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Enhancing Single Thermal Image Depth Estimation via
Multi—-Channel Remapping for Thermal Images
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Abstract: Depth information used in SLAM and visual odometry is essential in robotics. Depth
information often obtained from sensors or learned by networks. While learning-based methods have
gained popularity, they are mostly limited to RGB images. However, the limitation of RGB images
occurs in visually derailed environments. Thermal cameras are in the spotlight as a way to solve these
problems. Unlike RGB images, thermal images reliably perceive the environment regardless of the
illumination variance but show lacking contrast and texture. This low contrast in the thermal image
prohibits an algorithm from effectively learning the underlying scene details. To tackle these challenges,
we propose multi-channel remapping for contrast. Our method allows a learning-based depth prediction
model to have an accurate depth prediction even in low light conditions. We validate the feasibility and
show that our multi-channel remapping method outperforms the existing methods both visually and

quantitatively over our dataset.
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[Fig. 1] The propose 3-channel remapping for a thermal image
exaggerates the variation within a thermal image increasing
interpretability. The 3-channel thermal remapping can express
the structure that was not expressed in the raw thermal image
such as ArUco!"! (first row)
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[Fig. 2] Overview. Our model consists of 3 steps. First (blue box), the stereo depth map (Ds) is obtained by feeding the remapped
3-channel thermal images (177, 17%’) through FrowNet”. Second (red box), multi-channel thermal images (1,Y*/, 1"*/) are
constructed. Third (green box), the predicted depth map (Dp) is trained by feeding the remapped 1,7, 1,¥%/, LIDAR depth map (D),

and Ds through Depth network
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[Fig. 3] The top image is a raw image, and the right figure is an
image converted using. g(x). (a) means temperature difference,
and (b) is pixel value difference
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[Fig. 4] The example of 3-channel thermal remapping image.
The second row represents three 1-channel thermal remapping
images. The first row shows visibility difference between three
thermal remapping images

(a) Raw data (b) Binary image

[Fig. 5] (a) shows raw image, (b) shows a binary image when a
temperature threshold is 20°C
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[Fig. 6] The qualirative inverse depth map evaluation on our dataset

[Table 1] The performance comparision with other methods. Best results in each category is bold

Model Abs Rel Sq Rel RMSE RMSE log §<1.25 §<1.25° §<1.25°
Monodepth2-mono-+stereo 0.407 4330 11.260 0.600 0.318 0.592 0.779
BTS 0.455 4972 12.040 0.658 0.274 0.524 0.723
DPT-hybrid 0.369 5.360 11.171 0.683 0.448 0.694 0.833
Ours (raw) 0.317 4315 10.854 0.740 0.493 0.736 0.858
Ours (5-channel) 0.314 4.276 10.825 0.766 0.499 0.741 0.861

[Table 2] The performance comparison according to the number of channels of thermal remapping images. #n is n-channel thermal

remapping image. Best results in each category is bold

Input Abs Rel Sq Rel RMSE RMSE log §<1.25 §<1.25% §<1.25°
#1 0.339 4.559 10.965 0.760 0.458 0.717 0.846
#2 0.336 4.339 10.914 0.739 0.451 0.713 0.845
#3 0.315 4.325 10.861 0.758 0.498 0.739 0.859
#4 0.313 4.279 10.839 0.771 0.501 0.742 0.861
#5 0.314 4.276 10.825 0.766 0.499 0.741 0.861
#10 0.315 4.288 10.848 0.766 0.498 0.739 0.859
A dol] w2 231 [Fig. 7)1} [Fig. 8], [Table 2]l 4] &1 .
3 29Itk [Fig. 71& A'E57H 98] 5744 Z7}3 v RMSE
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[Fig. 7] This graph shows that when the number of channels
increases from 1 to 5, the RMSE decreases, and when the
number of channels increases to 10, the RMSE increases
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[Fig. 8] The qualirative inverse depth map evaluation according to changing the number of channels of thermal remapping image
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