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Self-supervised learning-based depth completion method
using thermal imaging and LiDAR fusion
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(1. School of Automation, Nanjing University of Science and Technology, Nanjing 210094, China;
2. School of Energy and Power Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract: Depth completion is a technique for generating high-resolution dense depth maps from sparse depth data for environmental
perception. Existing methods struggle with accuracy in low-light or dark conditions, performing poorly under extreme lighting. This
article proposes a self-supervised method that fuses thermal images and LiDAR data to complete dense depth maps in low-light or no-light
scenarios. The network adopts an encoder-decoder structure, using thermal images and sparse LiDAR depth as inputs. Features are
fused at multiple scales in the encoder, and the decoder upsamples them to predict dense depth maps. Multi-modal fusion modules based
on self-attention and cross-attention are embedded in the encoder to enhance feature fusion with adaptive weighting, improving prediction
accuracy. A self-supervised framework is established with temperature reconstruction and sparse depth losses, removing the need for
depth ground truth. Experiments on public datasets show that the method generates dense depth maps stably under various lighting
conditions. Mean absolute error decreases by 44.49% on MS2 and 25.28% on VIVID compared to benchmarks. By leveraging thermal
and LiDAR data’s complementary strengths, this method improves depth prediction accuracy and robustness in low-light environments,
offering an effective solution for perception in challenging lighting.
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Fig. 1 The proposed system framework
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Fig.2  Overall architecture of the proposed network model
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Fig.3 Network architecture of a single depth encoder layer
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Table 1 Quantitative comparison results for depth prediction on the MS2 dataset

R Z AR TR B5/mm

s SRk

R T BT AR AR

MAE RMSE IMAE ~ IRMSE ~ Abs Rel ~ SqRel ~ RMSE Log 8<1.25  6<1.25°  &<1.25°
VOICED 1177.11  1999.84 3.064 5378  0.050 155. 51 0.074 0. 981 0.997 0.999
ScaffNet 683.960  1672.68  2.146  4.865  0.033 169. 63 0. 063 0.989 0.996 0. 998
FusionNet  649.740  1324.65 2.076  4.281 0.030  69.609 0. 051 0. 993 0. 999 1. 000
X KBNet 549.669  1174.86  2.006  4.521 0.027  60.590 0. 049 0. 993 0. 998 1. 000
AC(HeH) 414725 1090.28  1.210  2.949  0.017  75.888 0.042 0.994 0.997 0.999
AR 332.583  1009.97 0.968 2.501  0.015  38.334 0. 034 0. 996 0. 999 1. 000
VOICED 1256.08 2019.61 3.595 6.357  0.057 197.23 0. 086 0.970 0. 995 0. 998
ScaffNet 704.603  1701.50 2.472  5.597  0.038  262.05 0.072 0.978 0.992 0. 996
B FusionNet ~ 669.693  1341.74 2.384 5.095  0.034 118. 41 0. 061 0. 983 0. 995 0. 998
#a KBNet 554.413  1189.66 2.233  5.208  0.030  88.680 0. 058 0. 985 0. 996 0. 999
AC(HE)  314.083  751.804 1111 2.813  0.016  29.742 0. 033 0. 996 0. 999 1. 000
A3 301.981  748.042  1.143  2.861 0.015  29.158 0.033 0.994 0. 999 1. 000
VOICED 945.840  1578.63 3.174  5.781 0. 045 104. 69 0. 070 0. 984 0. 997 0.999
ScaffNet 696.972  1574.82  2.405 4.923  0.035 138.20 0. 065 0. 988 0.997 0. 998
FusionNet ~ 675.093  1270.09 2.374  4.574  0.033 68.315 0. 055 0.991 0.999 1.000
ik KBNet 608.998  1195.26 2.501  5.456  0.032  68.557 0. 059 0. 987 0. 997 0.999
AC(HE)  343.338 823.654  1.031 2,290  0.016  30.500 0. 033 0. 997 0.999 1. 000
A3 316.101  859.035 0.876 1.894  0.014  27.086 0. 029 0. 998 0. 999 1. 000
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Fig. 7 Visual qualitative comparison results for depth prediction on the MS2 dataset
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Fig. 8 Daytime depth prediction error maps for MS2 dataset
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Fig. 9 Nighttime depth prediction error maps for MS2 dataset
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Table 2 Quantitative comparison results for depth (¢) Result of VOICED (f) Result of ours
prediction on the VIVID dataset B 10 VIVID A G F e 2
BRIE/mm S Fig. 10  Visual results for depth prediction on the VIVID dataset
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WAE TR AWRE SuRE LB i RGB IR R T B RN B VR 7
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2.6 JHEASEIG
KBNet 1056.02 2 169.97 0. 043 157. 54 0.933 5\7T%iﬁ%tﬂﬁ&ﬂ‘]ﬁ?ﬁlﬁU\&%/\?*ﬁi}ﬂﬁ%ﬁi
AC(HeE) 833692 183109  0.039  125.56  0.976 RGN TTMR, A AR MS2 A4 B AT T AL g, S8
W — = 4 —]
ES'e 789.090 1830.41  0.036 125.29  0.976 gﬁmﬁlﬁ*ﬁ@;ﬁw'ﬁﬁ” I B FUE B S B R
Nz 3 Ml 4 pros,

K3 BERPRMOREMAUHRMEBER

Table 3 Experimental results of depth predictive ablation for each module effect

) TR PR 22 1A P8 FR/ mm TR BE PR BE DAl H A
ik MAE RMSE IMAE ~ IRMSE ~ Abs Rel Sq Rel ~ RMSE Log 6<1.25  §<1.25% §<1.25°

AR (HRiE) 316.642  865.794  0.990  2.384 0.015 31.167 0.032 0. 996 0.999 1. 000

AR (FBR MMFF) 358.347  921.644  1.164  2.750 0.017 38.266 0. 036 0.995 0.999 1..000

AR ( Bk DTF) 332.199  862.913  1.107  2.505 0.016 31. 470 0.032 0.997 0.999 1. 000

A EBRIERTT) 328.436  891.471  1.019  2.489 0.015 35. 549 0.033 0. 996 0.999 1. 000

AR (FBEER RS )  558.542  1369.78  2.506  5.283 0. 030 73.278 0.059 0.982 0.995 0.998
1) BRI RIS TRk, A SC(FRE) " T Al A A F 1Y

TR MR R A0 T7 30, % 3 Jeon TATT 458 Bk T RMSE M1 2 M bn 240, BB PEBE A B T 4%
TR A REHUSCR 1 I B S0 UEW] T LR IR ik A, RIVEETE AR A b, B A P RE L (L T B A A SR
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Table 4 Experimental results of depth predictive ablation with different model versions

TR R 22 A HE PR/ mm

WEEEBEETRIE R SH MG

Sq Rel  RMSE lLog 6<1.25

8<1.25%  6<1.25°  /ms /M /G

Fik
MAE RMSE ~ IMAE  IRMSE  Abs Rel
ASL(FRAE)  316.642 865.794  0.990  2.384  0.015
ARIC(CHE) 351,064 897.325  1.134  2.683  0.017
ARIC(/MED) 361,303 939.246  1.201  2.851  0.017
AC(CKA) 319.092 855.965 1.001 2.381  0.015

31. 167

36.279

38.615

31.517

0. 032 0. 996 0.999 1. 000 21.51  4.00 10.67

0.035 0. 995 0. 999 1. 000 15.32 1.01  2.82

0. 037 0.995 0.998 0.999 20.53 1.01 2.82

0.032 0. 996 0.999 1. 000 22.50 4.77 19.20
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Table 5 Encoder configuration for different model versions

M2 A (hRAE) ALY PR ) ARSC(OREY)
240  [3,32,16,1,8] [3,16,8,1,4] [3,48,16,1,8]
Zg1  [3,32,16,2,8] [3,16,8,2,4]  [3,48,16,2,8]
E%2  [3,64,32,2,8] [3,32,16,2,4] [3,96,32,2,8]
B%3  [3,128,64,2,8] [3,64,32,2,4] [3,192,64,2,8]
Z94  [3,256,128,2,8] [3,128,64,2,4] [3,256,128,2,8]

BE%5  [3,256,256,2,8] [3,128,128,2,4] [3,256,256,2,8]
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Depth completion result in real scenarios
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