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• Background

▪ Human LBS Skinning

▪ Canonical space (기준좌표계)

• 관련논문소개

▪ HUGS: Human Gaussian Splats (CVPR 2024)

▪ HOSNeRF: Dynamic Human-Object-Scene Neural Radiance Fields from a Single 

Video (ICCV 2023)
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• Linear Blending Skinning (LBS)

▪ Mesh 변형기법으로, 관절(joint)의움직임에따라정점(vertex) 위치를선형적으로
계산하는방법

−관절움직임이메쉬변형에직접적으로영향을주며, 가중치(Weight)를기반으로변형
정도를결정

▪원리

−각 Vertex가여러관절(Joint)의영향을받음

−Weight Matrix는 (Joint 개수 × Vertex 개수)로구성

҉ 각 Vertex가특정관절로부터받는선형적영향도

Background

•Vnew : 변형 후 Vertex 위치
•Wi : Vertex에 대한 관절 i의 가중치
•Ti : 관절 i의 변환 행렬
•Voriginal : 변형 전 Vertex 위치

<SMPL LBS 변환> <선형적변환>
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• Canonical space (기준좌표계)

▪모델이나 mesh의초기상태를정의하는좌표공간

−다른자세로변형을적용하기위한기준공간

҉ T-pose: 캐릭터가팔을수평으로벌리고선자세

҉ A-pose: 팔이약간아래로내려간자세

▪변형과정

−Backward Process (역방향과정): 포즈공간을 Canonical Space로변환하는과정

−Forward Process (정방향과정): Canonical Space에서새로운포즈공간으로변환

Background

<T-pose>

Backward Process 

Forward Process 
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• Task: 4D Human and Scene Reconstruction

▪시간을포함하여동적인인간과정적인배경장면을동시에재구성

• 기존방법의문제점

▪기존모델 NeuMan1)(ECCV 2022), Vid2Avatar2)(CVPR 2023) 정적장면에뛰어남

−반면, 움직이는인간을포함한동적장면에서는재구성품질이떨어짐

1) Jiang, Wei, et al. "Neuman: Neural human radiance field from a single video." ECCV 2022

2) Guo, Chen, et al. "Vid2avatar: 3d avatar reconstruction from videos in the wild via self-supervised scene decomposition." CVPR 2023

Background

<기존방법의문제점> <HUGS Method>
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HUGS: Human Gaussian Splats
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• Contribution

▪기존 NeRF 기반방법에비해 빠른렌더링속도

▪다중뷰데이터세트에서 SOTA 성능달성

▪ 50~100개의 frame 만으로 reconstruction 가능

• Conclusion 요약

→ HUGS는 monocular video로 동적인간과 scene의고품질 4D 재구성 가능

Introduction

<HUGS 소개>
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• HUGS overview

▪총 5파트로나누어설명 

Method

⑤

①

②

③

④
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• Part 1. Input data

▪입력: 단일비디오(50~100 프레임)와카메라 pose 정보

▪ Human data 생성 (pose θ parameter, shape β parameter)

−Pretrained된 SMPL regressor1)를사용

−각비디오프레임에 human pose θ parameter, shape β parameter 추정

1) Goel, Shubham, et al. "Humans in 4D: Reconstructing and tracking humans with transformers." ICCV 2023

Method

<각비디오프레임에대해 parameter 생성>
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• Part 2. Initialization step

▪ Human: SMPL mesh의정점(vertex)을기반으로인간의초기가우시안분포를생성

▪ Canonical space (표준공간) 정의

−Human model을모든 pose에대해독립적으로표현하기위해정의한공간

−Da-pose를정규화된 pose로설정

▪ Feature triplane

−Canonical space 크기만큼의임의의벡터공간

−각가우시안에대해서색상, 크기, 회전, 등을나타내기위해정의된좌표공간

Method

Canonical space Feature triplane
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• Part 3. Setting Gaussians (Appearance)

▪각가우시안의특성추출

−각가우시안의 opacity, color, mean shifts, rotation, scales를구하는과정

−MLP를사용해 feature triplane의좌표에해당하는가우시안의특성추출

▪ Feature triplane 

−Triplane은 3개의 2D 평면으로구성된좌표공간 (grid)

҉ Canonical space와동일한크기의공간

−가우시안의중심좌표에해당하는값을 interpolation으로계산하여특징벡터를추출

Method

Feature triplane

(x,y,z)

<각가우시안의특성추출>
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• Part 3. Setting Gaussians (LBS weights)

▪ Apply LBS weights to gaussians

− Initialization: SMPL의 vertex와동일한위치의가우시안이므로, LBS weights를상속

−LBS 이동 계산은가우시안의중심 좌표기준

▪ LBS weights 계산방법

−MLP를사용해 feature triplane의좌표에해당하는가우시안의 LBS weight 추정

҉ SMPL 외부의좌표(머리카락, 옷)의가우시안에도 LBS 계산가능

▪각프레임에대한 SMPL pose 를입력하여, LBS 변환

Method

Feature triplane

(x,y,z)

<각가우시안의 LBS 추정>
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• Part 3. Setting Gaussians (LBS weights loss)

▪학습된가우시안들에대해새로운 LBS 추정방법

−가우시안의중심이동발생, SMPL 외부의가우시안→ 새로운 LBS 값필요

▪정규화

−W: 이전 iteration의 LBS 수치

−SMPL 메시의가장가까운 k개의정점에서거리에따라, LBS 가중평균값을사용

−해당정규화 term과차이를줄이는방향으로 MLP 학습

Method

<LBS 추정 MLP 구조>

정규화 term LBS loss
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Feature triplane

(x,y,z)

• Part 4. Apply LBS to Gaussians

▪각프레임에대한 SMPL pose 를입력하여, LBS 변환

▪학습된 LBS 가중치를사용: 3D 가우시안에대해위치, 회전, 스케일을변환

−해당 pose 에대한가우시안아바타생성

▪ Test 과정에는 LBS inference가필요없음 (저장된가중치사용)

Method

<Apply LBS in Gaussian model>
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• Part 5. Render & Optimazation 

▪렌더링된이미지와실제촬영된이미지를비교하여 loss 계산

−𝐿1(𝐼𝐺𝑇, 𝐼𝑅), 𝐿𝑆𝑆𝐼𝑀 (𝐼𝐺𝑇, 𝐼𝑅), 𝐿𝑉𝐺𝐺(𝐼𝐺𝑇, 𝐼𝑅) 사용

−Training is ~100× faster than NeRF based

▪ Scene and Human Losses

−사람영역은 pretrained segmentation model로분리하여 loss 계산

҉ 랜덤배경이미지사용 

Method

λ1 = 0.8, λ2 = 0.2, λ3 = 1.0, λ4 = 1000

Scene (배경)

<Final loss term><렌더링과정>

①

①

②②



16

• NeuMan Dataset1)

▪휴대폰카메라로촬영 (Wild dataset)

▪ 10~20초길이의 6개영상으로구성

▪카메라팬(pan) 동작으로멀티뷰구성

−카메라를한위치에고정한상태에서수평으로회전하면서촬영

▪ 80% training frames, 10% validation frames, and 10% test frames

1) Jiang, Wei, et al. "Neuman: Neural human radiance field from a single video." ECCV 2022.

Experiments

<NeuMan Dataset>
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▪ ZJU-MoCap Dataset1)

−고정된다중뷰카메라구성 (Lab dataset)

−동적대상: 다양한움직임을보여주는 6명의피사체

▪ HUGS training

−총 23개의뷰시스템에서 camera 1 으로촬영된이미지만을사용

҉ 평가데이터: 나머지 22개의카메라로촬영된영상을활용

−카메라행렬(camera matrices), body pose, segmentation 정보를평가에사용

1) Peng, Sida, et al. "Neural body: Implicit neural representations with structured latent codes for novel view synthesis of dynamic humans." CVPR  2021

Experiments

<ZJU-MoCap Dataset>
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• NeuMan, ZJU Mocap 데이터세트에대해정량적평가

▪평가지표: PSNR, SSIM, LPIPS

Experiments

<NeuMan Dataset>

<ZJU-MoCap Dataset>
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HOSNeRF: Dynamic Human-Object-Scene Neural Radiance Fields 

from a Single Video
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• Object reconstruction in 3D

▪기존문제점

−객체의복잡한변형처리부족

҉ 사람-객체상호작용이복잡해질경우, 객체가깨지는현상발생

−객체상태변화에대한대응부족

҉ 사람: 손에쥐고있던객체를놓을경우, 형상변화에대해반영하지못함

҉ 배경: 기존배경에새롭게추가된물체를추가하지못함

Background

<객체상태변화에대한대응부족><객체의복잡한변형처리부족>
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• Contribution

▪ Framework 최초제시: 동적인간-물체상호작용 rendering (single video)

▪ Object bone 도입: 인간-물체상호작용을고품질 rendering 가능

▪ Object 상태변화처리가능: State-Conditional Representation 개발

• Conclusion 요약

→ 두개의데이터세트에대해, SOTA 성능달성 (LPIPS: 40%~50% 향상)

Introduction

<HOSNeRF>
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• HOSNeRF overview

▪크게 2파트로구분

−Background 처리 MLP (Base: Mip-NeRF 3601)) 

−Human 처리 MLP (Base: HumanNeRF2)) (하위 3파트)

1) Barron, Jonathan T., et al. "Mip-nerf 360: Unbounded anti-aliased neural radiance fields." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.

2) Weng, Chung-Yi, et al. "Humannerf: Free-viewpoint rendering of moving people from monocular video." Proceedings of the IEEE/CVF conference on computer vision and pattern Recognition. 2022.

Method

①

②

<HOSNeRF overview>
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• Input: Multi-frame (Monocular video)

▪ Output

−Human pose (Use ROMP1) model)

−Human-object segmentation mask (Mask-RCNN)

• Part 1: Dynamic Human-object Model

▪ Object Bones 도입

−Object LBS 생성목적: 부드러운 object motion 생성가능

−New Hierarchical pose set,  J=(Jhuman , Jobject) , R=(whuman , wobject)

1) Sun, Yu, et al. "Monocular, one-stage, regression of multiple 3d people." Proceedings of the IEEE/CVF international conference on computer vision. 2021.

Method

<New Object bones>
<Learnable LBS weight field>

초기화

Length: Object mask

Rotation: No realative rotation



24

• Part 1: Dynamic Human-object Model

▪ New object bone pose 계산방법

−Pose correction MLP: Pose를입력받은후, 비선형적변환을통해 Pose 변화량계산

Method

초기화

Length: Object mask

Rotation: No realative rotation

<New object bone pose> <Pose correction module / HumanNeRF1)>
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• Part 2: Deform to Canonical Space

▪ Learnable LBS weight field

− Input: Latent code (random variable) R256

−Output: 32×32×32×27 (24+ 2 object bones +1 background)

▪ CNN parameter explain the LBS weights

−1개의채널은각관절에대한 weights (27개값)

҉ 3차원공간으로표현

▪ Canonical x,y,z 기준으로표현: 간접적으로 3D LBS weight map 생성

−해당 weight 값을바탕으로 LBS 적용

Method

<LBS weight field><LBS: CNN module / HumanNeRF1)>



26

• Part 2: Deform to Canonical Space

▪ Deformed space (World) → Canonical space (coarse)

− Input: (J, xd) , xd 는 Human vertex로가정

҉ Joint 위치 값을알면, T-pose 같은 canonical space로변환가능

−LBS weight 값을통해, canonical space 의좌표로변환

−Coarse x'c를 MLP에입력: canonical space 에 mapping 성능강화 (fine)

Method

Canonical space

<Deformed space to canonical space>
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• Part 2: Deform to Canonical Space

▪ Canonical space (coarse) → Canonical space (fine)

−Canonical space 에 mapping 성능강화목적

▪ Input: Canonical x', Pose (J)

−Pose correction output을입력받아, correction module 가능구현

Method

< Non-rigid motion MLP / HumanNeRF1)><Canonical space (coarse) → Canonical space (fine)>
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• Part 3: Object state embedding space

▪ Object 상태를표현하는 embedding space를정의

−State 수: Object에대한현재상황수

҉ 예: 가방을쥐고놓은 Scene → 3개의 state (잡기전, 잡은상황, 놓은후)

−Object set:

−N: State 수

−Oi : 1 x 64 크기로학습가능한파라미터

Method

<Object state embedding space>
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• Part 4: Scene reconstruction

▪ Mip-NeRF 3601)을기반으로한정적배경모델링

−픽셀에대한정보: 𝜇,Σ 로표현

▪ Object state processing

−상태임베딩(space embedding) 추가

−  

− IPE encoded + scene state embedding을 MLP의입력으로사용

Method

<Object state aware scene reconstruction>
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• Part 5: Training Objectives

▪ Cycle loss

−변형(deformation)이 forward, backward process 모두일관되게동작하도록규제

▪원리 

−Deformed 공간에서 Canonical 공간로 mapping (Backward)

−Canonical 공간에서다시 Deformed 공간으로역 mapping (Forward)

−처음 deformed 공간의좌표와역 mapping 결과가일치하도록학습

Method

<Deformation cycle>
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• Part 5: Training Objectives

▪ Human 과 background를각각렌더링하여, 합칠경우경계 artifact 발생

−해결방법: Human, background 분리 mask를사용해모델을각각학습

▪ Foreground-Background 렌더링병합과정

−각각의모델(Scene, Human-Object)에서광선(ray)을따라샘플링된점을정렬

҉ 샘플포인트별, 카메라원점으로부터의거리계산

• 학습과정: 총 3단계로진행

▪ Stage 1 (Scene model)

−Using background pixels only

−LMSE : Photometric MSE Loss

Method

<거리 기반 sampling point 정렬>
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• Part 5: Training Objectives

▪ Stage 2 (Human-object model) 

−Using random solid background with Human-object regions

− Image relate loss

҉ LMSE : Photometric MSE Loss

҉ LLPIPS : Perceptual Loss

−Canonical, HOI model Loss

҉ LCycle : Forward-Backward Deformation 간의일관성을유지

҉ LFlow : Pretrained 모델로 2D Optical Flow를예측하여 프레임간일관된움직임유지

▪ Stage 3: Full model fine-tuning

−Human-Object와 Background 모델을결합해전체를한번에 fine-tuning

Method

ωMSE: 0.2, ωLPIPS: 1.0, ωCycle: 0.01, ωFlow : 0.01

<Final loss term>
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• HOSNeRF Dataset

▪데이터특징

−인간이특정객체를잡거나놓는등의상호작용과정을학습할수있는데이터

▪데이터구성

−6개의 scene으로구성

−비디오길이: 60초 ~ 120초

−전체중, 16개의프레임을선택하여 novel views와 novel timesteps에서테스트

Experiment

<HOSNeRF Dataset 세부사항>
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• HOSNeRF Dataset, NeuMan 데이터에대해정량적평가

▪평가지표: PSNR, SSIM, LPIPS

Experiment

<NeuMan Dataset>

<HOSNeRF Dataset>
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