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Depth estimation of thermal infrared images based on self-
supervised learning
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(1. College of Civil Aviation, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China;
2. Science and Technology on Electro-Optical Information Security Control Laboratory , Tianjin 300308, China)

Abstract: Depth estimation based on unsupervised learning is one of the important issues in the field of computer vi-
sion. However, existing algorithms of depth estimation are mainly designed based on visible images. Compared with
visible images, thermal infrared images have the disadvantages of low contrast and insufficient detailed information. To
this end, a depth estimation network is constructed and an unsupervised depth estimation method is proposed for thermal
infrared images according to their characteristics. The network consists of three parts: feature extraction module, fea-
ture aggregation module, and feature fusion module. Firstly, a feature aggregation module is designed to improve net-
work ability to acquire the edge information of target objects and the small object information of the image. Secondly,
the channel attention mechanism is introduced in feature fusion module to effectively capture the interaction relationship
between different channels. Finally, a depth estimation network for thermal infrared images is established. In this net-
work, the model parameters are trained by thermal infrared sequence images to achieve the pixel-level depth estimation
of a single thermal infrared image. The results of ablation studies and comparative experiments fully demonstrate that
the performance of the proposed method in pixel-level depth estimation of thermal infrared image outperforms other rep-
resentative methods.

Key words: thermal infrared image, self-supervised learning, monocular depth estimation, feature aggregation,
channel attention mechanism
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Fig. 1 The framework of depth estimation using thermal infrared image sequences
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Table 1 Related parameters of thermal infrared cameras

e FLIR-Tau2 FLIR-A35

(EE T2 640%512 320%256

HFOV 45° HFOV 48°

LS EL VFOV 37° VFOV 39°

13 mm /1.0 9mm f/1.0
0.669 0 0.5 0 0.6403 0 0.5 0
0 0.828 0.5 0 0  0.8003 0.5 0
ARBLN S EUE [ 0 0 0] { 0 0 | OJ
0 0 1 0 0 0 1

PR 30 Hz 30 Hz

x2 &%SH

Table 2 Training parameters
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TE—ERE [ ECANet FUEH o K 4 25 —731)
B9 AR B 5k A F FLIR 20646 |, 28 — 9 0 Ho ok
R 2 1 Monodepth2 5 35 45 21 19 52 %Ak 119
gL 5 = 212 K H HR-Depth 75 2] f#) 25 5 |, 275 P 37
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SR P R bl . b A, MNP 4 A T B Ak T 25
TN UL A SCI 5 AN TR R AN [R5 L i H
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FH UZR A 470 1 D (145 1 43 B 78 Oy 640512
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FEARRS B BRI SR . B 5 5 Ja — T L
B ARSI BT B SR A T I 28 B A R 37 5 AL

(a) TIR images

P4 FLIR SO SR 5 011 7 A8 0 0
Fig. 4 Test images from the FLIR dataset and corresponding depth maps

(b) Monodepth2

(c) HR-Depth (d) Proposed
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2.2.2 EFESW
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(a) TIR images (b) Monodepth2

(c) HR-Depth (d) Proposed

K5 FLIR A35 SARALIAS A I LUREA S5 60 A [R5 1245 21 B R 2 1
Fig. 5 Test images from the FLIR A35 TIR camera and corresponding depth maps
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Ground truth:
» 23.02m

Proposed: 24.76m

-

Monodepth2:
20.79m

HR-Depth:
21.17m

6 HABUR SR MEITER, (a) JRES HLH, (b) A
S A B 245 5, (¢) HR-Depth 13 3] 1 25 2R | (d)
Monodepth?2 15 £ {45

Fig. 6

input image and the ground truth, (b) the result of distance es-

Input image and distance estimation results, (a) the

timation by the proposed method, (c) the result of distance es-
timation by HR-Depth, (d) the result of distance estimation
by Monodepth2

®3 FAEMBHREMITHRER
Table 3 Error Rates of depth estimation for different

networks
ik Proposed HR-Depth monodepth2
E 19.58% 20. 09% 21. 68%

— R LR T R 2SR AR AL, 24 22 B
FIBR A 3R 28 3R A T8/ MR 22 IX R st ) LI by i
25 AR /I, TR IE A T AR B0 5 S, S 2 iR 22
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IR 22 AR A L ) T /N ]

F4 FEMBRESHXE G (%)
Table 4 Proportions of different network error distri-

bution intervals (%)

Jitk e
<10% <20% <30% >30%
Proposed 41.67% 66. 67% 90. 00% 10. 00%
HR~-Depth 36.67% 63.33% 86.67% 13.33%
monodepth2 25.00% 58.33% 85. 00% 15. 00%
3 it
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