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[Abstract]

The issue of potholes, exacerbated by the increase in vehicles and climate change, has significant implications for traffic safety,
necessitating the development of automated detection technologies. In this paper, we propose a novel approach to improve the
efficiency of pothole detection on roads by utilizing generative Al images. Instead of using real pothole images, a detection model
was trained using virtual images generated by Al tools. The performances of models trained with images generated by various Al
tools, such as Midjourney and Playground, were compared with those of model trained with real images. The results confirm that
generative Al can enhance the accuracy and efficiency of pothole detection models and thereby offers potential solutions for
improving road maintenance efficiency. Hence, this study lays the groundwork for the potential application of generative Al in

road maintenance to enhance social safety and reduce economic costs.
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Table 1. Comparison of the number of vehicles and
trucks by year

Year 2013 2023

Vehicles 19,400,864 25,949,201

Trucks 3,285,707 3,726,400
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Monthly Complaint Trends (Jan 2022 - Feb 2024)

5.8 times higher
compared to the same
period last year
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Fig. 1. Monthly trend of pothole complaints
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Table 2. Applications of generative Al by category

Type Characteristic Examples
— Technology that generates images .
Imagg based on user—entered prompts Mld!ourney,
Generation ; . Firefly,
Al — Create images close to the desired Playground
result through interactive feedback
— Technology for generating paragraphs
based on given text input
Text — Used |nlthe field of natural language GPT
) processing(NLP)
Generation _ Applicati in field h developed
Al pp! |caT|ons in fields such as by OpenAl
translation, summarization, writing
assistance, interactive Al chatbot, and
code writing
— Technology that converts input text Platforms
) into voice using Text—-To—Speech from
Voice
! (TTS) technology Google,
Generation ) ) ) )
Al — Used in voice assistants, audiobook, Amazon,
creation, etc. and
Microsoft
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Optimizing prompts for text-to-image generation

Generated

Image
Pothole on the
Prompt Pothole Pothole on the Pothole on the road overview in
road road overview the city with cars
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Fig. 2. Images generated according to the prompts
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Fig. 6. Pothole image created by Midjourney
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Fig. 7. Pothole image created by Playground
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Fig. 8. Pothole image created by Ideogram
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Table 3. The accuracy and loss of the two models

Real Image Al Image
Accuracy 0.9524 0.9932
Loss 0.0998 0.0363
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