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• Introduction

▪ About Visual-SLAM

• NICE-SLAM: Neural Implicit Scalable Encoding for SLAM

▪ CVPR 2022 Oral

• Point-SLAM: Dense Neural Point Cloud-based SLAM

▪ ICCV 2023

Outline
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• Simultaneous Localization And Mapping

▪ 움직이는물체에센서를장착하여사전지식없이위치예측, 주변환경의지도작성

• SLAM

▪ Pipeline

− Visual odometry

҉ 시작시점에서부터실시간으로자신의위치추정

− Loop closure detection

҉ 현재위치가이전에왔던지점임을인지

− Backend optimization

҉ Noise 처리

Introduction
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• Visual SLAM vs. SfM

▪ 공통점

− 3D mapping과카메라 pose 추정이가능함

▪ SfM

−다수의이미지로부터카메라의 pose를추정하고 3D 지도작성

−이미지의순서와실시간성을고려하지않음

▪ Visual SLAM

−순차적으로들어오는이미지 sequence로부터실시간으로 pose 추정과 mapping수행

Introduction
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• Learning based Visual SLAM

▪ Traditional SLAM

− BAD-SLAM, ORB-SLAM

−오랫동안 SOTA를유지함

▪ Learning-based 방식의출현

− PoseNet(ICCV 2015)

҉ SLAM의 mapping과 tracking process 중 tracking에 deep learning 적용

✓Deep learning으로 6DOF camera pose를추정

҉ 새로운환경에서정확도가급격히떨어지는문제점이존재 (overfitting)

҉ Deep learning이 Visual-SLAM에도적용될수있음을알림

▪ DROID-SLAM(NeurIPS 2021)

− End-to-end learning-based Visual SLAM의시작

− Large scene으로의확장과 noise 처리에용이함

Introduction
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NICE-SLAM: Neural Implicit Scalable Encoding for SLAM
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• Background

▪ iMAP (ICCV 2021)

−본논문의 baseline

− MLP를 real-time SLAM system에적용

−주어진 RGB-D sequence를이용하여 real-time dense SLAM 수행

−전체 scene에대한 compact한표현을위해 single MLP 사용

҉ Single MLP의한계로인해 detail한 scene geometry와정확한 camera tracking이불가능함.

▪ Neural implicit representations

−데이터에대한위치를입력으로받아서해당점의값을반환하는함수를학습시키는딥러닝기법

҉ Point 좌표를 parameterize

−최근여러 task에서유의미한결과를냄

҉ Geometry representation, Scene completion, Novel view synthesis

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-SLAM1)
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• Background

▪ Local bundle adjustment

− Bundle adjustment (BA)

҉ 다수의 frame에존재하는 keypoint들의위치를기반으로 3D landmark의위치와카메라 frame 

사이의 motion을동시에최적화하는과정

− Local BA

҉ 이미지의전체 pixel이아닌특정이미지영역에대해서만 BA를수행함

҉ BA에비해 computational cost가현저히감소함

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-SLAM1)

< Bundle adjustment >
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• Background

▪ Color representation

− Scene geometry가 main이지만, camera tracking에추가신호제공을위해 RGB image를 rendering함

҉ Feature grid 𝜓𝜔와 decoder 𝑔𝜔를사용

▪ Keyframe selection

−첫번째 frame을 keyframe으로선정함

−이후부터연속된 frame들중유사도가적은
frame들을선택하여저장

҉ 모든 frame을저장하고유지할때보다
메모리를효율적으로활용할수있음

҉ 실시간정보처리를가능하게함

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-SLAM1)

Camera tracking 경로

Keyframe 촬영당시 camera pose
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• Overview

▪ Contribution

− Large indoor scene에서 detail한 reconstruction을가능하게함

҉ ‘Hierarchical scene representation’을통해 multi-level local 정보를사용

▪ Hierarchical scene representation

− Geometry의 implicit latent embedding을 feature grid에저장

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-SLAM1)
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• Architecture

▪ Mid- & Fine-level Geometric Representation

− Mid-level grid

҉ Edge size: 32cm

− Fine-level grid

҉ Edge size: 16cm

−𝝓𝜃
𝑙 : 𝑙번째 feature grid

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-SLAM1)
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• Architecture

▪ Coarse-level Geometric Representation

− Edge size: 2m

− High-level geometry(e.g. walls, floors, etc.)와같은기하학적인형상을포착하기위함

− Partially observed area에대해 occupancy value 예측가능

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-SLAM1)
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• Architecture

▪ Color Representation

− Fine level grid를사용함

−𝜔는 learnable parameter

−강력한 prior knowledge를가진 geometry와는다르게 feature grid와 decoder를함께최적화함

҉ Tracking performance가개선됨

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-SLAM1)



14

• Architecture

▪ Depth and Color Rendering

− Occupancy 값들과 color prediction 값을이용하여 weight 생성

− Coarse level weight

− Fine level weight

− Rendering

− Ray를따라 depth variance 값도계산

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-SLAM1)
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• Mapping

▪ Feature grid에저장된 scene geometry 𝜃와 appearance 𝜔를단계적으로최적화

− Geometric loss를이용하여 mid-level feature grid 𝝓𝜃
𝑙 최적화

− Mid- & fine-level feature 𝝓𝜃
1 ,𝝓𝜃

2를함께최적화

− Local bundle adjustment를이용해서 K개의 keyframe에대해 jointly optimize

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-SLAM1)
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• Camera Tracking

▪ Modified geometric loss

− Coarse feature grid가 tracking에도유의미한정보를제공함

▪ Camera extrinsic parameter 최적화

▪ Robustness to Dynamic objects

−특정 pixel의 loss가현재 frame 내모든 pixel value loss의 (10 × 𝑚𝑒𝑑𝑖𝑎𝑛)보다큰경우에는최적화
도중에 pixel을제거함

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-SLAM1)
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• Experiments

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-SLAM1)
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• Ablation Study

▪ Hierarchical Architecture

− Hierarchical feature grid를사용했을때와사용하지않았을때

▪ Local BA, Color representation, Keyframe selection

−각각을제외했을때 ATE RMSE

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-SLAM1)
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Point-SLAM: Dense Neural Point Cloud-based SLAM
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• Background

▪ Scene Representations

− Grid-based representation

҉ NICE-SLAM이대표적인예시

҉ Dense grid, hierarchical octrees, voxel hashing등을사용함

҉ 장점

✓주변검색과 context 집계가빠르게일어남

҉ 단점

✓Grid의 resolution이미리정해져야하고, reconstruction 도중에바꿀수없음

− Point-based representation

҉ Point density를미리정할필요가없으며 scene에따라 density가달라짐

҉ Free space를 modeling하는데 memory를낭비하지않기위해 surface 주위를 focus

҉ 다만 point set에는연결성있는구조가부족하기때문에 neighborhood search가어려움

✓본논문에서는 adaptive feature point를사용하여빠른 neighborhood search 가능

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

Point-SLAM1)
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• Overview

▪ Contribution

−기존 dense neural SLAM 방법들은 scene feature를 sparse grid에고정하였으나, 본논문에서는 dynamic 

point를사용하여더적은 detail로 dense한공간을표현함

҉ Runtime과 memory usage 방면에서효과적임

− Point-based scene representation이mapping과 tracking에효과적으로사용됨을증명함

▪ Dynamic point density

− Depth를추정할때생기는 noise를고려하여 anchor point의위치를조정함

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

Point-SLAM1)
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• Architecture

▪ Neural point cloud representation

− Neural point cloud

҉ N개의 neural points로이루어진하나의 set으로정의함

✓각각 location, geometric feature descriptor, color feature descriptor

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

Point-SLAM1)
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• Architecture

▪ Neural point cloud representation

− Point Adding Strategy

҉ Image plane에서일정간격으로 X축의
pixel을 sampling하고, 그중에서 Y축을
따라가장높은 color gradient magnitude를
가진 5Y개의 pixel 중 Y개의 pixel을 sampling

҉ Depth information을사용하여 sampling된 points를 3D로 unprojection

҉ 3D point를중심으로하는구의반지름 r 내의 neighbor를찾고, 발견되지않으면 ray를따라
2개의 neural point를추가함

✓Depth 𝐷에대하여 1 − 𝜌 𝐷, 1 + 𝜌 𝐷에위치한 point

• 𝜌 ∈ (0, 1), expected depth noise

− Dynamic Resolution

҉ Scene 전체에 dynamic point density 적용

҉ Color gradient에기초하여 clamped linear

mapping으로 r을정의함

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

Point-SLAM1)

ray
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• Architecture

▪ Rendering

−앞서생성된 point cloud를기반으로 Volume rendering 방식사용

҉ 𝑥𝑖 = 𝑶 + 𝑧𝑖𝒅, 𝑖 ∈ {1,… ,𝑀}

✓Camera pose의원점 𝑶, point depth 𝑧𝑖 ∈ ℝ , ray direction 𝑑 ∈ ℝ3

− 1 − 𝜌 𝐷, 1 + 𝜌 𝐷사이 5개의 point를같은간격으로 sampling

−반지름 r 내에서 2~8개의 point를가지고 feature interpolation

҉ 2개미만의 neighbor point를가진다면 occupancy는 0

▪ Geometric feature 𝑷𝑔

−

▪ Color feature 𝑷𝑐

−

҉ 𝐹는 𝜃로 parameterize된 one-layer MLP

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

Point-SLAM1)

1 − 𝜌 𝐷

1 + 𝜌 𝐷
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• Architecture

▪ Rendering

−

҉ ℎ, 𝑔𝜉는각각 geometry decoder와 color decoder를의미함

✓ℎ는 NICE-SLAM의 middle geometric decoder와동일

✓𝜉는 learnable parameter

− Depth와 color rendering

҉

− Variance

҉

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

Point-SLAM1)

Positional encoding 적용
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• Mapping

▪ Loss function

−

҉ Geometric 𝐿1 depth loss와 hyperparameter 𝜆𝑚을곱한 color 𝐿1 loss 사용

҉ Feature descriptor 𝑓𝑔, 𝑓𝑐와 learnable parameter θ, 𝜉 optimize

• Tracking

▪ Loss function

−

҉ Depth loss를 standardization하여사용

҉ 각 frame에서
camera extrinsic {𝑹, 𝒕} optimize

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

Point-SLAM1)
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• Experiments

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

Point-SLAM1)

first second third
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