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Abstract: Crowd Counting has been a continuously researched topic in the field of Computer Vision, aiming to accurately estimate
the number of people in images. This research breaks the conventional approach of utilizing additional data such as depth or thermal
data and instead introduces a new perspective. By leveraging the advantages of Diffusion Models (DMs), known for their outstanding
performance in image generation, our Latent Diffusion Model-based approach is developed to generate high-quality Crowd Maps
and estimate the number of people without the need for expensive sensors. This research showcases the potential of incorporating
DMs into crowd counting and contributes to the development of modern society by combining the strengths of different fields.
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