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Infrared Visual Inertial Odometry via Gaussian Mixture
Model Approximation of Thermal Image Histogram

AAZL A7 o}t
Jaeho Shin', Myung-Hwan Jeon?, Ayoung Kim'

Abstract: We introduce a novel Visual Inertial Odometry (VIO) algorithm designed to improve the
performance of thermal-inertial odometry. Thermal infrared image, though advantageous for feature
extraction in low-light conditions, typically suffers from a high noise level and significant information
loss during the 8-bit conversion. Our algorithm overcomes these limitations by approximating a 14-bit
raw pixel histogram into a Gaussian mixture model. The conversion method effectively emphasizes
image regions where texture for visual tracking is abundant while reduces unnecessary background
information. We incorporate the robust learning-based feature extraction and matching methods, SuperPoint
and SuperGlue, and zero velocity detection module to further reduce the uncertainty of visual odometry.
Tested across various datasets, the proposed algorithm shows improved performance compared to
other state-of-the-art VIO algorithms, paving the way for robust thermal-inertial odometry.
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[Fig. 1] Block diagram illustrating pipeline of proposed
algorithm. SuperGlue outdoor weight is used to match feature
points of 8-bit converted thermal images
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3.2 AGC by Multiple Gaussian Fitting
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[Fig. 2] Proposed multiple Gaussian fitting-based thermal infrared image conversion. (a) Histogram of 14-bit raw image pixels with
three peaks and fitted result by Gaussians. (b) Dominant region of each peak from the image. (c) Converted 8-bit image by proposed
method (left), and clipping method (right)
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[Fig. 3] Comparison of feature matching performance between various algorithms. (a) Clipping method (top) and proposed method
(bottom) with SuperGlue. (b) Proposed method with SuperGlue (top), SIFT (medium), and ORB (bottom)
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[Table 1] Matching inlier numbers of two preprocessing
methods

Sequence Proposed Clipping
Valley morning 211.26 192.46
Valley evening 92.74 79.74
SNU afternoon 285.72 264.76

SNU evening 290.76 218.08

[Table 2] RMSE comparison of two preprocessing methods

Sequence Proposed Clipping
Valley morning 6.04 7.33
Valley evening 11.68 23.85
SNU afternoon 5.47 9.41

SNU evening 6.77 12.76

Ours

= Clipping method

300 A

Inlier Number

200 A

100 +

(‘) 560 10'00 15‘00 20’00
Frame Number
[Fig. 4] Comparison of matching inliers between proposed
preprocessing method and existing clipping method in Valley
Morning sequence

[Fig. 5] Visualized results of the proposed pixel rejection
algorithm. Pixels on dynamic or far objects are colored red
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[Fig. 6] Effect of dynamic objects for pose estimation of each algorithm. Proposed zero velocity detection method effectively relieves

unstable estimation by forcing zero-value measurement

[Table 3] Translational RMSE in datasets (meters)

Sequence Ours | OpenVINS (LK) | VINS-Mono
Valley morning 6.04 10.6 55.64
Valley evening 11.68 20.84 93.95
SNU afternoon 5.47 8.58 34.97

SNU evening 6.77 26.76 28.67

[Table 4] Rotational RMSE in datasets (degrees per a meter)

Sequence Ours | OpenVINS (LK) | VINS-Mono
Valley morning 0.26 0.265 3.26
Valley evening 0.35 0.37 6.79
SNU afternoon 3.28 3.18 4.56

SNU evening 3.20 3.19 4.6
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