using
the YOLOVS large-size architecture, they identified crosswalks in publicly available satellite
imagery and subsequently allocated the recognized crosswalks to intersection legs. The
effectiveness of this approach was evaluated in Washington, D.C., and Los Angeles, CA, yielding
classification accuracy rates of 71% and 89%, respectively.

As the field of computer vision progresses, the evolution of Large Language Models (LLMs) also
improves our ability to analyze and understand extensive textual data. Recently, LLMs have
attracted considerable interest due to their diverse applications across various sectors, including
transportation (Zheng et al., 2023). A Large Language Model represents an advanced category of
language models that utilizes deep learning techniques to process, generate, and understand human
language on a vast scale. These models significantly outperform conventional statistical language
models due to their complex architecture and extensive training on diverse datasets. Early language
models were rule-based and limited in understanding context and the shift to statistical methods
introduced probabilistic models like N-grams and Hidden Markov Models (Shoaib et al., 2023;
Vaswani et al., 2017). Modern deep learning techniques, including RNNs, LSTMs, and
Transformer-based models like BERT (Devlin et al., 2019), GPT-2 (Radford et al., 2019), and T5
(Raffel et al., 2020), significantly advanced the field. Amon them, GPT (Generative Pre-trained
Transformer) is probably the most well-known thanks to the astronomical popularity of ChatGPT
developed by OpenAl. GPT models, such as GPT-3 and GPT-4, are designed to understand and
generate human-like text based on the input they receive. They are built using a large number of
parameters and trained on diverse datasets to perform various language tasks, including translation,
summarization, question answering, and more. Scaling up training data and parameters led to GPT-
3 (Brown et al., 2020) with 175 billion parameters, spurring the development of other models like
Megatron-Turing NLG (Smith et al., 2022), Chinchilla (Hoffmann et al., 2022), PaLM
(Chowdhery et al., 2023), OPT (S. Zhang et al., 2022), and LLaMA (Touvron et al., 2023).
Recently, open-source models like Alpaca (Taori et al., 2023) and Vicuna (Vicuna, n.d.),
developed from LLaMA, have shown comparable performance.

Computer vision and LLMs have been incredibly useful for tackling specific tasks predefined by
humans. However, the ultimate goal has always been to develop systems capable of handling a
wide range of problems with minimal adjustments from us. This vision extends to creating models
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that can describe visual inputs in human language, paving the way for visual LLMs or LLMs with

vision capabilities, which naturally offer more versatility than pure computer vision systems (Ju et
al., 2022).

In conclusion, previous research has shown that there is currently a lack of data related to non-
motorist facilities and infrastructure, which can hinder the development of safety measures for
non-motorists. However, the advancement of technologies such as large language models (LLMs)
and computer vision (CV) provides new methods for collecting, analyzing, and evaluating data on
non-motorist activities and facilities. These innovative approaches offer the potential to fill
existing data gaps, enhance the understanding of non-motorist safety issues, and guide targeted
interventions. By leveraging these advanced technologies, it is possible to improve the overall
safety and accessibility of non-motorist infrastructure, ultimately benefiting all members of
society.
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Methodology

In the field of vision-based large language models (LLMs), several advanced deep learning models
have been successfully tested in various domains. This project explored these models with a focus
on ChatGPT and leveraged their capabilities to develop pedestrian and bicyclist facility detection
and safety assessment models.

ChatGPT-40

In this research, the GPT-40 through Application Programming Interface (API) was chosen over
its online version due to the greater control on the dynamic nature of ChatGPT’s responses.
Through the API, parameters can be fine-tuned, and specific constraints set to ensure that the
output aligns precisely with defined requirements. This level of customization is less attainable
with the standard online interface. Additionally, leveraging the API allows for seamless integration
of GPT-4o into various other applications and workflows that enhance functionality and efficiency.
The API also facilitates the automation of tasks such as data processing, content generation, and
customer support, significantly reducing manual efforts and operational costs. Moreover, the API
enables handling higher volumes of requests and data, ensuring that the system remains responsive
and efficient even during peak usage times. This scalability is crucial for businesses and developers
who rely on consistent performance. The API provides access to more granular analytics and usage
metrics, enabling better monitoring and optimization of the system’s performance. Overall, the
GPT-40 API offers a robust, scalable, and customizable solution that enhances the versatility and
effectiveness of ChatGPT that it a superior choice for advanced applications and integration.

In order to access the GPT through API, a tool called “Al image Analyzer” was developed that
mirrors the capabilities of the online version but offers additional flexibility and adaptability
tailored to specific needs. It can work with multiple images and receive user inputs similar to the
GPT online version and generates responses as presented in Figure 1. In the developed tool, the
dynamic nature of the response has been controlled by a parameter called temperature.
Temperature' controls the “creativity” or randomness of the text generated by GPT. A higher
temperature (e.g., 0.7) results in more diverse and creative output, allowing for a wider range of
possible tokens at each step, which makes the text more varied. In contrast, a lower temperature
(e.g., 0.2) makes the output more deterministic and focused, reducing variability and leading to
more predictable and consistent text. A temperature of 0 makes the model completely
deterministic, always choosing the most likely token based on the context. This tool can be
embedded into websites, mobile applications, or other platforms, providing a seamless user
experience.

! Cheat Sheet: Mastering Temperature and Top p in ChatGPT API https://community.openai.com/t/cheat-sheet-
mastering-temperature-and-top-p-in-chatgpt-api/172683
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# Allmage Analyzer V 0.1 (dema) = [m] X

Prompt: Can you explain the crosswalks you see in the image?
Response:
The image shows an aerial view of an intersection with clearly marked crosswalks. Here’s a detailed explanation of the crosswalks:

1. *North-South Crosswalks™:
- There are two crosswalks running north-south, one on each side of the intersection. These crosswalks are marked with solid white lines parallel to the direction of traffic.
- The crosswalk on the left {west side) is more prominently visible with clear white lines.
- The crosswalk on the right (east side) is also marked but appears slightly faded.

2. ™East-West Crosswalks™:
- Similarly, there are two crosswalks running east-west, one on each side of the intersection. These are also marked with solid white lines.
- The crosswalk on the top (north side) is clearly visible with salid white lines.
- The crosswalk on the bottom (south side) is marked but appears to be less prominent compared to the others.

3. *Intersection Layout™:
- The intersection is a standard four-way intersection with crosswalks on all four sides, providing pedestrian access in all directions.
- The crosswalks are designed to ensure pedestrian safety by clearly indicating where pedestrians should cross the streef.

Overall, the crosswalks are well-marked, ensuring that pedestrians can safely navigate the intersection.

Can you explain the crosswalks you see in the imagE?I

Upload Images Enter your prompt: Send Request |

Figure 1. Interface Developed for ChatGPT

Prompt Design

Prompt writing, also termed prompt engineering, is pivotal in optimizing the performance of LLMs
like GPT. It involves designing precise sets of instructions that tailor an LLM's behavior by
customizing or refining its capabilities, serving as the primary interface for human interaction with
these sophisticated natural language processing (NLP) systems (Arora et al., 2022; van Dis et al.,
2023; White et al., 2023; Zhou et al., 2022). A prompt, in this context, refers to a predefined text
or set of instructions provided to an LLM that guides its responses and behavior. This method has
gained widespread acceptance due to its versatility and effectiveness across various NLP tasks.
However, the efficacy of prompt engineering hinges significantly on the quality of the prompts
themselves, which are meticulously designed to ensure they effectively steer the model's responses
in desired directions. Unlike traditional methods for analyzing models, prompt-based approaches
offer a non-invasive means of assessing an LLM's comprehension without requiring direct
inspection of its internal mechanisms (Shin et al., 2020). This method provides a valuable baseline
for evaluating the model's knowledge and performance, making it a valuable tool for researchers
and developers alike. Nevertheless, manual prompt construction remains a labor-intensive process
that demands meticulous attention to detail, particularly for tasks that require nuanced contextual
understanding, such as textual entailment. Moreover, the sensitivity of LLMs to prompt
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construction underscores the challenge of achieving consistent high performance across diverse
applications. Researchers are exploring automated techniques to streamline prompt generation,
aiming to enhance efficiency and reliability while preserving the integrity of interactions between
humans and Al systems (Arora et al., 2022; Jung et al., 2022; Liu et al., 2023; Reynolds &
McDonell, 2021; Shin et al., 2020; Wei, Tay, et al., 2022; Wei, Wang, et al., 2022). This research
intends to explore and evaluate the ability of a LLM with vision capabilities (ChatGPT-40) to
detect non-motorist facilities, identify issues, and generate insightful recommendations.

To achieve this objective, this research included various non-motorist facilities and then designed
the prompt. Using the list, a series of objective questions has been developed for intersection level
image analysis. Additionally, another set of subjective questions has been developed for both
intersection and area level image analysis. During prompt design, multiple versions of prompts
have been tested and the prompts that provided the most reasonable output have been selected as
final prompts. Table 1 and Table 2 present summary of all the prompts used in this research for
the evaluation of ChatGPT.
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Table 1. Objective Questions to Detect and Assess Pedestrian and Bicycle Facilities

Summary of Prompts for Objective Questions

Pedestrian crosswalk

. Can you see the pedestrian crosswalk from the picture?

. Where is the pedestrian crosswalk located in the picture?

. Is the crosswalk clearly marked?

. Can you describe the condition of the crosswalk (e.g. good, fair, poor)?
. Are the sidewalks accessible?

. Is the crosswalk accompanied by any traffic signals or signage?

. Are there any safety features associated with the crosswalk?

. Can you see the pedestrian sidewalks from the picture?

03NN A W~

Bicycle lane
1. Where is the bicycle lane located in the picture?

2. Is the bicycle lane clearly marked and unobstructed?

3. Can you describe the condition of the bicycle lane (e.g. good,
fair, poor)?

4. Is the bicycle lane accessible?

5. Does the lane have any safety features like buffers from traffic
or signage?

6. Can you see the ADA curb ramps from the picture?

Pedestrian sidewalks

1. Where are the pedestrian sidewalks located in the picture?

2. Are the sidewalks clearly marked?

3. Can you describe the condition of the sidewalks (e.g. good, fair, poor)?
4. Are the sidewalks accessible?

5. Do the sidewalks have any features like benches, trees, or lampposts?
6. Can you see the bicycle lane from the picture?

Pedestrian refuge areas

1. Where are the pedestrian refuge areas located in the picture?

2. Are they adequately sized and positioned for pedestrian safety?
3. Can you describe the condition of the pedestrian refuge areas
(e.g. good, fair, poor)?

4. Do they include any features like signage or lighting?

On-street parking
1. Can you see the on-street parking from the picture?

2. Where is the on-street parking located in the picture?

3. Is the parking clearly marked and organized?

4. Can you describe the condition of the parking (e.g., good, fair, poor)?
5. Are there any safety features like designated parking spots for disabled
individuals?

ADA curb ramps

1. Where are the ADA curb ramps located in the picture?

2. Are the ramps compliant with ADA standards?

3. Can you describe the condition of the ADA curb ramps (e.g.
good, fair, poor)?

4. Do the ramps have detectable warning surfaces for visually
impaired individuals?

5. Can you see the curb extensions or ‘bulb-outs’ from the picture?

Curb extensions
1. Where are the curb extensions located in the picture?

4. Can you see the pedestrian refuge areas from the picture?

2. What impact do the curb extensions appear to have on traffic and pedestrian safety?
3. Can you describe the condition of the curb extensions or ‘bulb-outs’ (e.g., good, fair, poor)?
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Table 2. Subjective Questions for the Evaluation of ped/bike safety and walkability

Summary of Prompts for Intersection level analysis

. How safe is it for a pedestrian to cross any leg of the intersection?

. Describe the safety conditions of a pedestrian crossing any leg of the intersection.

. Are there any safety concerns for pedestrians crossing any leg of the intersection? If yes, what are they?

. Can you provide any recommendations to improve safe crossing for pedestrians?

. These two images are of the same intersection. The first one is from 2010 and the second one is from 2021.

. What could be potential reasons for the crosswalk not being present in the picture?

. Are there any other pedestrian facilities visible in the picture?

. What might be the reasons for the absence of sidewalks in this intersection?

. Are there any other pedestrian facilities visible in the picture?

10. Could there be another facility for cyclists in the area?

11. Are there any indicators that a bicycle lane might be needed or planned?

12. What could be potential reasons for the absence of ADA curb ramps?

13. Are there other accessibility features visible in the picture?

14. What might be the benefits of adding curb extensions in this area?

15. Are there any other traffic calming measures visible?

16. What might be the reasons for the absence of pedestrian refuge areas?

17. Are there any other safety measures for pedestrians visible in the picture?

18. These two images are of the same intersection. The first one is from 2010 and the second one is from 2021.
- Were there any improvements to pedestrian safety while crossing any leg of the intersection? If so, what are they?
- Were there any aspects of pedestrian safety that deteriorated or got worse from 2010 to 2021?

O 031N N K~ WK —

Summary of Prompts for Area level Analysis

Walkability
1. Please rate the picture for walkability in this neighborhood. Describe the walking conditions you observe, such as the presence and quality of

sidewalks, crosswalks, pedestrian signals, street lighting, and overall pedestrian safety.

2. Please provide a walk score for the neighborhood shown in the picture. Describe the features that contribute to your score, such as sidewalks,
crosswalks, pedestrian signals, street lighting, and overall pedestrian safety.

Bikeability:

1. Please rate the picture for bikeability in this neighborhood. Describe the biking conditions you observe, including the presence and quality of
bicycle lanes, bike racks, traffic conditions, street lighting, and overall safety for cyclists.

2. Please provide a bike score for the neighborhood shown in the picture. Describe the features that contribute to your score, such as bicycle lanes,
bike racks, traffic conditions, street lighting, and overall safety for cyclists.
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Data Collection

In order to evaluate the performance of the ChatGPT model in detecting non-motorists facilities
in the images, a dataset containing images with appropriate dimension and resolution was required.
Initially, various data sources including the Google Maps platform, Google Earth Pro, and Bing
Maps were explored to select the best source for collecting images. Factors considered included
the quality of images, availability of historical data, the availability of different zoom levels and
views, frequency of image updates, geographic coverage, and the ease of integration with our API.
After evaluating these comprehensive factors, Google Earth Pro was selected as the optimal
source. The satellite images showcasing various non-motorist facilities for selected locations were
then retrieved from it to test the GPT model. Below is a description of the different facilities
considered in the analysis:

Non-motorist Facilities

Pedestrian crosswalks are essential for providing safe crossing points across streets, and evaluating
their presence, condition, and visibility is necessary to ensure they are clearly marked, well-
maintained, and supported by appropriate signage and traffic signals. Properly designed
crosswalks not only help prevent accidents and enhance pedestrian safety but also should be clearly
marked with visible paint, complemented by traffic signals and pedestrian signs, and regularly
maintained to prevent wear. These features, identifiable in aerial images through their distinct
markings and strategic positioning at intersections, play a critical role in ensuring pedestrian safety
and effective traffic management.

Sidewalks offer designated pathways for pedestrians, separating them from vehicular traffic.
Evaluating sidewalks for clear markings, good condition, and accessibility is crucial for the safety
and mobility of all pedestrians, including those with disabilities. Sidewalks must be free of cracks
and obstructions, sufficiently wide to accommodate wheelchairs and strollers, and include
amenities like benches, trees, and lampposts for enhanced pedestrian comfort. These elements can
be observed in aerial images by examining the pathways running alongside roads and their overall
continuity and condition.

Bicycle lanes provide cyclists with dedicated space, reducing the risk of collisions with motor
vehicles. Evaluating the condition and accessibility of these lanes is essential for cyclist safety and
promoting bicycle use as a mode of transportation. It should be clearly marked with paint and
signage, kept unobstructed and in good condition, and include safety features such as buffers from
traffic and reflective markings. Aerial images can reveal these lanes through their distinct markings
parallel to roadways, highlighting their connectivity and condition.

ADA curb ramps are vital for ensuring accessibility for individuals with disabilities. Assessing
these ramps for compliance with ADA standards ensures that all pedestrians can navigate the urban
environment safely and independently. These ramps should be installed at all crosswalks,
maintained free of damage and obstructions, and feature detectable warning surfaces for the

CENTER FOR PEDESTRIAN AND BICYCLIST SAFETY 13
Final Report



visually impaired. While detailed compliance with ADA standards may not be visible, the presence
and location of curb ramps can be confirmed through aerial images at intersections.

Curb extensions, or bulb-outs, reduce the crossing distance for pedestrians, enhance visibility, and
act as traffic calming measures. Evaluating their impact on traffic and pedestrian safety helps
design safer intersections. They should be installed at high-traffic intersections, maintained in good
condition, and regularly evaluated for their impact on traffic flow and pedestrian safety. Curb
extensions can be identified in aerial images by their protruding structures at intersections.

Pedestrian refuge areas provide safe waiting spaces for pedestrians crossing wide or busy streets.
Assessing these areas ensures they are adequately sized and strategically positioned for optimal
safety. Pedestrian refuge areas should be constructed at busy intersections, equipped with signage
and lighting, and maintained in good condition. These areas can be spotted in aerial images as
median islands or other protected spaces within crosswalks.

On-street parking can impact pedestrian and cyclist safety by affecting visibility and traffic flow.
Evaluating its organization and condition is essential to ensure it does not pose safety hazards. It
should be clearly marked, include designated spots for disabled individuals, and be regularly
maintained to prevent damage and obstructions. The layout and organization of on-street parking
can be effectively assessed through aerial views, providing insights into its impact on urban
mobility and safety.

CENTER FOR PEDESTRIAN AND BICYCLIST SAFETY 14
Final Report



Facility Locations

This research initially used 10 intersection level and 2 area level images (Figure 2) for the test.

Figure 2. Location of Selected Intersections and Zones for ChatGPT Analysis

The evaluation is divided into two parts: intersection-level analysis and area-level analysis. For
the intersection-level analysis, the focus was on the safety and accessibility of pedestrian crossings,
bicycle lanes, and related infrastructure. Prompts were designed to extract detailed observations
about the condition, visibility, and safety features of these facilities. For the area-level analysis,
the overall walkability and bikeability of neighborhoods were assessed, taking into account factors
such as the presence and quality of sidewalks, crosswalks, bicycle lanes, pedestrian signals, and
street lighting.

Results

This section presents the findings from the evaluation of the effectiveness and condition of non-
motorist facilities using image analysis prompts developed for both intersection and area levels.
The non-motorist infrastructures include pedestrian crosswalks, bicycle lanes, sidewalks,
pedestrian refuge areas, on-street parking, ADA curb ramps, and curb extensions. By employing a
series of carefully designed prompts, this research utilized ChatGPT to analyze images and provide
objective and subjective insights into the current state and safety of these facilities.

The evaluation is performed at intersection-level and area-level analysis, respectively. For the
intersection-level analysis, the focus was on the safety and accessibility of pedestrian crossings,
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bicycle lanes, and related infrastructure. Prompts were designed to extract observations about the
condition, visibility, and safety features of these facilities. For the area-level analysis, the overall
walkability and bikeability of neighborhoods were assessed, considering factors such as the
presence and quality of sidewalks, crosswalks, bicycle lanes, pedestrian signals, and street lighting.

Non-motorist Feature Detection

Pedestrian Crosswalks

1. ChatGPT was able to detect crosswalks, but consistently classify whether they are traverse,
ladder or zebra crossing.

2. It was able to explain the location of the crosswalks, but used various terminology such as

“north, south, east and west”, “all four corners of the intersection”, and “each corner of the

intersection”.

The response was consistent for evaluating crosswalk conditions.

4. The result was not consistent in detecting other features such as signage and lighting.

(98]

Bicycle Lanes

The results were inconsistent for detecting bicycle lanes. ChatGPT was looking for clear signage
or bike-image in the images.

Pedestrian Sidewalks and Refuge Areas

1. ChatGPT was able to detect this feature.

2. It was able to explain the location of the features, but used various terminology such as
“north, south, east and west”, “all four corners of the intersection” and “each corner of the
intersection”.

3. The response was consistent for evaluating its conditions.

On-Street Parking and ADA Curb Ramps

ChatGPT was able to detect this feature but unable to evaluate the condition of this feature. It
properly explained why using ariel view image this cannot be done.

Curb Extensions

1. ChatGPT was able to detect this feature, but did not consistently classify whether they are
traverse, ladder or zebra crossing.

2. It was able to explain the location of the crosswalks, but used various terminology such as
“north, south, east and west”, “all four corners of the intersection”, and “each corner of the
intersection”.

3. The response was consistent for evaluating the conditions.
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Walkability and Bikeability

To assess the walkability and Bikability of a neighborhood based on aerial images, the following
features and evaluation strategy are considered by ChatGPT:

Sidewalks: Presence and condition of sidewalks.

Crosswalks: Marking condition.

Street Lighting: ChatGPT looked for this image but could not detect it.

Pedestrian Signals: it could not detect but provided good reasoning suggesting that this
feature was likely to be present. It counted that the pedestrian signal was present.

5. Overall Pedestrian Safety: It used neighborhood design pattern, presence of green spaces
and trees to explain overall pedestrian safety.

PR

Based on the evaluation of the above features, its rating on walkability of the neighborhood was
reasonable.

Performance of ChatGPT

This study used confusion matrix and accuracy to evaluate the performance of ChatGPT in
different detection tasks. Utilizing both overall and per-class accuracy metrics derived from the
confusion matrix provides a holistic view of a classification model's performance. This analysis is
crucial for optimizing models to achieve balanced performance across all classes, ensuring that the
model is both accurate and reliable in real-world applications. A confusion matrix is an essential
tool for evaluating the performance of a classification model on a dataset where the true values are
known. It is particularly valuable in multiclass classification settings, as it provides a
comprehensive overview of how well the model predicts across multiple classes.

The overall accuracy of a model derived from the confusion matrix is calculated by the ratio of the
sum of the diagonal elements (correct predictions) to the total number of predictions made.

The formula is expressed as: Overall Accuracy = (Sum of correct predictions (diagonal sum)) /
(Total number of predictions (all matrix elements sum))

This metric provides a quick snapshot of the model's effectiveness across all classes. However, it
might not fully represent the model's performance in cases of class imbalance, highlighting the
need for accuracy metrics specific to each class.
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Figure 3. Confusion Matrices for Non-motorist Facilities Detection by ChatGPT

Per-class accuracy measures the effectiveness of the model in predicting each class individually.
It is calculated by dividing the number of correct predictions for a specific class (a diagonal
element) by the total number of instances that actually belong to that class (the sum of elements in
the corresponding row). This measure is vital for pinpointing which classes are predicted with high
precision and which are not, guiding targeted improvements in model training. The formula for
this measure is as follows:

Per-Class Accuracy for Class i = (Correct predictions for Class 1) / (Total actual occurrences of
Class 1).

This measure is vital for pinpointing which classes are predicted with high precision and which
are not, guiding targeted improvements in model training.
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The following Figure 3 presents confusion matrices for the detection and assessment of non-
motorist facilities by ChatGPT. For each prompt, multiple runs at different times were conducted
to ensure the consistency of the predictions.

Table 3 also shows the accuracy of ChatGPT in detecting various non-motorist facilities in images,
such as crosswalks, their conditions, and bicycle lanes. This table presents the overall accuracy of
ChatGPT in detecting each non-motorist facility, along with the per-class accuracy for each
facility. The evaluation of various pedestrian and bicycle facilities indicates differing levels of
detection accuracy. The ability to count crosswalks achieved moderate accuracy at 0.68,
suggesting a reasonable capability. For crosswalk markings, the detection accuracy varied with
condition: markings in good condition had a moderate accuracy of 0.60, fair condition markings
achieved 0.64, while poor condition markings had lower accuracy at 0.48, indicating difficulty in
detection. Approaches without crosswalks showed good detection accuracy at 0.72. Zebra
crosswalks and ladder crosswalks both demonstrated high detection accuracy at 0.84 and 0.80
respectively, indicating strong detection capabilities. Transverse crosswalks also had good
accuracy at 0.72, suggesting reliable detection. Lastly, the detection of bicycle lanes was perfect,
with an accuracy of 1.00, indicating excellent detection capability.

Table 3. Performance of ChatGPT Detecting and Counting Non-motorist Facilities

Accuracy
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Overall | 0.68 0.6 0.64 0.48 0.72 | 0.84 | 0.72 | 0.8 1
Class 0 - 1 1 0.63 0.9 0.84 1 1 1
Class 1 - - 0 0 - - 0 - 0
Class 2 0 0 0 0 0 - - 0 0
Class 3 - 0 - - - - - - -
Class 4 | 0.94 1 0 0 - - 0.83 0 0
Class 5 - 0 - - - - - - -
Class 6 0 - - - - - - - -
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Class-specific detection accuracy varies significantly across different classes. When there are no
crosswalks present, detection accuracy is high across most features, especially for crosswalks in
good and fair condition, zebra crosswalks, transverse crosswalks, ladder crosswalks, and bicycle
lanes. In class with 1 crosswalk, there is no detection for most features, indicating potential issues
or lack of data for this case. When there are 2 crosswalks, there is no detection for all features,
suggesting this scenario either lacks sufficient data or the detection algorithm is ineffective. For
class with 3 crosswalks, there is limited data, and only poor accuracy is observed for crosswalks
in good condition. When there are 4 crosswalks, detection accuracy is high for crosswalks in good
condition and the overall number of crosswalks, though there are some issues with detecting
crosswalks in fair and poor conditions. In scenarios with 5 and 6 crosswalks, there is minimal data
or detection, indicating potential gaps in the dataset or challenges in detection for these scenarios.

Table 4 shows the detection accuracy for the conditions of bicycle lanes and pavements. The
overall detection accuracy of the model indicates significant challenges in assessing the condition
of bicycle lanes and pavements. Specifically, the system shows a low overall accuracy of 0.27 for
bicycle lane conditions and a slightly better, yet still low, accuracy of 0.36 for pavement
conditions, suggesting substantial struggles in evaluating these features accurately.

Table 4. Performance of ChatGPT in Assessing the Conditions of Non-motorist Facilities

Accuracy
Classes | Condition of Bicycle Lane Condition of Pavement
Condition | Overall 0.27 0.36
Assessment | Fair 0.2 0
Good 0.4 0.8
Poor 0 0

For bicycle lanes in fair condition, the accuracy is very low at 0.2, indicating difficulties in reliable
detection, while there is no detection capability (0.0) for pavements in fair condition, suggesting a
complete failure in recognition. When it comes to detecting bicycle lanes in good condition, the
system exhibits moderate accuracy (0.4), showing some capability. The model performs well in
identifying pavements in good condition, with a high accuracy of 0.8. However, the detection of
bicycle lanes and pavements in poor condition is non-existent (0.0), highlighting a significant gap
in the model's abilities.

Table 5 presents findings for assessing how well ChatGPT performs in identifying different non-
motorist facilities from aerial photographs. The table summarizes the system's accuracy in
detecting the presence or absence of curb extensions, stop lines, ADA ramps, and signals.
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Table 5. Performance of ChatGPT in Detecting Other Non-Motorist Facilities

Accuracy
Presence of Curb Presence of Presence of Presence of
) Classes | Extensions Stop Lines ADA Ramps Signals
Detection oy /e rall 0.72 0.64 0.81 0.81
Yes 0 0.71 0.9 0.68
No 0.8 0.5 0 1

The GPT model demonstrates strong accuracy in detecting ADA ramps and traffic signals, both
achieving an overall accuracy of 0.81. This suggests robust capabilities in recognizing these crucial
non-motorist facilities. In contrast, the detection of curb extensions shows moderately good
performance with an accuracy of 0.72, indicating effective identification in most cases but with
room for improvement. The lowest accuracy is observed in the detection of stop lines, with an
accuracy of only 0.64, highlighting challenges in reliably identifying these important road
markings.

Overall, while ChatGPT shows potential in certain areas, especially in identifying well-maintained
pavements, it struggles significantly in other areas, particularly in recognizing fair and poorly
maintained conditions. While the GPT excels in detecting certain non-motorist features like signals
and ADA ramps, it faces challenges in consistently identifying stop lines and effectively detecting
ADA ramps when absent.

Preliminary Application: Changes in Non-motorist Facilities at a Sample
of Milwaukee Intersections: 2011 vs. 2022

While the detection capabilities of ChatGPT are still limited and require further development, this
section describes the application of this tool in 30 randomly selected census tracts in the City of
Milwaukee, WI (Figure 4) as a preliminary proof-of-concept. It is important to note that the results
were checked manually to ensure the accuracy of the detection. In cases where inaccuracies were
found, results from manual inspections were used. This application is a pilot test, but with further
development, this approach could become a useful part of a comprehensive, multimodal roadway
safety analysis.
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Figure 4: Intersection Locations within Selected Census Tracts

Table 6 provides a detailed overview of changes in non-motorist facilities and safety features at
selected intersections in 30 census tracts in the City of Milwaukee, WI between 2011 and 2022.
These census tracts containing these intersections have a variety of median household income
levels, development density, land uses, and street types. Each study intersection within these tracts
has been evaluated for several key features that could impact pedestrian and cyclist safety and
accessibility.

The results show that the total number of crosswalks at the 30 study intersections generally
remained unchanged, indicating stability in basic pedestrian infrastructure. However, there were
fluctuations in the condition of crosswalk markings. For example, Intersection 1 saw an increase
in crosswalks in good condition (+1) and a decrease in those in fair condition (-1), possibly
reflecting targeted maintenance efforts. Conversely, Intersection 5 experienced a decrease in

|
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crosswalks in good condition (-4) and an increase in those in poor condition (+2). Overall, based
on the results, the number of crosswalks in good condition decreased during the analyzed period,
highlighting the need for improved maintenance efforts.

Regarding zebra crosswalks, most intersections had no changes, indicating either stability or a lack
of emphasis on this crosswalk type. For transverse crosswalks, Intersection 1 and Intersection 21
noted a significant reduction (-4), while no notable increases were reported, suggesting a potential
shift away from this design. In contrast, ladder crosswalks saw increases at Intersection 1 and
several others (e.g., Intersection 18), highlighting a trend towards designs that enhance visibility
and safety.

Changes in the number of bicycle lanes varied, with some intersections such as Intersection 10 and
Intersection 26 seeing an increase (+4), while others such as Intersection 4 and Intersection 15 saw
a decrease (-1). Improvements in pavement condition were noted at several intersections (e.g.,
Intersection 1 and Intersection 8, both +1), which is crucial for non-motorist safety. However,
some intersections experienced a decline (e.g., Intersection 5 and Intersection 13, both -2), pointing
to areas needing attention. Moreover, the presence of ADA ramps increased at various
intersections (e.g., Intersection 1 and Intersection 10, both +1), reflecting efforts to enhance
accessibility for individuals with disabilities. However, many intersections reported no change,
indicating a need for broader implementation.

In summary, the results highlight differences in the quality and distribution of pedestrian and
cyclist infrastructure across different census tracts. The trends and changes related to these
facilities and their quality also varied among different areas during the analysis period. Application
of this type of analysis can help identify locations for tailored interventions within a jurisdication.
For example, areas with lower walkability and higher transportation inequity may require targeted
interventions to improve non-motorist facilities. Such areas often lack adequate infrastructure,
leading to decreased safety and accessibility for pedestrians and cyclists. Addressing these
disparities is crucial for promoting equitable and sustainable urban development.
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Table 6. Change in Non-Motorist Facilities Between the Year 2011 and 2022
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Further applications of this approach could involve comparing past and current pedestrian and
bicyclist infrastructure presence and condition with safety outcomes in different neighborhoods.
For example, the presence of crosswalks or other pedestrian crossing facilities could be compared
with fatal and severe pedestrian crash rates (e.g., crashes per 100,000 population; crashes per trip
or per walk commuter) by census tract. Facility presence and crash rates could also be compared
to measures of neighborhood disadvantage, such as the Transportation Insecurity Index from the
USDOT Transportation Disadvantaged Census Tracts tool, to assess the equity implications of
pedestrian safety outcomes by neighborhood.

As high-quality, historic aerial images become increasingly available and vision-based large
language models are refined for greater accuracy, this type of analytical approach has the potential
to enhance comprehensive safety analyses for pedestrians and bicyclists. The concept illustrated
in this report could help transportation agencies understand where past infrastructure investments
have been made, where pedestrian facilities are improving, and where future projects are needed.

Conclusions and Recommendations

As urban environments increasingly prioritize sustainable transportation, the demand for accurate
and reliable data on non-motorist activities and facilities, such as pedestrian walkways, crosswalks,
and bicycle lanes, becomes crucial. This study explored recent technological advancements and
methodologies for extracting non-motorist data, evaluating their ability to detect, classify, monitor
changes in, and assess the condition of these facilities. Specifically, it examined the use of vision-
based large language models, with a focus on ChatGPT, for detecting and evaluating non-motorist
facilities from aerial images. ChatGPT, an advanced language model developed by OpenAl, is
renowned for its natural language processing capabilities. With its large language model features
coupled with computer vision capabilities, ChatGPT can analyze image input and generate human-
like responses. By leveraging these combined capabilities, ChatGPT can interpret and generate
valuable insights from complex datasets, such as aerial images.

In this study, a tool called "AI Image Analyzer" was developed to access GPT through an API.
This tool mirrors the capabilities of the online version but offers additional flexibility and
adaptability tailored to specific needs. To evaluate the performance of the ChatGPT in detecting
and evaluating non-motorist facilities in images, a dataset containing intersection images featuring
different non-motorist facilities was created. The performance of ChatGPT in various tasks was
tested, and accuracy metrics were established. The result of the study showed that one of the
significant advantages of using ChatGPT for extracting and evaluating non-motorist facilities from
aerial images is its ability to detect and explain the location of various non-motorist facilities with
reasonable accuracy. It can identify pedestrian crosswalks and describe their positions using
different terminologies, such as cardinal directions or intersection corners. This flexibility in
descriptive language enhances its utility in diverse urban planning contexts. Additionally,
ChatGPT evaluates the condition of crosswalks and sidewalks, providing reliable assessments that
can inform maintenance and improvement strategies. Moreover, its ability to explain the presence
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or absence of ADA ramps and street parking from aerial imagery is noteworthy. Furthermore, in
assessing overall pedestrian safety and walkability for a specific area, ChatGPT considers a range
of factors, including neighborhood design, green spaces, and the presence of trees, demonstrating
its ability to understand the context and align with contemporary urban planning principles.

Despite its advantages, ChatGPT has a few limitations when it comes to retrieving non-motorist
facilities from aerial images. The model shows inconsistency in detecting certain features, such as
bicycle lanes, which it often fails to recognize without clear signage or bike images. This limitation
underscores the model's reliance on explicit visual cues, which may not always be present in aerial
images. Although ChatGPT can detect crosswalks, it struggles with consistently classifying them
into specific types, such as traverse, ladder, or zebra crossings, which could lead to ambiguities in
planning and reporting. The model's varied terminology in describing locations can also introduce
confusion, necessitating additional clarification in some cases. Another critical limitation is its
inability to reliably detect street lighting and pedestrian signals which can be manually recognized
as their shadows casted from a satellite image. This gap in detection capabilities means that
ChatGPT's evaluations might overlook crucial safety features, potentially compromising the
comprehensiveness of its assessments. Therefore, while ChatGPT offers promising capabilities,
its limitations highlight the need for supplementary tools and methods to achieve a thorough
evaluation of non-motorist facilities.

This study utilized a limited number of satellite images to assess the performance of ChatGPT.
Utilizing larger datasets can provide more comprehensive insights into the model's accuracy and
applicability. Moreover, the study focused on a specific area; expanding the dataset to include
images from various geographic regions and contexts can enhance the generalizability of the
findings. Additionally, exploring different metrics and evaluation methods could offer more
insights into ChatGPT's capabilities and limitations in retrieving non-motorist facilities from aerial
images. These steps are important for advancing the reliability and effectiveness of using Al
models like ChatGPT in urban planning and infrastructure assessment.

This research represents the initial phase of retrieving non-motorist facility data from aerial images
using LLMs, specifically ChatGPT. It underscores the necessity of employing vision-based large
language models like ChatGPT that are specifically trained on non-motorist data and with domain
knowledge such as the Highway Safety Manual, Manual on Uniform Traffic Control Devices
(MUTCD), Improving Intersections for Pedestrians and Bicyclists — Informational Guide,
Pedestrian Safety Audit Guidelines and Prompt Lists, and rich resources at USDOT websites and
others. Expanding this approach can enhance the accuracy and applicability of such models in
addressing transportation safety and infrastructure assessment challenges related to non-motorists.
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