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ABSTRACT

Neural Radiance Fields (NeRF) has received much attention recently due to its im-
pressive capability to represent 3D scene and synthesize novel view images. Ex-
isting works usually assume that the input images are captured by a global shutter
camera. Thus, rolling shutter (RS) images cannot be trivially applied to an off-the-
shelf NeRF algorithm for novel view synthesis. Rolling shutter effect would also
affect the accuracy of the camera pose estimation (e.g. via COLMAP), which fur-
ther prevents the success of NeRF algorithm with RS images. In this paper, we
propose Unrolling Shutter Bundle Adjusted Neural Radiance Fields (USB-NeRF).
USB-NeRF is able to correct rolling shutter distortions and recover accurate camera
motion trajectory simultaneously under the framework of NeRF, by modeling the
physical image formation process of a RS camera. Experimental results demonstrate
that USB-NeRF achieves better performance compared to prior works, in terms of
RS effect removal, novel view image synthesis as well as camera motion estimation.
Furthermore, our algorithm can also be used to recover high-fidelity high frame-rate
global shutter video from a sequence of RS images. Code and data are available at
https://github.com/WU-CVGL/USB-NeRF.

1 INTRODUCTION

Understanding and recovering 3D scenes from 2D images is a difficult but important problem in com-
puter vision. Different from a 2D image which can be naturally formulated as an array of pixel values,
there are many 3D representations to depict a 3D scene, such as the commonly used point clouds (
, ), height-map ( s ), voxel grids ( R
, ) and 3D triangular meshes ( s ). Each has its own advantages
and limitations. Recently, implicit neural representation by Neural Radiance Fields (NeRF) (

, ) has drawn great attention, due to its impressive 3D representation capability. NeRF
represents the scene with a Multi-layer Perception (MLP) network. It takes a 5D vector (i.e. the 3D
position and 2D viewing direction of a query point) as input and outputs the corresponding radiance
and volume density of the query point. The pixel intensity is then accumulated by differentiable vol-
ume renderlng ( , ; , ). The parameters of the MLP network can be estimated by
maximizing the photo-metric consistency across images captured from different viewpoints.

To obtain a good representation of the 3D scene with NeRF, both high-quality images and correspond-
ing accurate camera poses are usually necessary. However, it is usually difficult to acquire such perfect
inputs in real-world scenarios, as real images can be easily degraded by motion blur, de-focus, rolling
shutter (RS) effect etc. Different from the commonly assumed global shutter camera model by NeRF,
rolling shutter cameras capture images row by row sequentially, as illustrated in Figure 3. Differ-
ent rows of the image are thus scanned at different timestamps, which would lead to rolling shutter
distortions if it is captured by a moving camera. Neglecting these distortions usually can lead to per-
formance degradation in 3D reconstruction, motion estimation as well as camera localization etc., via
rolling shutter images. A trivial solution to mitigate the effect of the rollmg shutter dlstortlons is to
apply a state-of-the-art RS effect correction algorithm ( ,

) to pre-process the images before they are fed into downstream tasks However those methods
usually require to be pre-trained by a large dataset, which can be expensive to obtain in real-world sce-
narios. The generalization performance of those pre-trained networks is also limited as demonstrated
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Figure 1. Given a sequence of rolling shutter images, our method is able to simultaneously learn the undistorted
3D scene representation and recover the continuous-time camera motion trajectory. Global shutter images with
removed rolling shutter effect can then be rendered from the learned 3D representatitinrd’fmv presents

residual images (the darker the better) that are de ned as the absolute difference between the corresponding
images (rst row ) and ground truth global shutter images.

in our experiments. Therefore, we propose unrolling shutter bundle adjusted neural radiance elds in
this paper. The proposed method is able to learn the 3D representation and recover the camera motion
trajectory simultaneously. High quality un-distorted global shutter images can be further synthesized
(i.e. with RS effect removed) from the learned 3D scene representation.

In particular, we propose to represent the 3D scene with NeRF and model the camera motion trajectory
with a differentiable continuous-time cubic B-Spline in BE(3) space. Given a sequence of rolling
shutter images, we aim to optimize the camera motion trajectory (i.e. estimate the parameters of the cu-
bic B-Splines) and learn the implicit 3D representation simultaneously. The optimization is achieved
by formulating the real physical image formation process of an RS camera, and maximizing the pho-
tometric consistency between the rendered and captured RS images. The method thus does not require
any pre-training and would have better generalization performance compared to prior learning-based
works as demonstrated in our experiments. Given the estimated continuous-time motion trajectory
and the learned 3D scene representation, we can further recover the global shutter images in arbitrary
desired frame-rate in high quality. We dub our methodl&8-NeRF-i.e., Unrolling Shutter Bundle
Adjusted Neural Radiance Fields.

Extensive experimental evaluations are conducted with both synthetic and real datasets, to evaluate the
performance of our method. The experimental results demonstratd $aiNeRFachieves superior
performance compared to prior state-of-the-art methods (e.g. as shown in Figure 1) in terms of rolling
shutter effect removal, novel view image synthesis as well as camera motion estimation.

2 REeLATED WORK

We review the related works in two main areas: neural radiance elds and rolling shutter effect cor-
rection, which are the most related to our work.

Neural Radiance Fields.NeRF has received lots of attention recently due to its impressive capability

to represent 3D scenes ( ( ). Many extensions have been proposed to further

improve its performance. For example; (

( ); ( ); ( ) proposed approaches to accelerate its training and

rendering ef ciency. Other extensions also explore NeRF for dynamic scenes ( ( );
( ); ( ); ( )) and scene editing ( ( );

( ); ( ); ( )). Apart from this, there are also many variants
have been proposed to address the training of NeRF with imperfect inputs, such as with unknown
or inaccurate poses ( ( ); ( ); ( ); ( N,
with degraded images (e g. blurry images ( ); ( ), dark/noisy images

( ), low dynamic range images ( )), or with a
limited number of mput images etc. ( ( ); ( ); ( );

(2022); (

We will review those methods in detail which are the most related to our work as follows. To overcome
the effect of inaccurate camera poses, NeRF-- ( ( )) sets the camera poses as learnable
parameters and optimizes them with the weights of NeRF jointly by minimizing the photo-metric loss.
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GNeRF ( ( )) further integrates an additional adversarial loss into the training of the
whole pipeline to have a better camera pose estimation. BARF ( ( )) and L2G-NeRF
( ( )) propose to gradually apply the positional encoding to achieve a coarse-to- ne

training strategy, to better constrain the training of the network and camera pose estimation. Although
these methods have achieved impressive results with imperfect poses, images with rolling shutter
effect are still a problem for NeRF. Prior works usually assume a global shutter camera model and
use a single transformation matrix to represent the pose of each view. They are thus not suitable for
rolling shutter camera model, in which each row has different poses. We therefore parameterize the
whole motion trajectory of the RS image sequence with a differentiable continuous-time cubic B-
Spline parameterized in tHf&E(3) space. We then formulate the image formation process of a rolling
shutter camera into the joint training of NeRF and the parameter estimations of the cubic B-Splines.

Rolling Shutter Effect Correction. RS effect removal is a challenging problem, and many related

methods have been proposed over the last decades ( ); ( );
(2016); (2017); (2018); (2018) etc. We
will detail several recent state-of-the-art methods as follows. ( ) propose to recover

the camera poses and sparse 3D geometry from a sequence of rolling shutter images. They assume
a piece-wise linear motion model for each frame and propose a sparse bundle adjustment solver for
rolling shutter cameras. ( ) present a mixture model of homographies to model
rolling shutter distortions of video streams. ( ) later develop an RS-aware differential
Structure from Motion (SfM) algorithm to estimate the relative poses of two consecutive RS images
and then rectify the distortions. As for unorganized RS images, RS effect correction has been shown
to suffer from severe degeneracy ( ( )). To mitigate the degeneracy of rolling-shutter
(RS) SfM, ( ) propose to add a critical camera motion constraint; ( )
and ( ) propose to employ dual RS images with reversed directions to avoid the
ambiguity. Deep-learning-based approaches have also been proposed to address RS effect correction
recently. ( ) propose a convolutional neural network (CNN) to estimate the
row-wise camera motion from a single RS image. ( ) and ( ) design
special shutter unrolling networks to recover the global shutter image from two consecutive images.

( ) and ( ) further developed Acceleration-Net and bilateral motion eld
approximation model to achieve RS temporal super-resolution. While those methods deliver state-
of-the-art performance, they usually require a large dataset for network training. Those datasets are
usually expensive to obtain in practice and further limit their generalization performance to images
with different characteristics (as shown in our experiments). In contrast, our method does not require
any pre-training with large datasets and would thus have no generalization issues.

3 METHOD

In this section, we present the details of our unrolling shutter bundle adjusted neural radiance elds
(USB-NeRF). USB-NeRF takes a sequence of rolling shutter images as input. It then learns the under-
lying 3D scene representation and recovers the continuous camera motion trajectory simultaneously,
by maximizing the photo-metric consistency between the rendered and captured RS images. The
learned 3D representation is free of rolling shutter distortions and thus able to be used for arbitrary
frame-rate global shutter image/video synthesis, provided the recovered continuous-time camera mo-
tion trajectory. The details of the method are shown in Figure 2. We will detail each component as
follows.

3.1 NEURAL RADIANCE FIELDS

We represent the 3D scene implicitly with a Multi-layer Perceptron (MLP) network. We adopt the
original architecture of NeRF proposed by ( ). More advanced variants of NeRF,
such as voxel-based NeRF representation with improved ef ciency from ( ) are also
feasible to be used for our method.

Given a camera view with known pose, we can render its corresponding image from the implicit
3D representation by using volume rendering. For convenience, we present the steps to render the
intensity of a particular pixel to illustrate the concept. The rendering procedures of other pixels are
the same. To render the pixel intendifx) at pixel locatiornx for a particularimage with posey’, wi

can query the radiance and volume density of each 3D point along the ray from camera center to the
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Figure 2: The pipeline of USB-NeRF.Given a sequence of rolling shutter images, we train NeRF to learn the
underlying undistorted 3D scene representations. We parameterize the camera motion trajectory of the image se-
guence by a continuous-time cubic B-SplineSIiE(3) space. Given the capturing time for each row of the rolling

shutter image, we can interpolate its pose from the spline. Each rolling shutter image can then be synthesized
by rendering all the image rows (i.e. each with different poses) from NeRF. By maximizing the photo-metric
consistency between the synthesized and captured RS images, we can learn the underlying 3D scene representa-
tion and recover the camera motion trajectory. Global shutter images can then be rendered from the learned 3D
representation with known camera poses.

3D space passing through The pixel intensity (i.el (x)) can then be computed by accumulating the
sampled radiance and volume densities along the ray. The whole procedure can be formally de ned
as follows.

Assume the sampled 3D point along the ray has depits 3D positionX " in the world coordinate
frame can be computed by (assuming the camera has a pin-hole model):

o=k 7 ; (1)
XW=TY d 2)

whered® is the ray direction de ned in the camera coordinate fralhés the camera intrinsic matrix,

X is its 2D pixel coordinate, an@ ¥’ is the transformation matrix used to convert a 3D vector from
the camera coordinate frame to world coordinate frame. We can then query the MLP nE&twork
parameterized by for the radiance and volume density of the sampled 3D poirX " by:

(c; )=F (L. (X"); L (@™)); 3)
whered” = R¥ d°is the viewing direction of the ray de ned in the world coordinate fraiRé,
is the rotation matrix which transforms vectors from camera frame to world frame, amgresents

positional encodings fox¥ andd% ( , ). The nal pixel intensity can then be
computed fronN sampled 3D points along the ray via:

X
Ix)= Ti@ exp( ii)ci; 4
i=1
wherec; and ; are the predicted radiance and volume density of th@oint by Eq. 3 respectively,
i = X X{ ,isthe distance between two adjacent points, Bnepresents the transmittance
of thei" point and can be computed by:
X1
Ti = exp( K k) (5)
k=1

According to the above derivations, we can see Ljg) is also a function of the camera posé .
Since the whole rendering procedure is differentiabl§,can thus also be relaxed as a free parameter
to be optimized during the training of the MLP network (Fe.) ( , ).

3.2 FROLLING SHUTTER CAMERA MODEL

Different from global shutter cameras, each scanline/image row of the rolling shutter camera is cap-
tured at different timestamps. Without loss of generality, we assume the readout direction of RS cam-
era is from top to bottom as shown in Figure 3 in our formulation. This process can be mathematically
modeled as (assuming in nitesimal exposure time):

(170N = [P ()i (6)

4
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wherel " (x) is the rolling shutter imagdl (x)]; denotes an operator which extracts tferow from
imagel (x), 17(x) is the global shutter image captured at the same pose &4 thaw of 1" (x). We
denote the pose of th& row ofl (x) asT ¢ . Thus, provided the 3D representation by NeRF and the
known pose§ ¢ fori =0;1;::;;(H 1), whereH is the height of the image, we can easily render
the correspondmg rolling shutter imabeXx).

From the above derivations, we can see thigk) is a function of (i.e. the weight of the MLP
network), andl ¢/ fori =0;1;::;;(H  1). Furthermore, we can also nd thét(x) is differentiable
with respect toTW and . It thus lays the foundation for our bundle adjustment formulation with a
sequence of rolllng shutter images.

3.3 CAMERA MOTION TRAJECTORYMODELING

To do bundle adjustment optimization with a se-
guence of rolling shutter images, we need to pa-
rameterize the pose of each row for each image
as shown in the previous section. Commonly
used parameterization is to assign a 6 DoF pose
to the rst row of each image and then do lin-
ear interpolation for subsequent rows (

- ). Instead of using such kind of sim- ) Ryjling shutter (b) Global shutter
ple Im.ear motion mOd.eI’ We propose touse (.:Ubl'—cgure 3:Image formation models of a rolling shutter
B-Splines parameterized in tr&E(3) space in camera and a global shutter camera respectivelylt
this work, which can handle more realistic comgemonstrates that each row of a rolling shutter image is
plex camera motions ( , ¢aptured at different timestamps, and would thus lead to
Experimental ablation studies also verify thett“ager distortions if the image is captured by a moving
cubic B-Splines formulation delivers better per-
formance than the simple linear motion model for complex motions.

We use a sequence of control knots with posgs* fori = 0;1;:::;n, to represent the spline. For
brevity, we denotd ¥ with T; for subsequent derivations. We assume the control knots are sampled
with a uniform tlme mterval t and the trajectory starts froy. Spline with a smaller t can
represent a smoother motion, with an expense of more parameters to optimize. Since four consecutive
control knots determine the value of the spline curve at a particular timestamp, we can thus compute
the starting index of the four control knots for timhéy:

t to
t

whereb c is the oor operator. Then we can obtain the four control knots responsible forttase

Tk, Tker, Tkez andT 43 . We can further de nes = %2k, whereu 2 [0; 1) to transfornt into

a uniform time representation. Using this time representation and based on the matrix representation
for the De Boor-Cox formula (Qin, ), we can write the matrix representation of a cumulative

basisB (u) as

k=b C (7)

213 03

26 0 O
_ uz. _1lg5 3 3 17,
suw=clps; c=:8; 3 J L (8)
ud 00 0 1
The pose at timé can then be computed as:
\2
T(u)= Tk expB(u)j+1  k+j); 9

j=0
whereB (u); +1 denotes th¢j + 1) th element of the vectds (u), k+j = Iog(Tk}j Trej+1).

From the above derivations, we can see that the interpolated camera poses are functions of the poses
of the control knots. They are also differentiable with respect to the poses of those control knots.

*Here we abuse the same notation as the previously de ned transformation matrix 'bf tbe of the rolling
shutter image.
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3.4 LOSSFUNCTION

Given a sequence of rolling shutter images, we can then estimate the learnable paramwicheRF
as well as the camera motion trajectory parameterized by cubic B-Splin€ ¢i.€.1; :::; andT ), by
minimizing the photo-metric loss:

l\y( 1
L= 1T (x) T (x) ) (10)

m=0

whereM is the number of input images;, (x) is the captured rolling shutter image, afg(x) is

the rendered rolling shutter image from NeRF, with known camera intrinsic parametei3,€:c).

is a function of as well as part of the control knots' poses of the whole trajectory. We implement
the above equations with PyTorch and exploit its automatic differentiation module to compute the
Jacobian for back-propagation.

4 EXPERIMENTS

4.1 DATASETS

Synthetic datasets. We use the scripts provided by ( ) to synthesize 4 datasets with the
Unreal game engine (i.e. Unreal-RS-BlueRoom, Unreal-RS-LivingRoom, Unreal-RS-WhiteRoom,
Unreal-RS-Adornment) and 2 datasets with Blender (i.e. Blender-RS-Factory, Blender-RS-Tanabata).
We adopt the real motion trajectories from ETH3D ( , ) (i.e. the challenging shaky
sequences) to synthesize the images. Since the ground truth pose of ETH3D dataset has only 100 Hz,
we further interpolate the trajectories with cubic spline to have a continuous-time representation. We
rst capture GS images in the Unreal game engine and Blender at the frequency of 10,000 Hz, then
synthesize RS images by simulating the physical image formation process of an RS camera. We con-
gure the scanline readout time as 108 and the image resolution as 76880 pixels. We generate

40 RS images in total for Unreal-RS-BlueRoom, Unreal-RS-LivingRoom, Unreal-RS-WhiteRoom in-
dividually and 80 RS images for Unreal-RS-Adornment, Blender-RS-Factory, Blender-RS-Tanabata.
We also evaluate our method on a public synthetic dataset (i.e. Cafl§-RS , )) for fair
comparisons against other methods.

Real datasets. We captured 5 sequences using GoPro HEROG6 Black, Canon camera (EOS M3), and
iPhone 14 Pro. All rolling shutter images are captured at the frequency of 30 Hz. The scanline readout
time of aforementioned 3 cameras is approximately 13898.52 s and 3.70 s, respectively. We

also evaluate our method on the public real-world dataset TUM-RS ( , ). TUM-RS
consists of 10 real challenging indoor sequences of rolling shutter images, which are originally used
for RS visual-inertial odometry evaluations. It records RS images, groundtruth motion trajectories
at the frequency of 20 Hz and 120 Hz, respectively. The scanline readout time of the RS camera is
approximately 29.47 s. As whole sequences are too long for NeRF to process, we choose a subset
frames from each sequence. Details are presented in the Appendix A.2. Since there are no pixel-
aligned RS-global shutter image pairs for this dataset, we only evaluate the accuracy of recovered
camera motion trajectories. We also provide additional qualitative comparisons on the RS effect
removal against its nearest neighbor global shutter images.

4.2 BASELINE METHODS AND EVALUATION METRICS

Baselines.We compare our method against learning-free method DiffSfM ( , ) and
several learning-based state-of-the-art rolling shutter effect removal methods, e.g. DSUN ( ,
), SUNet ( , ), RSSR ( , ), CVR ( , ). Those learning-

based methods usually take two consecutive images as input and train a deep network to recover the
corresponding global shutter image. The network training usually requires a large dataset, which
would be expensive/dif cult to obtain in real scenarios. For fair comparisons, we use the of cial pre-
trained models (of those baseline methods) for evaluations with Carla-RS dataset. However, for the
newly synthesized datasets (e.g. Unreal-RS) as well as the real TUM-RS dataset, we are unable to

"We nd that COLMAP ( , ) is hardly to recover the poses of the Fastec-RS dataset
( ), which is used to initialize our method. We did not evaluate on this dataset.
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Table 1:Ablation studies for motion trajectory parameterization. USB-NeRF-lin-nodepdenotes the trajec-

tory is parameterized with linear interpolation and there is no dependency between neighboring Bi&Bes.
NeRF-cub-nodepdenotes the trajectory is parameterized with cubic B-Spline and there is no dependency be-
tween neighboring frames. The experimental results demonstrate that cubic B-Spline parameterization performs
better than linear interpolation in general, and the pose dependency between frames is also necessary.

Carla Blue Room Living Room White Room
PSNR SSIM" LPIPS#|PSNR SSIM' LPIP$|PSNR SSIM' LPIPS#|PSNR SSIM' LPIPS#

USB-NeRF-lin-nodeg 16.78 0.551 0.2864 19.16 0.590 0.154¢ 16.42 0.580 0.3598 15.71 0.469 0.3327
USB-NeRF-cub-nodep 17.52  0.569 0.2501 17.77 0.544 0.200% 16.73 0.582 0.3375 15.89 0.471 0.2976
USB-NeRF-linear | 32.15 0.892 0.0704| 27.74 0.847 0.0928 29.01 0.858 0.1080) 26.18 0.806 0.1040
USB-NeRF-cubic | 31.90 0.889 0.0701| 31.85 0.909 0.0573 34.89 0.939 0.041% 30.57 0.892 0.0576

ne-tune those methods due to a limited number of images. We, therefore, use the of cial pre-trained
models for evaluations. Additionally, we also compare against the performance of the original NeRF
( , ) and BARF ( , ) assuming the inputs are global shutter images
with poses computed by COLMAP ( , .

Evaluation metrics. We evaluate the performance regarding rolling shutter effect removal and novel
view image synthesis with the commonly used metrics, e.g. PSNR, SSIM and LPIPS (
), between the recovered global shutter images and the ground truth global shutter images. We
also compute the absolute trajectory error (ATE) against that estimated by COLMAP (
, ), BARF ( , ) RSBA ( , ) and NW-RSBA (
), which is the most related to ours. The ATE error metric is commonly used for trajectory
estimation evaluations in the visual odometry community.

4.3 EXPERIMENTAL RESULTS

Ablation studies We evaluate four different camera pose interpolation strategies, to justify the ad-
vantage to use cubic B-Spline for whole trajectory parameterization. Besides cubic B-Spline, we also
explore the linear interpolation strategy used in ( ), which assigns the rst row of
each RS image a pose parameter {I.€) and then do linear interpolations for subsequent rows by
using two neighboring poses (i.€; andT ;.1 ). These two strategies bring in additional constraints
between neighboring frames, i.e. the pose of a particular row inthglame would also depends

on the pose of thé + 1) frame. To relax this constraint, we also experiment with two additional
strategies. We parameterize the camera trajectory for each RS image independently, i.e. assigning
four control knots for each RS image for cubic B-Spline parameterization, and two control poses (i.e.
T start @andT eng ) for the linear interpolation case.

We conduct experiments with the synthetic Carla-RS and the Unreal-RS datasets, by evaluating the
rolling shutter effect removal performance in terms of PSNR, SSIM and LPIPS metrics. The ex-
perimental results are presented in Table 1. The results demonstrate that the optimization cannot be
properly constrained if there is no pose dependency between neighboring frames. It can be explained
by the degeneracy analysis for rolling shutter structure from motion (SfM) done by ( ),
which states that near parallel readout directions of RS images would lead to degenerate solutions for
SfM. The pose dependency by the other two parameterizations would bring in additional constraints
to avoid the degenerate solutions, which are veri ed by the experimental results.

The results also reveal that cubic B-Spline interpolation performs similarly to linear interpolation if
the camera moves at a constant velocity (e.g. Carla-RS dataset). However, it performs much better
than linear interpolation, if the camera has realistic complex motions (e.g. Unreal-RS dataset). There-
fore, we present experimental results for subsequent evaluations with the cubic B-Spline interpolation
unless explicitly stated.

Quantitative evaluation results. We evaluate the performance of our method against other state-
of-the-art methods in terms of rolling shutter effect removal and the accuracy of trajectory estimation,
with both synthetic and real datasets. Table 2 presents the rolling shutter effect removal comparisons.
It demonstrates that our method performs similarly to prior learning-based methods if those methods
are trained on the respective dataset (e.g. Carla-RS dataset). However, those learning-based methods
exhibit poor generalization performance when no ne-tuning on new dataset is performed (e.g. Unreal-
RS dataset), while our method delivers good performance consistently, as our method does not rely
on pre-training. Our method also performs better than learning-free method DiffSfM ( ,
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Table 2: Quantitative comparisons on the synthetic datasets in terms of rolling shutter effect removal.
Experimental results demonstrate that our method performs similarly to other learning-based methods on the
Carla-RS dataset, on which those networks have been properly trained. However, our method performs much
better on the Unreal-RS dataset, due to the poor generalization performance of other methods. USB-NeRF also
performs better than the original NeRF and BARF, since they did not model the rolling shutter effect in their
formulation.

Carla Blue Room Living Room White Room
PSNR SSIM' LPIPS# |PSNR SSIM' LPIPSt|PSNR SSIM' LPIPS#|PSNR SSIM' LPIPS#
DiffSfM( , )] 2420 0.775 0.1322 17.10 0.497 0.2073 18.68 0.601 0.223¢ 14.94 0.469 0.2218
DSUN ( , ) 26.46 0.807 0.0703 21.25 0.682 0.1746 23.22 0.762 0.1507 20.45 0.643 0.1852
SUNet ( , ) | 29.18 0.850 0.0658 23.32 0.721 0.1513 26.64 0.7957 0.1167 22.37 0.6866 0.1422
RSSR ( , ) | 2478 0.867 0.0695 22.15 0.731 0.1369 22.14 0.770 0.1258 19.19 0.697 0.1392
CVR ( , ) 31.74 0.929 0.0368 23.25 0.745 0.1268 23.14 0.785 0.1141 20.85 0.715 0.1212
NeRF ( , ) 20.85 0.620 0.1734 19.12 0.569 0.3289 21.44 0.682 0.3495% 18.29 0.509 0.4104
BARF ( s ) 20.95 0.664 0.1845 19.14 0.576 0.3446 21.48 0.690 0.334] 1843 0.545 0.3837
USB-NeRF (ours) 31.90 0.889 0.0701] 31.85 0.909 0.0573 34.89 0.939 0.041% 30.57 0.892 0.0576

Table 3:Quantitative comparisons on both synthetic and real datasets in terms of the accuracy of trajectory
estimation for translation error (m). The experimental results demonstrate that rolling shutter distortions affect

the accuracy of motion trajectory estimations. Due to proper modelling, our method performs much better than
state-of-the-art methods. It also demonstrates that cubic B-Spline interpolation is superior to linear interpolation.
The ATE metrics of the TUM-RS ( ) dataset are averaged over 10 sequences and details

oégvgrn){:gequence are presented in the Appendix ‘A3 (Table 8). x denotes method failed on the corresponding
sequ

| COLMAP BARF RSBA NW-RSBA  USB-NeRF-linear USB-NeRF-cubic
Carla 1931 .1090 .2245 .1293 .1923 .0959 .2720 .1404 .0570 .0335 .0530 .0342

Blue Room .1593 .0949 .1446 .0819 .0640 .0308 X .0062 .0035 .0013 .0013
Living Room .0967 .0422 .0919 .0400 .1010 .0400 X .0144 .0089  .0035 .0025
White Room .1097 .0422 1191 .0521 .1210 .0410 X .0115 .0067  .0044 .0033
Adornment .3269 .1952 .3918 .2189 X X .0536 .0834  .0162 .0122
Factory .2443 .1003 .2149 .1326 X X .0123 .0076  .0072 .0052
Tanabata .1397 .0745 .1957 .1020 X X .0154 .0085 .0130 .0077
TUM-RS | .0486 .0228 .0873 .0391 .0688 .0322 .1374 .0664 .0150 .0104  .0136 .0090

) for all datasets. Additional experimental results in terms of rolling shutter effect removal on
other synthetic sequences are presented in Appendix A.3 (Table 7).

The results shown in Table 2 also reveal that original NeRF ( , ) and BARF (

, ) cannot deliver satisfying results if the rolling shutter image formation process is not
explicitly considered. Even BARF ( , ) also optimizes the camera poses to eliminate
the effect of inaccurate poses, it still cannot learn the correct underlying 3D representations, which
delivers poor recovered global shutter images.

Table 3 presents the camera motion trajectory estimation results with both synthetic and real datasets.
The results demonstrate that both COLMAP ( , ) and BARF ( ,

) suffer from the rolling shutter effect. The introduced distortions would affect camera pose
estimations if they are not properly handled. On the contrary, our method does not have such limi-
tations, since we formulate the physical image formation process of RS camera into the training of
NeRF. Our method also performs better than SOTA RS-aware bundle adjustment methods (i.e. RSBA

, ), NW-RSBA ( , )) in terms of the ATE metric. The results also
reveal that cubic B-Spline interpolation performs better than linear interpolation for both synthetic and
real datasets, in terms of the accuracy of the recovered motion trajectories. Due to the limited space,
we present detailed quantitative experimental results about trajectory estimation with real datasets in
Appendix A.3 (Table 8).

More gquantitative evaluation results (e.g. on novel view image synthesis, with un-ordered image
sequences) are presented in Appendix A.3 (Table 5 and Table 6). They also demonstrate the better
performance of our method over prior state-of-the-art methods.

Qualitative evaluation results. We also evaluate the qualitative performance of our method against
the other baseline methods. Figure 4 presents the comparisons for both Carla-RS and Unreal-RS
datasets. Figure 5 presents the results with the TUM-RS dataset ( , ). Since the
TUM-RS dataset does not provide pixel-aligned rolling-global shutter image pairs, we choose the
nearest neighbor global shutter image (captured by another global shutter camera) for comparison.

The experimental results demonstrate that our method can better exploit multi-view information for
rolling shutter effect removal, compared to DSUN ( , ), RSSR ( , ) and
CVR ( , ) in Figure 4 (Carla-RS), even they are properly trained on the corresponding
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