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Abstract

In this report, we summarize and implement BARF:
Bundle-Adjusting Neural Radiance Fields, elaborate our
approach and the challenges we encountered during the
process, and show the results, comparing them to the results
reported in the original paper. BARF, which allows training
of NeRF without accurate camera pose information, is mo-
tivated by extending the 2D image alignment problem into
3d using Neural Radience Fields, and the key idea is to in-
corporate coarse-to-fine positional encoding. We encoun-
tered some challenges when trying to implement our ver-
sion of BARF, such as implementing NeRF correctly, and
calculating the pose distance. The experimental results con-
firm the claims in the original paper. Code is available at:
https://github.com/mujjingun/BARF

1. Introduction
Motivation The problem with NeRF [3] is that accurate
camera pose information must be provided in order to train
the model. However, this assumption is unrealistic, since
obtaining accurate camera pose information is impossible
in most realistic scenarios. To this end, BARF [1] was pro-
posed, which can recover accurate camera pose information
only from a set of images and noisy camera pose informa-
tion, or even from no camera pose information at all.

Problem Setup The input of BARF is a set of images, and
the output of BARF is a neural radiance field, which takes
3D coordinates, and predicts a color value. During the train-
ing phase, BARF minimizes the sum of the MSEs between
each input image and the scene representation rendered with
the trainable pose parameter, with respect to both the cam-
era poses and the NeRF parameters. However, naively ap-
plying the above framework, the authors run into the prob-
lem of the pose parameters falling into poor local minima.
So the authors propose coarse-to-fine positional encoding.
Positional encoding helps NeRF take into account finer de-
tails in the object. Using coarse (less components) posi-
tional encoding makes the scene representation smoother,
but also lack detail, whereas using fine (more components)

positional encoding makes the scene sharper and able to
express more detail. BARF gradually increases the num-
ber of positional encoding components during training, so
that the initial smooth signal can guide the camera poses
into roughly the correct spots, before learning high-fidelity
scene representation, which is prone to bad local minima.

Key Challenges Implementing BARF is challenging in
several ways:

• Implementing NeRF from scratch correctly

• Implementing the differentiable rigid transformation
function W

• Implementing the coarse-to-fine positional encoding

Implementation Details We implemented the following
parts by ourselves:

• 2D planar alignment section

• NeRF model & training code

• Coarse-to-fine positional encoding code

• Differentiable rigid transformation

No external collaborators were utilized for our implemen-
tation. We used the PyTorch3D library for the se(3) expo-
nential map transformation.

Experimental Setup We reproduce all of the experiments
reported in the main text of the paper, namely:

• 2D planar alignment experiment

• Blender scene experiment
(w/o pos enc, full pos enc, BARF)

• LLFF real-world dataset experiment
(w/o pos enc, full pos enc, BARF)

Summary of Achievements In summary, our achieve-
ments are:

• Implementing BARF correctly

• Reproducing the experiment results reported in the
original paper.
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2. Method Summary

NeRF To construct the 3D scene, NeRF uses the concept
that how the camera renders the 2D image from the 3D
scene. For the given training image, first, they select the
pixel and render the pixel color using the rendering proce-
dure along the ray which connects the camera viewpoint and
selected pixel. The rendering procedure consists of 3 steps;
1. Sample points along the ray, 2. Compute the color and
density of each point using MLP, 3. Render color using ren-
dering equation. After rendering the color of the pixel, they
optimize the model using the L2 distance between ground
truth color and rendered color as a loss function. Moreover,
to improve the result quality, they apply positional encoding
that map input into higher dimensional space and hierarchi-
cal sampling that samples points following the distribution
which is produced by network output density.

BARF BARF uses the coarse-to-fine positional encoding
in order to prevent the trainable pose parameters from get-
ting stuck in poor local minima, while jointly minimizing
the sum of each image’s MSE loss with respect to the NeRF
parameters and the camera poses.

Problem Setup The input of BARF is a set of images
I1; : : : ; IM , and the output of BARF is a neural radiance
field f(x; Θ) parameterized by Θ, which takes 3D coor-
dinates x, and predicts a color value. During the training
phase, BARF minimizes the following objective with re-
spect to both the camera poses pi’s and the NeRF parame-
ters Θ:

min
p1;:::;pM ;�

M∑
i=1

∑
u

∥∥∥Î(u;pi;Θ)− Ii(u)
∥∥∥2

2
; (1)

where

Î(u;p) = g (f(W(z1ū;p); Θ); : : : ; f(W(zN ū;p); Θ))

denotes the voluemtric rendering of the radiance field rep-
resented by f at pixel position u ∈ R2 and pose p. The
pose parameter p ∈ R6 is parameterized with the se(3) ex-
ponential map. W(zū;p) is the rigid transformation func-
tion, which must be differentiable and transforms a 3D point
zū in camera coordinates into world coordinates using the
camera pose p. Inside f , the positional encoding is applied.
The coarse-to-fine positional encoding of a coordinate x is
defined as follows:

PosEnc(x; �) = [x; 
0(x; �); : : : ; 
L�1(x; �)] ; (2)

where the k-th frequency component 
k is defined as


k(x; �) = wk(�) · [cos(2k�x); sin(2k�x)]; (3)

where the weight w is defined similar to the Hanning win-
dow from Signal Processing:

wk(�) =


0 if � < k
1�cos((��k)�)

2 if 0 ≤ �− k < 1

1 if �− k ≥ 1:

(4)

3. Implementation Details
We use pytorch to implement all of the methods.

3.1. 2D Planar Image Alignment

We use F.grid sample from pytorch for extracting
patches using a grid of coordinates, and matplotlib library
for visualizing the warps. The coordinate transformation is
implemented using the sl(3) homography map with 8 pa-
rameters, consulting [2]. For the objective, we use the fol-
lowing MSE formulation found in the original paper.

min
p2,3,4,5;�

5∑
i=1

∑
x

∥f(W(x;pi); Θ)− Ii(x)∥;2

where pi is the learned warp of the i-th patch. p1 is fixed to
the identity [0; 0; 0; 0; 0; 0; 0; 0], as in the original paper.

3.2. NeRF

To implement NeRF correctly, we split overall NeRF
code as the 5 parts such that (1) Constructing Network,
(2) Data Loading, (3) Sampling Points, (4) Rendering
Color, and (5) Positional Encoding. First of all, for con-
structing the network, we use torch.nn module and de-
fine the model using our implementation. Next, we im-
plement dataset loading part by referring nerf-pytorch [4].
Especially, we use nerf-pytorch code for loading the LLFF
dataset because of its complex structure. The sampling part
is implemented based on uniform sampling along the ray,
and the rendering part is implemented based on the render-
ing equation Ĉ(r):

Ĉ(r) =

N∑
i=1

Ti(1− exp(−�i�i))ci;

where Ti = exp(−
i�1∑
j=1

�j�j)

(5)

which is proposed in the NeRF paper. Especially, alpha
compositing and depth rendering is not mentioned in the
main paper, we borrow those parts from nerf-pytorch code.
Lastly, we implement positional encoding based on Equa-
tion 6. We do not implement hierarchical sampling since it
is not used in the whole BARF experiments.

PosEnc(x) = [x; 
0(x); : : : ; 
L�1(x)] ;

where 
k(x) = [cos(2k�x); sin(2k�x)]
(6)
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3.3. BARF

The main difference between NeRF and BARF is that
BARF updates camera poses in the optimization step.
Moreover, to make camera pose alignment well, BARF
adopts coarse-to-fine positional encoding which enables
both avoiding local minima of camera poses and repre-
senting high fidelity results. Except for these two differ-
ences, remain training procedure is almost the same as
NeRF. Thus, we use scratch NeRF that we implemented as
the baseline and add coarse-to-fine positional encoding and
trainable camera pose parameters to implement BARF.

Coarse-to-fine positional encoding The only difference
between the original positional encoding and coarse-to-fine
positional encoding is multiplying weight function wk(�)
(Equation 4) to each frequency component. Thus, we ap-
pend weight function to original positional encoding code
that we implemented for NeRF.

Differentiable rigid transformation The differentiable
rigid transformation is implemented as a matrix multipli-
cation between the original world-to-camera pose matrix
and the transformation matrix given by the se(3) expo-
nential map, parameterized by 6 values. We used the
transforms.se3 exp map library function from py-
torch3d for the computation of the se(3) exponential map.

4. Experimental Results

We perform 2 types of experiments such that 2D planar
image alignment and BARF. For 2D planar image align-
ment, we use the same cat image from the original pa-
per. Since we couldn’t find the exact values for the random
warps for the patches, we used a different set of warps for
our experiment. For BARF, we use NeRF Synthetic dataset
(called Blender dataset) and the LLFF Real-World dataset.
Both datasets contain 8 objects. For quantitative compar-
ison, we use PSNR, SSIM, and LPIPS as metrics that are
used in both NeRF and BARF original papers. Every ex-
periment settings are the same as the original paper except
that we use 512 sampled points per ray in inference time
(In training time, we use 128 points per ray which is the
same as the original paper). This difference makes the out-
put quality a little bit better but not significant.

4.1. 2D Planar Image Alignment

Following the original paper’s settings, we extract five
random patches from the original image, and then optimize
for the MSE between the patches and the reconstructed im-
age with respect to both the pose parameters and the neural
image representation. We show the quantitative results of
the 2D planar alignment in Table 1, and the qualitative re-
sults in Figure 1. Unlike the original paper, the sl(3) error of

Ground-truth warps

Input Image Patches
Full Positional Encoding Without Positional Encoding BARF

Figure 1. Qualitative results of the planar image alignment ex-
periment. Left: The ground-truth warps and the extracted image
patches. Right: Visualization of the trained image representation
(top row), and the learned warps (bottom row).

positional encoding sl(3) error patch PSNR

naive (full) reported 0.2949 23.41
ours 0.1917 24.16

without reported 0.0641 24.72
ours 1.7891 22.71

BARF reported 0.0096 35.30
ours 0.0155 29.64

Table 1. Quantitative results of the planar image alignment ex-
periment. We denote the values reported in the original paper
as “reported”, and the values obtained by our implementation by
“ours”. Note that our values cannot be directly compared to the
original paper’s.

the version that does not use any positional encoding (with-
out) is very high. The main reason for this is that the learned
warp parameters are very sensitive to the input configura-
tion. We had to use a different warp configuration from the
original paper, since we couldn’t find the warps parameter
values used in the original paper. We can observe that only
BARF is capable of reconstructing the original warp param-
eters, thus reconstructing the original image in the area cov-
ered by the patches correctly.

4.2. BARF: 3D Synthetic Objects

We use the blender synthetic dataset for the NeRF ex-
periment. Our experiment setting for synthetic objects is
totally the same as the original paper. In detail, we first
convert camera poses (extrinsic) into p ∈ R6 which is the
element of se(3) Lie algebra, and then give pose perturbs
following Gaussian distribution with mean 0 and standard
deviation 0.15. We show the quantitative results in Table 2,
and show the qualitative results in Figure 2. Unlike the orig-
inal paper, the result using full-positional encoding is pretty
good. It has much less camera pose error compared to the
original paper. Even for Chair scene, using full-positional
encoding achieves the best performance. Thus, we can think
that there could be some wrong implementation in the orig-
inal paper. Also, we can notice that the quality is similar
to or even better than BARF results. The main reason that
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