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Dual-Modal Depth Estimation based on Cross Reference and Fusion
for Misaligned Thermal and RGB Images
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Abstract

Research on depth estimation is highly applicable in various fields, such as autonomous driving and virtual reality. Depth
estimation aims to predict the distance from the camera to the position in 3D space corresponding to each pixel when it is
mapped from a 2D image. Thermal images provide reliable visual information in low-light conditions, such as at night, while RGB
images offer consistent high-quality data during the day. Therefore, this paper proposes an effective deep learning method that
utilizes both thermal and RGB images to estimate depth information from each image. Additionally, because thermal and RGB
images are generally captured in an misaligned state, this paper introduces (i) feature extraction from misaligned thermal and RGB
images and their Cross-fusion module and their dual-modality cross-fusion module, (ii) a shared encoder-decoder structure for
processing dual-modality inputs, and (iii)) a multi-objective training strategy for simultaneous supervised learning from both
modalities. We verify the effectiveness of the proposed method through various experiments, achieving performance improvements
of 7% and 4% compared to using single-modal inputs (thermal images or RGB images).
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E 1. MS2 HAEAIQ| A3lAL O|0(X|0f| HEE 20| FA A1je| M2 H|w. RGB, THR: 221 ZE2|E|Z LIEFH, Stereo: 20| AHHI2
22is AIBHER OfF. 2t 220|M 210 M52 FH| EAlE

Table 1. Quantitative Comparison of depth estimation results aligned to thermal images of MS2 test split. RGB, THR: represent
modality of input. Stereo: Whether the model utilized stereo inputs. The best performance in each block is highlighted in bold

- Error | Accuracy T
Methods RGB | THR | Stereo | TestSet
abs_rel  sq-rel rms log_rms d1 d2 d3

AVG 0.0773 0.306 2.7306  0.1056 | 0.9346 0.992 0.9991
NewCRF! [6] v Day 0.0707  0.2827  2.6869  0.0998 | 0.9422  0.9931  0.9991
Night 0.0838  0.3293  2.7743  0.1115 | 0.9271  0.9908  0.9992
AVG 0.0763  0.2976 2.687 0.104 0.9357  0.9928  0.9991
NewCRF? [6] v v Day 0.0666  0.2575  2.5773  0.0947 | 0.9476  0.9943  0.9991
Night 0.0861  0.3376  2.7966  0.1132 | 0.9239  0.9913  0.9992
AVG 0.0751  0.3013  2.7957  0.1051 | 0.9362  0.9922  0.9993
Shin et al. [9] v Day 0.0662  0.2652  2.6999  0.0962 | 0.9465 0.994 0.9995
Night 0.0841  0.3375  2.8914 0.114 0.9259  0.9905  0.9991
AVG 0.073  0.2801  2.6985 0.102 0.9403  0.9932  0.9994
Shin et al. [9] v v Day 0.0644  0.2476  2.6142  0.0934 | 0.9502  0.9948  0.9996
Night 0.0815  0.3126  2.7828  0.1106 | 0.9305  0.9917  0.9993
AVG | 0.0682 0.2406 2.4627 0.0946 | 0.9497 0.9948 0.9997
Ours v v Day 0.0596 0.2061 2.3275 0.0852 | 0.9609 0.9959 0.9996
Night | 0.0769 0.2751 2.5979 0.104 | 0.9385 0.9938 0.9997

B 2. MS2 HAEAS| RGB %40l HEE 20| £ Zuje] M2 u|M RGB, THR: 22| RL2(E|S ek, 2t 250 &1 M52
A EAIE

Table 2. Quantitative Comparison of depth estimation results aligned to RGB images of MS2 test split. RGB, THR: represent
modality of input. The best performance in each block is highlighted in bold

Error | Accuracy 1
Methods RGB | THR | TestSet
absrel  sq.rel rms log_rms d1l dz2 d3
AVG 0.085 0.3394 29812  0.1137 | 0.9263 0.9924  0.9993
NewCREF! (6] v Day 0.0758 0.3022 2.8833 0.1042 0.9428 0.9933 0.9993

Night 0.0941 03767  3.0791  0.1232 | 0.9098  0.9914 0.9992
AVG 0.0862  0.3885  3.1013  0.1155 | 0.9206  0.9898  0.9989
NewCRF? [6] v v Day 0.0748 0.33 2.9252  0.1032 | 0.9403  0.9921  0.9989
Night 0.0976 0.447 3.2774  0.1278 | 0.9008  0.9876  0.9989
AVG 0.0814 0.3299 2.886 0.1097 | 0.9305 0.9929 0.9993
Ours v v Day 0.0727 0.2903 2.7839 0.1008 | 0.9432 0.9942 0.9994
Night | 0.0901 0.3696 2.9881 0.1186 | 0.9178 0.9915 0.9991
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Fig. 5. Qualitative comparison of depth estimation results aligned to thermal images of MS2 test split. In error map, blue represents
low value and red represents large value
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Fig. 6. Qualitative comparison of depth estimation results aligned to RGB images of MS2 test split. In I error map, blue represents
low value and red represents large value
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Table 3. Quantitative comparison of depth estimation results between network architecture variants, ‘Modal’ means where
the depth estimation results are aligned to, the best performance in each blockis highlighted in bold

Error | Accuracy T
Modal Methods
abs_rel sq-rel rms log_rms d1 d2 d3
(a) UE4SD 0.0907 0.4134 3.1864 0.1196 0.9134 0.9902 0.9991
RGB (b) UE+UD | 0.0903 0.4062 3.1109 0.1188 0.9126 0.9897 0.9991
(¢c) SE4+UD 0.0870 0.3816 3.0533 0.1152 0.9206 0.9907  0.9992
(d) SE+SD | 0.0860 0.3536 2.9824 0.1146 | 0.9248 0.9919 0.9991
(a) UE4SD 0.0710 0.2606 2.5503 0.0976 0.9454 0.9948  0.9995
THR (b) UE+UD | 0.0710 0.2481 2.501 0.0968 0.9487 0.9951  0.9995
(c) SE+UD 0.0699 0.2426 2.4767 0.0955 0.9498 0.9951 0.9994
(d) SE4+SD | 0.0687 0.2332 2.4481 0.0949 | 0.9515 0.9953 0.9995
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Table 4. Quantitative comparison of depth estimation between proposed model and proposed model without ‘concatenation’
in DMCF Module.The best performance in each block is highlighted in bold

Error | Accuracy T
Modal | Concat | TestSet
abs_rel sq-rel rms log_rms d1l d2 d3
AVG 0.0876 0.3848 3.0708 0.1162 0.9192 0.9902 0.9991
Day 0.0765 0.3162 2.881 0.1049 0.9372 0.9929 0.9993
RGB Night 0.0987 0.4535 3.2605 0.1276 0.9012 0.9875  0.9989
AVG 0.0858 0.377 3.0145 0.1138 0.921 0.9912 0.9991
v Day 0.0764 0.3271 2.8549 0.1036 | 0.9355 0.9927  0.9993
Night 0.0952 0.4269 3.1741 0.124 | 0.9065 0.9897 0.9989
AVG 0.0695 0.251 2.4901 0.0962 | 0.9486 0.9941 0.9995
Day 0.0594 0.2035 2.3211 0.0856 | 0.9622 0.9958 0.9993
THR Night 0.0796 0.2985 2.6591 0.1068 0.9349 0.9924 0.9996
AVG 0.0693 0.2529 2.4669 0.0951 | 0.9479 0.9945 0.9996
v Day 0.0599 0.2145 2.3104 0.0852 | 0.9603 0.9955 0.9994
Night 0.0787 0.2912 2.6234 0.1051 | 0.9356 0.9935 0.9998
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(Byeongjun Kwon et al.: Dual-Modal Depth Estimation based on Cross Reference and Fusion for Misaligned Thermal and RGB Images)
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