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Figure 1: Compared to NeRF-based methods (Hassan et al., [2024) and methods that directly use
thermal images for training 3DGS, our approach not only improves the thermal image rendering
quality but also significantly reduces the model’s storage through multimodal regularization (MR).

ABSTRACT

Thermography is especially valuable for the military and other users of surveil-
lance cameras. Some recent methods based on Neural Radiance Fields (NeRF) are
proposed to reconstruct the thermal scenes in 3D from a set of thermal and RGB
images. However, unlike NeRF, 3D Gaussian splatting (3DGS) prevails due to its
rapid training and real-time rendering. In this work, we propose ThermalGaus-
sian, the first thermal 3DGS approach capable of rendering high-quality images in
RGB and thermal modalities. We first calibrate the RGB camera and the thermal
camera to ensure that both modalities are accurately aligned. Subsequently, we
use the registered images to learn the multimodal 3D Gaussians. To prevent the
overfitting of any single modality, we introduce several multimodal regularization
constraints. We also develop smoothing constraints tailored to the physical char-
acteristics of the thermal modality. Besides, we contribute a real-world dataset
named RGBT-Scenes, captured by a hand-hold thermal-infrared camera, facilitat-
ing future research on thermal scene reconstruction. We conduct comprehensive
experiments to show that ThermalGaussian achieves photorealistic rendering of
thermal images and improves the rendering quality of RGB images. With the pro-
posed multimodal regularization constraints, we also reduced the model’s storage
cost by 90%. Our project page is at https://thermalgaussian.github.io/.

1 INTRODUCTION

Thermal imaging is widely used in fields such as military (He et al., | 2021)), healthcare (Lahiri et al.,
2012), industry (Glowaczl [2021)), agriculture (Zhou et al.| 2021}, building inspection (El Masri &
Rakha, [2020), and search and rescue (Yeom, 2024) because it converts temperature information—an
important physical modality not visible to the human eye—into interpretable images. 3D reconstruc-
tion technology, which involves lifting multi-view 2D images into 3D scenes, is foundational for key
technologies such as the metaverse, digital twins, autonomous driving, and robotics. Any image with
valuable 2D applications can be lifted into 3D to view the captured scene from a new view and in
greater detail. Thermal images are no exception (Abreu de Souza et al.| 2023} [Liu et al., [2024).

Previous 3D thermal scene reconstruction (Rangel et al., |[2014; Zhao et al., 2017; Miiller, 2019; |L1
et al.| 2023)) involves a two-stage process. In the first stage, RGB images and traditional multi-view
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