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Abstract

This paper presents a novel grid-based NeRF called F2-
NeRF (Fast-Free-NeRF) for novel view synthesis, which
enables arbitrary input camera trajectories and only costs
a few minutes for training. Existing fast grid-based NeRF
training frameworks, like Instant-NGP, Plenoxels, DVGO,
or TensoRF, are mainly designed for bounded scenes and
rely on space warping to handle unbounded scenes. Existing
two widely-used space-warping methods are only designed
for the forward-facing trajectory or the 360◦ object-centric
trajectory but cannot process arbitrary trajectories. In this
paper, we delve deep into the mechanism of space warping to
handle unbounded scenes. Based on our analysis, we further
propose a novel space-warping method called perspective
warping, which allows us to handle arbitrary trajectories
in the grid-based NeRF framework. Extensive experiments
demonstrate that F2-NeRF is able to use the same perspec-
tive warping to render high-quality images on two standard
datasets and a new free trajectory dataset collected by us.
Project page: totoro97.github.io/projects/ f2-nerf .

1. Introduction
The research progress of novel view synthesis has ad-

vanced drastically in recent years since the emergence of the
Neural Radiance Field (NeRF) [24, 42]. Once the training
is done, NeRF is able to render high-quality images from
novel camera poses. The key idea of NeRF is to represent
the scene as a density field and a radiance field encoded
by Multi-layer Perceptron (MLP) networks, and optimize
the MLP networks with the differentiable volume rendering
technique. Though NeRF is able to achieve photo-realistic
rendering results, training a NeRF takes hours or days due to
the slow optimization of deep neural networks, which limits
its application scopes.

Recent works demonstrate that grid-based methods, such
as Plenoxels [57], DVGO [38], TensoRF [6], and Instant-
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Figure 1. Top: (a) Forward-facing camera trajectory. (b) 360◦

object-centric camera trajectory. (c) Free camera trajectory. In
(c), the camera trajectory is long and contains multiple foreground
objects, which is extremely challenging. Bottom: Rendered images
of the state-of-the-art fast NeRF training methods and F2-NeRF on
a scene with a free trajectory.

NGP [25], enable fast training a NeRF within a few minutes.
However, the memory consumption of such grid-based rep-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

4150



resentations grows in cubic order with the size of the scene.
Though various techniques, such as voxel pruning [38, 57],
tensor decomposition [6] or hash indexing [25], are proposed
to reduce the memory consumption, these methods still can
only process bounded scenes when grids are built in the
original Euclidean space.

To represent unbounded scenes, a commonly-adopted
strategy is to use a space-warping method that maps an un-
bounded space to a bounded space [3, 24, 61]. There are
typically two kinds of warping functions. (1) For forward-
facing scenes (Fig. 1 (a)), the Normalized Device Coordinate
(NDC) warping is used to map an infinitely-far view frus-
tum to a bounded box by squashing the space along the
z-axis [24]; (2) For 360◦ object-centric unbounded scenes
(Fig. 1 (b)), the inverse-sphere warping can be used to map
an infinitely large space to a bounded sphere by the sphere
inversion transformation [3, 61]. Nevertheless, these two
warping methods assume special camera trajectory patterns
and cannot handle arbitrary ones. In particular, when a
trajectory is long and contains multiple objects of interest,
called free trajectories, as shown in Fig. 1 (c), the quality of
rendered images degrades severely.

The performance degradation on free trajectories is
caused by the imbalanced allocation of spatial representation
capacity. Specifically, when the trajectory is narrow and
long, many regions in the scenes are empty and invisible
to any input views. However, the grids of existing methods
are regularly tiled in the whole scene, no matter whether the
space is empty or not. Thus, much representation capacity is
wasted on empty space. Although such wasting can be allevi-
ated by using the progressive empty-voxel-pruning [38, 57],
tensor decomposition [6] or hash indexing [25], it still causes
blurred images due to limited GPU memory. Furthermore, in
the visible spaces, multiple foreground objects in Fig. 1 (c)
are observed with dense and near input views while back-
ground spaces are only covered by sparse and far input views.
In this case, for the optimal use of the spatial representation
of the grid, dense grids should be allocated for the fore-
ground objects to preserve shape details and coarse grids
should be put in background space. However, current grid-
based methods allocate grids evenly in the space, causing
the inefficient use of the representation capacity.

To address the above problems, we propose F2-NeRF
(Fast-Free-NeRF), the first fast NeRF training method that
accommodates free camera trajectories for large, unbounded
scenes. Built upon the framework of Instant-NGP [25], F2-
NeRF can efficiently be trained on unbounded scenes with
diverse camera trajectories and maintains the fast conver-
gence speed of the hash-grid representation.

In F2-NeRF , we give the criterion on a proper warping
function under an arbitrary camera configuration. Based on
this criterion, we develop a general space-warping scheme
called the perspective warping that is applicable to arbitrary

camera trajectories. The key idea of perspective warping is
to first represent the location of a 3D point p by the concate-
nation of the 2D coordinates of the projections of p in the
input images and then map these 2D coordinates into a com-
pact 3D subspace space using Principle Component Analysis
(PCA) [51]. We empirically show that the proposed perspec-
tive warping is a generalization of the existing NDC warp-
ing [24] and the inverse sphere warping [3, 61] to arbitrary
trajectories in a sense that the perspective warping is able
to handle arbitrary trajectories while could automatically
degenerate to these two warping functions in forward-facing
scenes or 360◦ object-centric scenes. In order to implement
the perspective warping in a grid-based NeRF framework,
we further propose a space subdivision algorithm to adap-
tively use coarse grids for background regions and fine grids
for foreground regions.

We conduct extensive experiments on the unbounded
forward-facing dataset, the unbounded 360◦ object-centric
dataset, and a new unbounded free trajectory dataset. The
experiments show that F2-NeRF uses the same perspective
warping to render high-quality images on the three datasets
with different trajectory patterns. On the new Free dataset
with free camera trajectories, our method outperforms base-
line grid-based NeRF methods,while only using ∼12 min-
utes on training on a 2080Ti GPU.

2. Related Works
Novel view synthesis. Novel view synthesis (NVS) aims

to synthesize novel view images from input posed images.
The NVS problem has been extensively studied with lu-
migraph [5, 13] and light field functions [8, 15] to directly
interpolate input images. To improve the quality of the
synthesized image, many methods resort to an explicit 3D
reconstruction of the scene via meshes [9, 43, 47, 52], vox-
els [14, 20, 21, 34], point clouds [1, 54], depth maps [10, 31,
32,45], and multi-plane images (MPI) [12,16,23,36,44,63],
and then synthesize novel images with the help of these 3D
reconstructions. F2-NeRF also aims to solve the NVS task
but with a neural representation.

Neural scene representations. Since the emergence of
NeRF [2, 24, 41], there have been intensive studies on neural
representations for the tasks of novel view synthesis [24, 35,
42], relighting [4,26,60,62], generalization to new scenes [7,
19,37,48,50,59], shape representation [22,25,39], and multi-
view reconstruction [27, 49, 55, 56]. The representation can
be either totally neural networks [11,17,24,29,33], or hybrid
parametric encodings with space subdivisions [18,22,25,39]
for efficient training and inference. F2-NeRF also subdivides
the scene for flexible space warping and uses the hybrid
neural scene representation [25] for fast training and high-
quality rendering.

Fast NeRF training with space warping. Recent works
show that the training of NeRF can be accelerated signifi-
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cantly with grid-based representations [6,25,38,57]. Instead
of using a huge MLP network to predict the density and
color, Plenoxels [57] directly store the density values and
colors on a voxel grid. Instant-NGP [25], TensoRF [6] and
DVGO [38] construct a feature grid and the density and com-
pute the density and the color for a specific point from an
interpolated feature vector using a tiny MLP network. How-
ever, these grids are regularly constructed in an axis-aligned
manner and require additional space warping to represent
unbounded scenes. There are two kinds of existing space
warping functions, the NDC warping [24] for the forward-
facing scenes and the inverse sphere warping [2,3,61] for the
360◦ object-centric scenes. Both of these warping functions
cannot handle long and narrow trajectories. In F2-NeRF ,
we propose a novel perspective warping to enable these fast
grid-based methods to process arbitrary camera trajectories.

Large-scale Neural Radiance Fields. Recent works [40,
46, 53] managed to reconstruct the radiance field on a large-
scale scene by decomposing the scene into blocks and sepa-
rately training different NeRFs for different blocks. F2-NeRF
aims at small-scale scenes with arbitrary camera trajectories,
which has the potential to serve as the backbone NeRF of a
single block in large-scale NeRFs.

3. Our Approach

Given a set of images {Ii} with arbitrary but known poses
in an unbounded scene, the goal of F2-NeRF is to reconstruct
a radiance field of the scene for the novel view synthesis task.
In the following, we first give an overview of F2-NeRF .

3.1. Overview

In order to build a grid-based neural representation in an
unbounded scene, a space warping function F (x) is intro-
duced to warp the unbounded space to a bounded region. In
Sec. 3.2, we first analyze the mechanism of space warping
and propose a novel perspective warping method. The pro-
posed perspective warping subdivides whole the space under
consideration into small regions, as shown in Sec. 3.3. Then,
on the warp space, we build a grid-based neural representa-
tion in Sec. 3.4. Based on the built representation, we adopt

(a) (b)

Figure 2. A 2D example. (a) The gray regions at the orange points
align with the image resolutions. (b) Axis-aligned grids in the
original Euclidean space are not aligned with the camera rays.

the volume rendering [24] to render novel-view images.
Volume rendering with perspective warping. In or-

der to render the color ĉ for a pixel, we first apply a novel
point sampling strategy, called the perspective sampling in
Sec. 3.5, to sample points xi on the camera ray emitting
from the pixel. Then, these sampled points are warped by
the perspective warping to the warp space, and the density
σi and the color ci on sampled points are computed from the
neural representation built on the warp space. Finally, we
composite the colors to compute the pixel color ĉ by

ĉ =
∑
i

Tiαici, (1)

where Ti =
∏i−1

j=0(1−αj) is the accumulated transmittance
and αi = 1− exp(−δiσi) is the opacity of the point.

3.2. Perspective warping

It has been demonstrated that space warping functions,
such as the NDC warping [24] and the inverse sphere warp-
ing [3, 61], are effective for rendering unbounded scenes. In
this section, we start with a 2D intuitive analysis of why a
space warping method is effective.

2D analysis. First, let us consider a simple case in the 2D
space as shown in Fig. 2 (a). In this setting, two 2D cameras
project the points from 2D space onto their 1D image planes.
Consider the two orange points in the figure. The gray
rhombuses are the irregular grids formed by camera rays
and the gray regions are the smallest distinguishable region
due to the limited resolution of the two cameras. However,
a vanilla grid-based representation consists of axis-aligned
regular grids as shown in Fig. 2 (b), which is not aligned with
the gray rhombuses. Moreover, such misalignment becomes
more severe as the distance from the cameras increases. The
key requirement for space warping is that we need to warp
the original Euclidean space and build axis-aligned grids
in the warp space so that these grids are aligned with the
camera rays. Clearly, in this 2D case, a proper warping
function F (x) : R2 → R2 can be constructed by F (x) =
(C1(x), C2(x)), where C1(x) and C2(x) denotes the 1D
image coordinates of projecting x onto the camera 1 and
camera 2 respectively. Then, the axis-aligned grids built on
the F (x) space will exactly align with camera rays.

Proper space warping. Based on the 2D analysis above,
we define a proper space warping function as follows.

Definition 1 Given a region S in the 3D Euclidean space
and a set of cameras {Ci|i = 1, 2, ..., nc} which are visible
to S, a warping function F : R3 → R3 is called a proper
warping function, if for any two points x1,x2 ∈ S, the
distance between these two points in the warp space equals
to the sum of distances between these two points on all
visible cameras, i.e. ∥F (x1)− F (x2)∥22 =

∑n
i ∥Ci(x1)−

Ci(x2)∥22.
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Clearly, the warping function F (x) = (C1(x), C2(x)) in
the 2D toy example is a proper 2D warping function. Note
that whether a warping function is proper or not is a local
property, which only relates to the visible cameras.

3D perspective warping. Given the region S and the
cameras Ci, we now would like to construct a proper 3D
warping function F (x) : R3 → R3. We begin with an obser-
vation that the function y = G(x) = [C1(x), ..., Cnc(x)] :
R3 → R2nc which maps the 3D point to its projected co-
ordinates on all n cameras Ci is a proper warping function
because this is a trivial construction based on the definition
of a proper warping function. However, what we want to con-
struct eventually is a function that maps a 3D space to a 3D
space. Hence, we consider constructing an approximately
proper warping function F with the following formulation.

Problem 1 Let {xj |j = 1, 2, ..., np} denote np evenly-
sampled points in the local region S of the original Eu-
clidean space, we want to find a projection matrix M ∈
R3×2nc that maps the coordinate yj = G(xj) ∈ R2nc to
zj ∈ R3 by zj = Myj , so that M minimizes

∑K
j ∥M⊺zj−

yj∥22
In comparison with Definition 1, Problem 1 makes two re-
laxations. First, we only consider the distances between
sampled points xi ∈ S in Problem 1 while Definition 1
considers arbitrary point pairs. Second, we apply a projec-
tion matrix such that the distances between yi are preserved
as much as possible. It can be shown that the solution to
this problem is exactly the Principle Component Analysis
(PCA) [51] on the set of projection points {yj}. The matrix
M is constructed from the first three eigenvectors of the
covariance matrix of {yj}. Therefore, the proposed perspec-
tive warping function is F (x) = MG(x), as shown Fig. 3.
In our implementation, we perform a post normalization on
F (x) to make the resulting points {zj} in the warp space
located around the origin, which is introduced in details in
the supplementary material.

Intuition of F (x). F (x) maps the region S in the orig-
inal space to a region around the origin of the warp space.
Fig. 4 shows the perspective warping with different angles
between two neighboring cameras. As we can see, when
the angle θ is small, the space is squashed more on the far
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Figure 3. Our perspective warping method.
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Figure 4. Visualization of the effect of perspective warping. (a)
Points in the original Euclidean space. (b) Points in the warp space
and the corresponding camera angles.

Visible camera Invisible camera

(a) (b)

Figure 5. Inverse sphere warping. (a) The inner unit sphere are
visible to all cameras around. Thus, the warp space is a Euclidean
space, which corresponds to the 180◦ case of perspective warping
in Fig. 4. (b) The outer space is only visible to a part of cameras.
The outer space uses an NDC warping, which corresponds to the
30◦ case of perspective warping in Fig. 4.

region, which is a similar behavior to the NDC warping.
In this case, the perspective warping reduces to the NDC
warping if all the cameras are forward-facing. When the
angle becomes larger, the warp space is more similar to the
original Euclidean space.

Relationship with inverse sphere warping. We em-
pirically show that inverse sphere warping [3, 61] is also a
handcrafted approximation of our perspective warping func-
tion. As shown in Fig. 5 (a), the warp space of the inverse
sphere warping for the inner unit sphere is simply the orig-
inal Euclidean space because all the cameras around are
visible to this unit sphere, which corresponds to the 180◦

case in Fig. 4 of the perspective warping. The outer space
(Fig. 5 (b)) is only visible from a few far cameras and thus is
warped similarly as the NDC warping, which corresponds to
the 30◦ case in Fig. 4 of the perspective warping.

3.3. Space subdivision

In order to apply the perspective warping function F (x),
we need to specify nc cameras onto which we project the
point x. According to Definition 1, the properness of the
warping function is a local property which only relates the
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Figure 6. Pipeline of F2-NeRF . (a) Given a large region of interest, we subdivide the space according to the input view frustums. (b) For
each sub-region, we construct a perspective warping function based on the visible cameras. The densities and colors are decoded from the
scene feature vectors fetched from the same hash table (d) but using different hash functions (c).

visible cameras for the point x. However, for a free trajec-
tory like Fig. 1 (c), visible cameras for different regions are
different. This motivates us to adaptively subdivide the space
into different regions such that the visible cameras used in
F (x) are the same inside a region but are different across
regions. In this case, in each subdivided region Si, a warping
function Fi(x) is applied to map Si to the warp space.

Subdivision strategy. We adopt an octree data structure
to store the subdivided regions, which enables us to quickly
search for a region and retrieve visible cameras. To construct
the octree, we begin with an extremely large bounding box as
the root node. Here the box size is 512 times the bounding
box size of all camera centers, which is able to contain
extremely far-away sky or other objects. Then, starting from
the octree root node, we perform a check-and-subdivide
procedure. Specifically, on a tree node with s as the side
length, we retrieve all visible cameras whose view frustums
intersect with this node. Then, if there is any visible camera
center whose distance d to the node center is d ≤ λs, where
λ is preset to 3, the node is subdivided into 8 child nodes
with side length of s/2. Otherwise, the current node is small
enough and we stop subdividing it and mark it as a leaf
node. For each subdivided child node, we further check the
distance and repeat this procedure until we get all nl leaf
nodes {Si|i = 1, 2, ..., nl} as shown in Fig. 6 (a). Each leaf
node is treated as the region S in Problem 1, and for those
regions that are visible by more than nc = 4 cameras, we
further select nc visible cameras by making the minimal pair-
wise distance of the selected cameras as large as possible. A
more detailed description of the camera selection strategy
can be found in the supplementary material. By applying the
warping function Fi, each leaf node is mapped to a region
around the origin of its warp space.

3.4. Scene representation

In this section, we will introduce how to build our grid-
based scene representation on the warp space, which allows
color and density computation for a given point in the warp
space. Since the warping functions are different for different
leaf nodes, we actually have nl different warp spaces. A
naive solution would be to build nl different grid represen-
tations on each warp space. However, this would cause the
number of parameters to grow with the number of leaf nodes.
To limit parameter number, we suppose that all warping func-
tions map different leaf nodes to the same warp space and
build a hash-grid representation [25] on the warp space with
multiple hash functions as shown in Fig. 6.

Hash grid with multiple hash functions. Sharing the
same warp space for different leaf nodes will inevitably
lead to conflicts, which means two different points in two
leaf nodes with different densities and colors are mapped
to the same point in the warp space. In the original Instant-
NGP [25], there is only one hash function to compute hash
values for grid vertices. Here, we use different hash functions
for different leaf nodes to alleviate the conflict problem.
Specifically, for a point x in the i-th leaf node, we map it to
z = Fi(x) in the warp space and find z’s eight neighboring
grid vertices v̂ with integer coordinates. Then, we compute a
hash value for each vertex v̂ by a hash function conditioned
on the leaf node index i as follows

Hashi(v̂) =

(
3⊕

k=1

v̂kπi,k +∆i,k

)
mod L, (2)

where
⊕

denotes the bitwise xor operation, and both {πi,k}
and {∆i,k} are random large prime numbers, which are fixed
for a specific leaf node, k = 1, 2, 3 means the index of x, y, z
coordinate of the warp space, L is the length of the hash table.
The computed hash value will be used in indexing the hash
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table to retrieve a feature vector for the vertex v̂ and then the
feature vector of the point z is trilinearly-interpolated from 8
vertex feature vectors. Finally, the feature vector of z and the
view direction d are fed into a tiny MLP network to produce
color and density for the point z, as shown in Fig. 6 (d).

Intuition of Eq. 2. Using different numbers πi,k and
different offsets ∆i,k leads to different hash functions in
Eq. 2. We use an example in Fig. 6 to show how Eq. 2
works: The green point and the yellow point in two different
leaf nodes (Fig. 6 (a)) are mapped by two different warping
functions to the same warp space (Fig. 6 (b)). Suppose
that both points reside in the same voxel of the warp space.
Although the coordinates of their neighboring vertices are
the same, the two points will use different hash functions
Eq. 2 to compute different hash values for these neighboring
vertices (Fig. 6 (c)). Then, the computed hash values will
be used in indexing the same hash table to retrieve feature
vectors (Fig. 6 (d)). In this case, two points from different
leaf nodes share the same neighboring vertices in the warp
space but retrieve different vertex feature vectors, which
greatly reduces the probability of conflicts. Though some
conflicts still remain, they can naturally be resolved by the
tiny MLP during the optimization process as observed by
Instant-NGP [25].

3.5. Perspective sampling

A proper warping function F also gives us a guideline
for sampling points on rays in volume rendering. Accord-
ing to Definition 1, the distance between two points in the
proper warp space equals the sum of distances between two
projected points on image planes. In this case, by uniformly
sampling the points in the warp space, we get a non-uniform
sampling in the original Euclidean space but an approxi-
mately uniform sampling on images, which improves the
sampling efficiency and brings more stable convergence.
Specifically, considering a sample point xi = o+ tid where
o,d are the camera origin and direction respectively, we
first compute the Jacobian matrix Ji ∈ R3×3 of the per-
spective warping function F at xi. Then, the next sample
point xi+1 = xi +

l
∥Jid∥2

d, where l is a preset parameter
controlling the sampling interval and we make a linear ap-
proximation here as discussed in the supplementary material.

3.6. Rendering with perspective warping

Based on the descriptions above, we now summarize the
rendering procedure in two stages: the preparation stage and
the actual rendering stage. (1) In the preparation stage, we
subdivide the original space according to the view frustums
of the cameras (Sec. 3.3), and construct the local warping
functions based on the selected cameras for each sub-region
(Sec. 3.2). (2) In the actual rendering stage, we follow the
framework of volume rendering to render a pixel color, by
sampling points on the camera ray (Sec. 3.5) and conducting

(a) Sky (b) Stair

Figure 7. Trajectories of “Sky” and “Stair” in the Free dataset.

weighted accumulation of the sampled colors (Sec. 3.1). The
sampled densities and colors are fetched from the multi-
resolution hash grid (Sec. 3.4).

3.7. Training

The training loss is defined as

L = Lrecon(c(r),cgt) + λDispLDisp + λTVLTV, (3)

where Lrecon(c(r),cgt) =
√
(c(r)− cgt)2 + ϵ is a color re-

construction loss [3] with ϵ = 10−4. LDisp and LTV are
two regularization losses. The first is a disparity loss LDisp

that encourages the disparity (inverse depth) not excessively
large, which is useful to reduce the floating artifacts. The
second is a total variance loss [30] LTV that encourages the
points at the borders of two neighboring octree nodes i, j to
have similar densities and colors. For all losses, we provide
more details in the supplementary material.

4. Experiments
4.1. Experimental Settings

Datasets. We use three datasets for our evaluation. (1)
A new unbounded dataset with free trajectories that we col-
lected (called the Free dataset). The Free dataset contains
seven scenes. Each scene has a narrow and long input camera
trajectory and multiple focused foreground objects, which
is extremely challenging to build a neural representation for
the NVS task. Two of these trajectories are shown in Fig. 7;
(2) LLFF dataset [23], which contains eight real unbounded
forward-facing scenes with complex geometries; and (3)
NeRF-360-V2 dataset [3], which contains seven unbounded
360-degree inward-facing outdoor and indoor scenes. For
all the datasets, we follow the commonly-adopted settings
that set one of every eight images as testing images and the
other as the training set. We use three metrics, PSNR, SSIM,
and LPIPSVGG, for evaluation.

Baselines. We compare F2-NeRF with the state-of-the-
art fast NeRF training methods, the voxel-based methods
(1) DVGO [38], (2) Plenoxels [57] and the hash-grid based
method (3) Instant-NGP [25]. We also report the results of
MLP-based NeRF methods including NeRF++ [61], mip-
NeRF [2], and mip-NeRF-360 [3]. Note that both F2-NeRF
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Method Tr. time PSNR↑ SSIM↑ LPIPS(VGG)↓

NeRF++ [61] hours 23.47 0.603 0.499
mip-NeRF-360 [3] hours 27.01 0.766 0.295
mip-NeRF-360short 30m 22.04 0.537 0.586
Plenoxels [57] 25m 19.13 0.507 0.543
DVGO [38] 21m 23.90 0.651 0.455
Instant-NGP [25] 6m 24.43 0.677 0.413
F2-NeRF 12m 26.32 0.779 0.276
Table 1. Results on the Free dataset. In mip-NeRF-360short,
we early stop the training to make them finished in 30 minutes.
Training times are evaluated on a 2080ti GPU.

and Instant-NGP [25] are trained for 20k steps with the same
batch size but we adopt a LibTorch [28] implementation
while Instant-NGP uses a CUDA implementation, which
is faster (6min) than ours (13min). All training times are
evaluated on a single 2080Ti GPU. Implementation details
of F2-NeRF are included in the supplementary material.

Warping functions. Different warping functions are
adopted for baseline methods on different datasets. On the
LLFF dataset, all baselines use the NDC warping function,
and on both the Free dataset and the NeRF-360-V2 dataset,
all baseline methods use the inverse sphere warping function,
except Instant-NGP. In the Instant-NGP, we follow the offi-
cial implementation to enlarge the ray marching bounding
box to represent backgrounds and carefully tune the scale pa-
rameters on different scenes to achieve the best performance.
In comparison, F2-NeRF always uses the perspective warp-
ing for all datasets.

4.2. Comparative studies

We report the quantitative comparisons on the Free
dataset in Table 1. F2-NeRF achieves the best rendering
quality among all the fast-training NeRFs. The results for
qualitative comparison are shown in Fig. 8. The synthesized
images of DVGO [38] and Plenoxels [58] are blurred due
to their limited resolutions to represent such a long trajec-
tory. The results of Instant-NGP look sharper but are not
clear enough due to its unbalanced scene space organization.
In comparison, F2-NeRF takes advantage of the perspec-
tive warping and the adaptive space subdivision to fully
exploit the representation capacity, which enables F2-NeRF
to produce better rendering quality. Meanwhile, we find that
training a mip-NeRF-360 on the Free dataset for a long time
is also able to render clear images. The reason is that during
the training process, the large MLP networks used by mip-
NeRF-360 are able to gradually concentrate on foreground
objects and adaptively allocate more capacity to these fore-
ground objects. However, these MLP networks have to spend
a long training time for convergence on the Free Trajectory
dataset. With a short training time (30 minutes), the results
of mip-NeRF-360 contain many foggy artifacts.

We also evaluate our method on the widely-used un-
bounded forward-facing dataset (LLFF) and 360◦ object-
centric dataset (NeRF-360-V2) to show the compatibility
of the perspective warping with these two kinds of spe-
cialized camera trajectories. On both datasets, F2-NeRF
achieves comparable results to the other fast NeRF methods.
Note these baseline fast NeRF methods adopt the specially-
designed NDC warping or inverse sphere warping for the
LLFF dataset or the NeRF-360-V2 dataset while F2-NeRF
always uses the same perspective warping for all datasets.

Pillar

Hydrant

Grass

Ground truth Instant-NGPF2-NeRF DVGO mip-NeRF-360 (short)

Figure 8. Visual comparison on the Free dataset.

4156



Method Tr. time PSNR↑ SSIM↑ LPIPS(VGG)↓

NeRF++ [61] hours 26.21 0.729 0.348
mip-NeRF-360 [2] hours 28.94 0.837 0.208
Plenoxels [57] 22m 23.35 0.651 0.471
DVGO [38] 16m 25.42 0.695 0.429
Instant-NGP [25] 6m 26.24 0.716 0.404
F2-NeRF 14m 26.39 0.746 0.361

Table 2. Results on the NeRF-360-V2 dataset.

Method Tr. time PSNR↑ SSIM↑ LPIPS(VGG)↓

NeRF [24] hours 26.50 0.811 0.250
mip-NeRF [2] hours 26.60 0.814 0.246
Plenoxels [57] 17m 26.29 0.839 0.210
DVGO [38] 11m 26.34 0.838 0.197
TensoRF [6] 48m 26.73 0.839 0.204
Instant-NGP [25] 6m 25.09 0.758 0.267
F2-NeRF 13m 26.54 0.844 0.189

Table 3. Results on the LLFF dataset.

This demonstrates the compatibility of the perspective warp-
ing with different trajectories.

4.3. Ablation studies

We conduct ablation studies on the “pillar” from the Free
dataset. In the ablation studies, we use the multi-resolution
hash grid [25] as the scene representation and change the
warping functions and the sampling strategies. The warping
functions include the inverse sphere warping (Inv. warp),
the perspective warping (Pers. warp), and no warping (w/o
warp). In the implementation of inverse sphere warping on
the Free dataset, we use the bounding sphere of all camera
positions as the foreground inner sphere and treat the space
outside the sphere as backgrounds. For the point sampling
strategies, we consider sampling by disparity (inverse-depth)
(Disp. Sampling) used in mip-NeRF-360 [3], sampling by
the exponential function (Exp. Sampling) used in Instant-
NGP [25], and our perspective sampling (Sec. 3.5). The
quantitative results are shown in Table 4 and some qualitative
results are shown in Fig. 9.

As shown in Table 4, the basic model (A) without space
warping and using disparity sampling performs worst. The
model (B) with Inv. warping improves the performances,
which shows better compatibility with unbounded scenes
compared with no warping (A). The model (C) replaces the
disparity sampling with the exponential sampling, which
makes the results better. The model (D) uses the proposed
perspective warping, whose performance increases drasti-
cally compared to the inverse sphere warping. This demon-
strates the effectiveness of our perspective warping on free
trajectories. The model (E) further applies perspective sam-
pling, which produces the best performance.

GT Inv. warpPers. warp

Stair

Road

Hydrant

Grass

Figure 9. Visual comparison of different warping techniques.
Our perspective warping renders more clear images than inverse
sphere warping [3].

Setting PSNR↑ SSIM↑ LPIPS↓

A) w/o warp + Disp. sample 26.81 0.693 0.385
B) Inv. warp + Disp. sample 27.09 0.711 0.358
C) Inv. warp + Exp. sample 27.86 0.751 0.289
D) Pers. warp + Exp. sample 28.65 0.796 0.221
E) Pers. warp + Pers. sample 28.76 0.798 0.219

Table 4. Ablation study on the “pillar” scene of the Free dataset.
F2-NeRF with perspective warping and sampling achieves the best
quantitative results.

5. Conclusion

In the NVS task of unbounded scenes, previous NeRF
methods mainly rely on the NDC warping or the inverse
sphere warping to process the forward-facing camera trajec-
tory or the 360◦ object-centric trajectory. In this paper, we
conduct an in-depth analysis of the space warping function
and propose a novel perspective warping, which is able to
handle arbitrary input camera trajectories. Based on the per-
spective warping, we develop a novel F2-NeRF in the grid-
based NeRF framework. Extensive experiments demonstrate
that the proposed F2-NeRF is able to render high-quality
images with arbitrary trajectories while only requiring a few
minutes of training time.
Potential negative societal impact. F2-NeRF can be possi-
bly used for misleading fake image generation.
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