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Improving Low-Light 3D Rendering with Gaussian Splatting
based on Thermal Image Processing
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Abstract: Realistic 3D rendering and viewpoint synthesis have become essential in industries such
as robotics, healthcare. The development of techniques like NeRF and Gaussian Splatting has greatly
advanced rendering capabilities. However, their performance is satisfactory only under ideal
conditions, such as perfect lighting and the absence of occlusions, which are rarely encountered in
real-world scenarios. To address this limitation, we propose the integration of thermal imaging sensors
into Gaussian Splatting. Thermal imaging, which captures infrared radiation emitted by objects,
offers robustness in low-light and occluded environments. Additionally, we introduce a thermal
mapping process combined with a keyframe selection method that accounts for non-uniformity
correction, effectively extracting feature points from low-texture and noisy thermal images, thereby
enhancing structure-from-motion outcomes. Experimental results demonstrate that our proposed
approach outperforms existing methods under challenging lighting conditions, improving the accuracy

of 3D rendering across various techniques.
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[Fig. 1] Top : RGB image, Bottom : Thermal image'” : Within
the box, the RGB image cannot accurately detect objects due to
obstructions like lighting or fog, while the thermal image
robustly detects objects in the same environment
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[Fig. 2] We propose a method for performing Gaussian Splatting
using thermal data as input. To achieve this, we enhance the
visual quality of images through thermal mapping and select
keyframes based on the distance between frames using the
homography matrix H. Subsequently, we perform SfM with the
selected keyframes and proceed with Gaussian Splatting
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[Algorithm 1] Keyframe Selection Method

1: Input: Images list L = {/y,/},..., Iy}, threshold : 7
2: Output: Keyframe list K

3: K «{lo}

4 keurren < Io

5: for i in range(1,N) do

6: H < Find homography(kcurren 1i);

7: if H = None then

8: t,,t,<— Decompose homography(H);
9: distance «+/t2 +t2 ;

10: if distance > T then

11: Append /;to K;

12: keurrem < 13

13: end if

14: end if

15: end for

16: return K
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@ (b)

[Fig. 3] (a) is the raw data, (b) is the image with only min-max
scaling applied, and (c) is the image with the filter applied as
well. The green dots visually represent the detected feature points
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[Table 1] SfM results of keyframe selection method

Images | Registered
Seoetal.?!l| 338 261 1712 1.255
Ours 328 328 2458 1.219

3D points | Reproj. Error
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[Fig. 4] (a) is our keyframe selection based SfM result, (b) is
the Seo et al. based SfM result
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[Fig. 5] NUC Execution and keyframe selection in Dataset
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[Table 2] Comparison of dataset rendering quality

Method | 30GS® | oOus | 3DGS™ | Ours
Dataset desk2-halfshere-ic outdoor-night2
L1loss | 0.058 0.007 0.005 0.006
PSNR 1 17.55 40.45 37.29 41.64
SSIM 1 0.785 0.945 0.955 0.959
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[Fig. 6] (a) and (b) are the deks2-halfshere-ic and outdoor-night2 datasets, respectively. the first and third columns represent the RGB
image and thermal image used for training, respectively, while the second and fourth columns represent the images rendered using
Gaussian Splatting based on low-light RGB and thermal images, respectively

[Table 3] Comparison of dataset rendering quality

[Table 4] SfM results of ablation study

Method 3DGS™ | Ours Images | Registered | 3D points [Reproj. Error
Dataset outdoor-robust-night2 Single min-mex scaling| 305 223 412 1.255
LI loss | 0.007 0.006 Gil et al.”” 305 305 6645 1.272
PSNR 1 28.61 32.91 Ours 320 320 2159 1.219
SSIM 1 0.952 0.960
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(a) (b) ©
[Fig. 7] Top is GT images and bottom is rendered images. (a) is a
simple pixel processing method based 3DGS, (b) is the method
by Gil et al. based 3DGS, and (c) is our method

[Table 5] Comparison of dataset rendering quality

Method Llloss | | PSNR 1 | SSIM 1

Single min-max scaling + 3DGS | 0.021 33.40 0.852
Gil et al + 3DGS 0.06 21.44 0.350

Ours 0.007 40.45 0.945
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