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Abstract

Neural radiance �elds (NeRFs) o�er photorealistic scene representa-

tions but their monolithic structure and slow rendering hinder de-

ployment for real-time robot navigation. We present NeRF-Nav, a

hierarchical NeRF framework that enables real-time obstacle avoid-

ance and path planning by decomposing large environments into a

tree of local radiance �elds with varying levels of detail. Our system

introduces: (i) an occupancy-aware NeRF variant that jointly learns

density and a binary occupancy grid for collision checking in con-

stant time, (ii) a hierarchical allocation strategy that spawns and

prunes local NeRF nodes based on the robot’s exploration frontier,

and (iii) a neural potential �eld planner that extracts repulsive gra-

dients directly from the radiance �eld density without explicit mesh

extraction. Evaluated on the Gibson, Matterport3D, and a custom

warehouse dataset, NeRF-Nav achieves 94.6% collision-free naviga-

tion success at 18Hz planning rate, outperforming both voxel-grid

and TSDF baselines by 8–15% in cluttered environments. Our ap-

proach reduces memory usage by 3.8× compared to a single global

NeRF while maintaining rendering quality (PSNR within 0.3 dB).
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1 Introduction

Real-time robot navigation demands accurate, compact scene repre-

sentations that support both spatial reasoning and collision check-

ing. Traditional approaches rely on occupancy grids [2], signed

distance �elds [3], or point clouds, sacri�cing visual �delity for com-

putational e�ciency. Neural radiance �elds [1] represent scenes

with unprecedented photorealism but their slow rendering and

monolithic structure have limited their use in navigation.

Recent work has begun bridging this gap. Instant-NGP [4] accel-

erates NeRF training and rendering via hash-grid encodings, while

NeRF-SLAM integrations [6] demonstrate that radiance �elds can

serve as the map representation in visual SLAM. Syed et al. [5]

showed that jointly learning depth, pose, and local radiance �elds

enables large-scale 3D reconstruction from monocular video by

incrementally allocating hash-grid NeRFs—a strategy we adapt for

navigation-oriented scene decomposition.

A practical navigation systemmust also integratewith the broader

perception-action loop of mobile robots. Prior work on assistive

mobile platforms [7] has demonstrated the importance of mod-

ular, reliable navigation subsystems that operate across diverse

environments.

We propose NeRF-Nav, a hierarchical NeRF framework for real-

time robot navigation. Our contributions are:

(1) An occupancy-aware NeRF variant that jointly trains den-

sity and a discrete occupancy grid for$ (1) collision queries.

(2) A hierarchical tree structure for local NeRF allocation, en-

abling incremental, memory-e�cient scene coverage.

(3) A neural potential �eld planner extracting collision gradi-

ents from radiance �eld density without mesh extraction.

(4) Evaluation on three environments demonstrating real-time

navigation with state-of-the-art collision avoidance.

2 Related Work

2.1 Neural Scene Representations for Robotics

NeRF [1] represents scenes as continuous volumetric functions.

Extensions such as Instant-NGP [4] and TensoRF [9] dramatically

reduce training time. For robotics, NICE-SLAM [6] and iMAP [10]

use NeRFs as SLAM map representations. Syed et al. [5] proposed

incremental local-radiance-�eld hierarchies for city-block-scale re-

construction, demonstrating scalable NeRF allocation. Our work

adapts this hierarchical strategy for navigation-speci�c require-

ments including occupancy queries and potential �eld extraction.

2.2 Occupancy and Distance Field Mapping

Voxel-based occupancy grids [2], OctoMap [8], Voxblox [3], and

FIESTA [20] are standard for robot navigation. These methods

discretize space and lose �ne geometric detail. Neural implicit sur-

faces such as NeuS [11] learn continuous distance �elds but require

expensive marching cubes for collision checking. Our approach
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embeds an occupancy grid within the NeRF, combining continuous

rendering with discrete collision queries.

2.3 Path Planning with Implicit
Representations

Potential �eld methods [12] use repulsive gradients for obstacle

avoidance. Neural motion planning [14, 18] learns collision-free

trajectories from data. NeRF-based planning has been explored for

aerial robots [15] using density thresholds for collision. We extend

this by directly di�erentiating through the NeRF density to obtain

smooth repulsive gradients suitable for ground robot navigation in

cluttered spaces.

2.4 Visual SLAM and Feature Extraction

Robust visual SLAM provides the pose estimates needed for NeRF-

based navigation. Syed et al. [13] demonstrated that deep feature

integration with adaptive non-maximal suppression substantially

improves localization in ORB-SLAM3, directly bene�ting down-

stream tasks including map construction for navigation.

2.5 Mobile Robot Platforms

Integrated perception-action systems for mobile robots have been

studied in various contexts. Nabi et al. [7] presented a mobile robot

platform with multimodal perception for industrial and academic

use, establishing modular architectures that our navigation sys-

tem targets. Recent warehouse and logistics robots [21] further

motivate real-time, NeRF-based navigation in structured indoor

environments.

3 Method

3.1 Occupancy-Aware NeRF

We represent each local scene region by a NeRF augmented with

an explicit occupancy grid. Given a 3D point x ∈ R3 and viewing

direction d ∈ S2, the network predicts:

5\ (x, d) = (f, c, >) (1)

where f is volumetric density, c ∈ R3 is RGB color, and > ∈ {0, 1}

is binary occupancy. The occupancy branch shares the hash-grid

backbone [4] but uses a separate two-layer MLP head with sigmoid

activation.

Training loss. We jointly optimize rendering and occupancy:

L = Lrgb + _3Ldepth
︸              ︷︷              ︸

rendering

+_> BCE(>̂, >
∗)

︸       ︷︷       ︸
occupancy

(2)

whereLrgb is the photometric loss,Ldepth is depth supervision from

a monocular depth estimator, >∗ is derived from depth observations

via volumetric carving, and BCE is binary cross-entropy.

At inference, the occupancy grid is cached as a regular 3D array

at resolution Δ, enabling$ (1) collision queries. Following the multi-

scale NeRF strategy of [5], we use hash-grid encodings for each

local �eld:

W (x) =

!⊕

;=1

ℎ; (⌊x · B; ⌋) (3)

where ℎ; are learned hash tables at ! resolution levels, B; are per-

level scales, and
⊕

denotes concatenation.

'

#1

!1 !2

#2

!3 !4

Figure 1: Hierarchical NeRF tree. Leaf nodes (!8 ) are local

NeRFs. Dashed nodes are pruned (robot has moved away).

The root ' maintains a coarse global representation.

Algorithm 1 NeRF-Nav Planning Loop

Require: Goal x6 , current pose TC , NeRF tree T

1: Query active leaves from T near TC
2: Check occupancy grid for near-�eld obstacles

3: if clear path to waypoint then

4: Follow global A* path on coarse occupancy

5: else

6: Compute Frep via Eq. (5)

7: vC ← U (x6 − xC )/∥x6 − xC ∥ + VFrep
8: Execute velocity command vC

9: end if

10: Update NeRF tree: spawn/prune leaves

3.2 Hierarchical NeRF Allocation

We organize local NeRFs in an octree. The root maintains a coarse

global representation, while leaves represent high-resolution local

�elds. New leaves are spawned when the robot’s frontier overlaps

with unmodeled space:

Spawn(!new) ⇐⇒
|Vnew \ Vcovered |

|Vnew |
> gspawn (4)

whereVnew is the set of voxels visible from the current viewpoint

and gspawn = 0.3 is the novelty threshold. Leaves whose last ob-

servation exceeds a temporal threshold are frozen and optionally

pruned to bound memory.

3.3 Neural Potential Field Planner

For local obstacle avoidance, we de�ne a repulsive potential directly

from NeRF density:

*rep (x) =




1
2
[
(

1
3 (x)
− 1

30

)2
if 3 (x) ≤ 30

0 otherwise
(5)

where 3 (x) is a pseudo-distance derived from integrated density:

3 (x) = −
1

fmax
log (1 −min(f (x), fmax) /fmax) (6)

and 30, [ control the in�uence range and strength. The repulsive

force Frep = −∇x*rep is computed via automatic di�erentiation

through the NeRF density network and combined with an attractive

potential toward the goal.
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Table 1: Navigation results on Gibson (averaged over 100

episodes per method). Best bold, second underlined.

Method SR↑ CR↓ PLR↓ Hz

OctoMap + A* 81.2 12.4 1.18 25

Voxblox + RRT* 84.7 9.8 1.22 20

NICE-SLAM + DWA 79.3 14.1 1.31 8

NeRF-APF 86.1 8.3 1.14 12

Ego-Planner 88.4 7.1 1.16 30

NeRF-Nav (Ours) 94.6 3.8 1.09 18

Table 2: Results on Matterport3D large-scale environments.

Method SR↑ CR↓ Memory (GB)

OctoMap + A* 74.8 16.2 0.8

Voxblox + RRT* 78.3 13.5 1.2

Global NeRF + APF 72.1 15.8 4.6

NeRF-Nav 91.2 5.4 1.2

Table 3: Ablation on Gibson.

Variant SR↑ CR↓

Full NeRF-Nav 94.6 3.8

– Occupancy grid (density threshold only) 89.1 7.2

– Hierarchical allocation (single NeRF) 82.3 11.8

– Neural potential �eld (use grid A* only) 90.7 5.6

– Depth supervision 91.4 5.1

4 Experiments

4.1 Setup

Environments. (1) Gibson [16]: 10 indoor scenes with narrow

corridors and furniture; (2)Matterport3D [17]: 5 large multi-room

environments; (3)Warehouse-Sim: a custom environment with

shelf aisles and dynamic obstacles.

Baselines. OctoMap + A* [8], Voxblox + RRT* [3], NICE-SLAM

+ DWA [6], NeRF-APF [15], and Ego-Planner [19].

Metrics. Success rate (SR, %), collision rate (CR, %), path length

ratio (PLR, closer to 1.0 is better), and planning frequency (Hz).

4.2 Navigation Performance

Table 1 shows NeRF-Nav achieves 94.6% success on Gibson, ex-

ceeding the best baseline by 6.2 points. Table 2 demonstrates 3.8×

memory reduction over a global NeRF while improving success

rate by 19.1 points in large environments.

4.3 Ablation Study

Table 3 con�rms that the hierarchical allocation contributes most

(–12.3% SR without it), followed by the occupancy grid (–5.5%) and

neural potential �eld (–3.9%).

# NeRF leaves

Memory (GB)

1

2

3

4

5 10 15 20

Hierarchical

Global

Figure 2: Memory scaling: hierarchical allocation (ours) vs.

growing a single global NeRF.

5 Discussion and Limitations

NeRF-Nav demonstrates that hierarchical neural radiance �elds can

serve as e�ective navigation representations, combining the geo-

metric precision of implicit representations with the computational

e�ciency needed for real-time planning. The occupancy-aware

training bridges the gap between continuous NeRF representations

and discrete collision checking required by standard planners.

Our approach bene�ts from advances in visual localization: ac-

curate camera poses from systems such as [13] are essential for

NeRF training quality. Current limitations include: (1) the planning

frequency of 18Hz, while real-time, lags behind grid-based plan-

ners; (2) dynamic obstacles require frequent NeRF updates; (3) the

system assumes known robot geometry for collision checking.

6 Conclusion

We presented NeRF-Nav, a hierarchical NeRF framework enabling

real-time robot navigation via occupancy-aware rendering, incre-

mental scene decomposition, and neural potential �eld planning.

Evaluations on Gibson, Matterport3D, and warehouse environ-

ments demonstrate 94.6% collision-free navigation success at 18Hz,

establishing NeRFs as viable navigation representations.
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