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Motivation: 3D Visual Navigation

Autonomous Exploration Efficient Path PlanningRobotics

1
3D adds crucial 

information

2
3D Gaussians as efficient

way to model 3D scenes

3
Don’t only reconstruct, 

navigate through scene

4
3D Navigation needs to be 

safe and accurate

3D Visual Navigation is

a difficult problem!
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Related Work

Navigation in Point Clouds[8]

NeRF-based Navigation[9]
Voxel-based Navigation[10]
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3D Gaussian Splatting[1]

Idea: Use 3D 

reconstruction for

visual navigation
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Steps

Method 1: GaussNav[2]

1 Scene Exploration
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5

Conversion of Gaussian 

Splatting map to Voxel 

Grid for 3D Navigation

“Blue Hula 

Hoop”

explore

reconstruct

identify

goal

global path

planning 2D

find 3D

trajectory
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Steps

Method 2: Splat-Nav[3]

1 Start with set of images
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GaussNav vs. Splat-Nav
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GaussNav vs. Splat-Nav

reconstruct

explore

reconstruct
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GaussNav Splat-Nav

1
Splat-Nav does not use

exploration for images

2
GaussNav uses obstacle 

and exploration maps

3
Both approaches use 3D 

Gaussian reconstruction

4
GaussNav assumes 

Gaussians to be isotropic

Both approaches rely on 

simplifying assumptions
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GaussNav vs. Splat-Nav

“Blue Hula 
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GaussNav vs. Splat-Nav

“Blue Hula 

Hoop”

Class: Hula Hoop

Luca Wiehe | IN2107: Robot Perception and Intelligence

GaussNav

Splat-Nav

1
GaussNav identifies goal 

based on Image + Class

2
GaussNav chooses 

matching frame using 
keypoint overlap

3
Splat-Nav attaches CLIP[4] 

features to each Gaussian

4
These CLIP features can 

be used for direct 
language prompts

Different approaches for

goal identification

identify

goal

identify

goal
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GaussNav vs. Splat-Nav
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GaussNav vs. Splat-Nav

global path

planning

refine with

polytopes

global path

planning 2D

find 3D

trajectory

Luca Wiehe | IN2107: Robot Perception and Intelligence

GaussNav Splat-Nav

1
GaussNav plans global 

path using BEV 2D Grid

2
GaussNav refines locally 

by following way points

3
Splat-Nav starts with A* 

on a global voxel map

4
Splat-Nav reapplies A* in 

the current polytope to 
follow the global path

Division of path-planning

into global and local
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GaussNav vs. Splat-Nav
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1
Optimization of previous 

state and next state

2
Based on image estimate 

and state estimates

3
Additional constraints to 

consider polytope safety

Splat-Nav additionally 

covers state estimation

Image estimate (Gaussian Splat)Sensed Image

Next 

State

xt

State 

Prediction

f(xt-1, ut-1)

𝞇(It) h(xt)

𝐱𝐭 − 𝐟(𝐱𝐭−𝟏, 𝐮𝐭−𝟏)
𝟐 + 𝚿 𝐈𝐭 − 𝐡(𝐱𝐭)

𝟐 + 𝐱𝐭−𝟏 − 𝛍𝐭−𝟏
𝟐

Previous 

State

xt-1

Previous

Estimate

𝜇t-1

𝐚𝐫𝐠 𝐦𝐢𝐧

𝐱𝐭, 𝐱𝐭−𝟏
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Experiments
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GaussNav[2] Splat-Nav[3]

1
Tests visual navigation pipeline on 

Habitat-Matterport 3D (HM3D) dataset 1

Tests visual navigation pipeline on 

Gaussian Splatting scenes and using a 

real-world drone

2
Mainly tests success rate of reaching a 

specified goal 2
Includes experiments for reaching goal 

but also pose estimation and safety of 

navigation pipeline

3
No direct comparisons to baseline 

planning algorithms

3

Compares performance to baselines 

including ViT- and CNN-based 

architectures
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Results
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GaussNav[2] Splat-Nav[3]

GaussNav

Splat-Nav

0.946

1.000

Success

GaussNav assumes known goal position

but still not tested on the same dataset

GaussNav

OvRL-v2 IIN[5]

Mod-IIN[6]

Ieve InternImage[7]

Success SPL

0.248

0.561

0.702

0.752

0.118

0.233

0.252

0.578

measures path

efficiency
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Splat-Nav Polytopes
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Limitations
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GaussNav[2] Splat-Nav[3]

1 3D Voxel grids requires O(n3) memory (n 

is number of voxels per dimension)

2
2D projection for global path planning is 

an optimality bottleneck for future 

research

3

Keypoint matching with n keypoints of 

goal image and scene images introduces 

O(n2) computational complexity

1
3D occupancy grids require O(n3) memory 

(n is number of voxels per dimension)

2
Assuming that all images are given 

ignores exploration subproblem

4

Can only find locally optimal paths 

because we only consider collisions 

with Gaussians in proximity

3

O(mn) computational complexity 

through pairwise comparisons with m 

robot and n total Gaussians
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Future Work

Goal Identification 
Improvements

Path Planning 
Improvements

Geometrical Improvements

1

Both approaches use 

simplified geometry for 

global planning

2

Paths need to be 

refined locally to avoid 

collisions

3

It is desirable to avoid

this representation 

conversion for path 

planning

1

Splat-Nav computes

pairwise ellipsoid 

intersections

2

Many Gaussians 

collectively represent 

an object

3

They could be 

summarized to simpler 

geometric shapes

1

Major benefit of 3DGS: 

Photorealistic (more 

information preserved)

2

None of the 

approaches bases goal 

identification directly 

on Gaussians

3

Integrate 3DGS 

semantic segmentation 

(e.g. Langsplat[11])

Luca Wiehe | IN2107: Robot Perception and Intelligence



17 / 17

Key Takeaways

Summary

1

Visual Navigation combines 

several subproblems, papers 
usually tackle one specific 
subproblem

2
3DGS reconstructions preserve 

more semantic meaning than 
traditional representations

3
GS requires MANY Gaussians => 

pairwise comparisons of 
ellipsoids are expensive

4
Navigating GS scenes in real-time 

will remain a challenge for a while

1) Perception 2) Planning 3) Control

- Exploration

- 3D Reconstruction

- Goal Identification

- Obstacle 
Avoidance

- Optimal Path 

Planning

- Pose Estimation

- Low-level pose 
control

- Low-level 

trajectory control
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