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Introduction
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Introduction
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Introduction

* Learning based Visual SLAM

- Traditional SLAM
- BAD-SLAM, ORB-SLAM
- 28152 SOTAE FAI
- Learning-based 24| 9| &5
- PoseNet(ICCV 2015)
;= SLAME| mappingdf tracking process & trackingOi| deep learning =&

vDeep learning2 £ 6DOF camera pose= &8

c MER 2HE0M =7t 5245 2OX|
= Deep learningO| Visual-SLAMO|| = X £ &
. DROID-SLAM(NeurlPS 2021)
- End-to-end learning-based Visual SLAM2| A| %}
- Large scene2 £ 2| =& 11} noise X 2|0 E0|gt
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NICE-SLAM: Neural Implicit Scalable Encoding for SLAM
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1) Zhu, Zihan, et al. "Nice-slam: Neural implicit scalable encoding for slam." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

NICE-SLAMY

 Background
- iIMAP (ICCV 2021)

- &2 =22 baseline
- MLPZE real-time SLAM systemOf] &
- 20| Tl RGB-D sequenceZ 0|25} 0 real-time dense SLAM =3
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1) Zhu, Zihan, et al. "Nice-slam: Neural implicit scalable encoding for slam." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

NICE-SLAMDY

 Background

A 4

- Local bundle adjustment

- Bundle adjustment (BA)
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1) Zhu, Zihan, et al. "Nice-slam: Neural implicit scalable encoding for slam." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

NICE-SLAMDY

 Background
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1) Zhu, Zihan, et al. "Nice-slam: Neural implicit scalable encoding for slam." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

NICE-SLAMDY

e Qverview

= Contribution
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1) Zhu, Zihan, et al. "Nice-slam: Neural implicit scalable encoding for slam." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

NICE-SLAMDY

e Architecture

- Mid- & Fine-level Geometric Representation
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NICE-SLAMDY

« Architecture
- Coarse-level Geometric Representation

- Edge size: 2m
- High-level geometry(e.g. walls, floors, etc.)2t 22 7|5}&H X Of 3 Al
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1) Zhu, Zihan, et al. "Nice-slam: Neural implicit scalable encoding for slam." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

NICE-SLAMDY

e Architecture
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NICE-SLAMDY

« Architecture
- Depth and Color Rendering
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1) Zhu, Zihan, et al. "Nice-slam: Neural implicit scalable encoding for slam." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

NICE-SLAMDY
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1) Zhu, Zihan, et al. "Nice-slam: Neural implicit scalable encoding for slam." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

NICE-SLAMDY

« Camera Tracking
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1) Zhu, Zihan, et al. "Nice-slam: Neural implicit scalable encoding for slam." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

NICE-SLAMDY

« Experiments

FLOPs [x103]] Tracking [ms]| Mapping [ms]}

44391 101 448
104.16 47 130

iIMAP [17]
NICE-SLAM

Table 4. Computation & Runtime. Our scene representation
does not only improve the reconstruction and tracking quality, but
is also faster. The runtimes for iIMAP are taken from [47].

fri/desk fr2/xyz fr3/office
iMAP [+7] 4.9 2.0 5.8
iMAP* [47] 7.2 2.1 9.0
DI-Fusion [10] 4.4 2.3 15.6

NICE-SLAM 2.7 1.8 3.0 |
BAD-SLAM [13] 1.7 1.1 1.7
Kintinuous [60)] 3.7 2.9 3.0
ORB-SLAM2 [27] 1.6 0.4 1.0

Table 2. Camera Tracking Results on TUM RGB-D [46]. ATE
RMSE [cm] (]) is used as the evaluation metric.

R AW THEE D
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Figure 3

office- 2

IMAP* refels to our iMAP re-implementation.

. Reconstruction Results on the Replica Dataset [45].

TSDF-Fusion [11] iMAP* [17] DI-Fusion [16]| NICE-SLAM
Mem. (MB) | 67.10 1.04 378 12.02
Depth L1 | 7.57 7.64 23.33 3.53
Acc. | 1.60 6.95 19.40 2.85
Comp. | 3.49 533 10.19 3.00
Comp. Ratio 1 86.08 66.60 72.96 89.33
Table 1. Reconstruction Results for the Replica Dataset [15]

(average over 8 scenes).
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NICE-SLAMY

 Ablation Study

- Hierarchical Architecture
- Hierarchical feature gridE AFE3U S It AFRSHK| Q2 O

10,
— Hierarchical

g 8 Only High-res
Z 6 —— Only Low-res
S Fine-level optimization begins.
£ 4
% PR,
O 9l

0 50 100 150 200

- Local BA, Color representation, Keyframe selection
- 2122 M IS I ATE RMSE

ATE RMSE () || w/o Local BA w/o £, w/iMAP keyframes | Full

Mean 37.74 32.02 12.10 9.63
Std. 30.97 21.98 3.38 0.62

g AW THEE D .

SOGANG UNIVERSITY



Point-SLAM: Dense Neural Point Cloud-based SLAM
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1) Sandstrom, Erik, et al. "Point-slam: Dense neural point cloud-based slam." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.

Point-SLAMDV

 Background

- Scene Representations
- Grid-based representation
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v &
v M context ™ AZHHFE A L O H
¢ B
v Grid2| resolutionO| O] 2| 38 & OF St 1, reconstruction =5 0| HtE = 1S
- Point-based representation
s+ Point density= 0|2 He HR7F 220 scenelf| et density/F 22t
;= Free space= modelingSt=G| memoryE 'GH|SHXA| 24 7] {5l surface | E focus
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1) Sandstrom, Erik, et al. "Point-slam: Dense neural point cloud-based slam." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.

Point-SLAMDV
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1) Sandstrom, Erik, et al. "Point-slam: Dense neural point cloud-based slam." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.

Point-SLAMDV

e Architecture

- Neural point cloud representation
- Neural point cloud
- N7H 2| neural points2 O| F 0] Tl StLEO| set2 = o[t
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1) Sandstrom, Erik, et al. "Point-slam: Dense neural point cloud-based slam." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.

Point-SLAMDV

e Architecture
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1) Sandstrom, Erik, et al. "Point-slam: Dense neural point cloud-based slam." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.

Point-SLAMDV

e Architecture
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Point-SLAMDV
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1) Sandstrom, Erik, et al. "Point-slam: Dense neural point cloud-based slam." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.

Point-SLAMDV

» Mapping
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Point-SLAMDV

« Experiments

Room 1 Office 0

Room 2

NICE-SLAM [=1] Point-SLAM (ours) Ground Truth

Figure 4: Rendering Performance on Replica [57].

Vox-Fusion* [71]

Methad Metric RmO0 Rml Rm2 Off0 Off1 Off2 Off3 Off4 Avg Method Rm 0BRm 1 Rm 2 Off 0 Off 1 Qff 2 Off 3 Off 4 Avg
DepthLl[em] | 181 144 204 139 176 833 499 201 297 NICE-SLAM[#1] 097 131 107 088 100 106 110 113 106

NICE- Precision [%] 1 45.86 43.76 4438 5140 50.80 3837 40.85 37.35 44.10 71

SLAM[S1] Recall [%]1  44.10 46.12 42.78 48.66 53.08 39.98 30.04 3577 43.69 Vox-Fusion® [T1] 137 470 147 848 204 258 111 294 309
FI [%] 1 4496 44.84 43.56 49.99 51.91 39.16 39.92 36.54 43.86 ESLAM [20] 071 070 052 057 055 058 072 0.63 063
DepthLl[em]) 1.09 190 221 232 340 419 296 161 246 Point-SLAM (ours) 0.61 0.41 037 038 048 0.54 0.69 072 0.52

Vox- Precision [%] 1 75.83 35.88 63.10 4851 43.50 5448 69.11 5540 5573 - - -

Fusion® [71] Recall [%]1 6489 33.07 56.62 4476 3844 4785 60.61 4679 49013  Table 1: Tracking Performance on Replica [53] (ATE

_______ FLIAIT 6993 3438 967 4654 4081 5095 6456 5072 220 RMSE | [cm]).

Depth L1 [em] [ 053 022 046 030 057 049 051 046 0.44
Precision [%1] T 91.95 99.04 97.89 99.00 99.37 98.05 96.61 93.98 96.99
Recall [%] T 82.48 86.43 84.64 89.06 84.99 81.44 81.17 78.51 83.59

FL[%] T 86.90 92.31 90.78 93.77 91.62 B88.98 B88.22 85.55 8Y.77 first Second third

Figure 3: Reconstruction Performance on Replica [53].
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