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Abstract:     Most modern consumer-grade cameras are often equipped with a  rolling  shutter mechanism, which  is becoming  increas-
ingly important in computer vision, robotics and autonomous driving applications. However, its temporal-dynamic imaging nature leads
to the rolling shutter effect that manifests as geometric distortion. Over the years, researchers have made significant progress in develop-
ing  tractable  rolling  shutter models, optimization methods, and  learning approaches, aiming  to  remove geometry distortion and  im-
prove visual quality. In this survey, we review the recent advances in rolling shutter cameras from two aspects of motion modeling and
deep learning. To the best of our knowledge, this is the first comprehensive survey of rolling shutter cameras. In the part of rolling shut-
ter motion modeling and optimization, the principles of various rolling shutter motion models are elaborated and their typical applica-
tions are summarized. Then, the applications of deep learning in rolling shutter based image processing are presented. Finally, we con-
clude this survey with discussions on future research directions.
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 1   Introduction

A  vast  majority  of  prevalent  low-budget  commercial

cameras are built upon complementary metal oxide semi-

conductor (CMOS) sensors due to their low cost and sim-

plicity in manufacturing, in which a rolling shutter (RS)

mechanism  is  generally  employed.  Unlike  a  global  shut-

ter  (GS)  camera  capturing  all  pixels  simultaneously  us-

ing a charge coupled device (CCD) sensor,  pixels  on the

rolling  shutter  CMOS  sensor  plane  are  commonly  ex-

posed from top to bottom in a row-by-row fashion with a

constant  inter-row  delay,  as  illustrated  in Fig. 1.  There-

fore, so-called RS effects (e.g., skew, stretch, and wobble)

would occur in the images and videos when relative mo-

tion  exists  between  the  camera  and  objects.  The  RS  ef-

fect that arises in source media from digital single lens re-

flex  cameras  (DSLRs)  and  other  CMOS  sensor-based

cameras has become a nuisance factor in photography.

Geometric distortions that stem from RS effects viol-

ate  the  conventional  perspective  camera  model[1],  thus

simply ignoring the RS effect in computer vision applica-

tions leads to performance degradation or even failure[2–4].

Considering  the  rich  scene  geometry  and camera  motion

information embedded in the row-dependent distortion of

RS images[5–8], the high dynamic sampling characteristics

of the RS mechanism itself possess underlying spatio-tem-

poral  geometric  constraints.  After  nearly  20  years  of  de-

velopment, researchers have made full use of the underly-

ing  information  in  the  temporal-dynamic  imaging  mech-

anism to remove RS distortions and create pleasing visu-

alizations,  which  has  brought  great  success  in  down-

stream  applications,  such  as  simultaneous  localization

and  mapping  (SLAM)[9, 10] and  structure  from  motion

(SfM)[11–14].

Behind  these  exciting  achievements,  an  in-depth  ex-

ploration  of  RS  motion  models  and  deep  learning  tech-

niques  is  essential.  On  the  one  hand,  a  large  number  of

RS  motion  models[11, 15] and  the  resulting  non-linear  op-

timization methods[13, 14] have been developed to apply to

different  types  of  camera motions,  such as  discrete,  con-

tinuous,  and  special  motions.  On  the  other  hand,  the

powerful  learning  ability  of  deep  learning  also  empowers

various rolling shutter image processing tasks, such as RS

image  correction[16] and  RS  temporal  super-resolution[5].

Unfortunately,  to  the best  of  our  knowledge,  there  is  no

review to date that systematically investigates the field of

RS. Therefore, this paper presents a comprehensive over-

view of RS cameras for the first time, with a view to pro-

moting the flourishing of this prestigious field.

The remainder of this paper is organized as follows. In

Table  1,  we  show  the  abbreviations  that  appear  in  the

text. Fig. 2 presents a general overview of this paper. The
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geometric modeling and non-linear optimization methods

for  RS  motion  are  introduced  in  Section  2.  The  typical

applications  of  the  RS  model  are  described  in  Section  3

according  to  the  taxonomy.  In  Section  4,  we  review  RS

image processing methods and datasets,  especially in the

context of deep learning. Section 5 discusses some future

research interests, and Section 6 draws the conclusions.

 2   Geometric modeling and non-linear
optimization of RS motion

In this section, we summarize the commonly used RS

motion models and the corresponding non-linear optimiz-

ation  methods.  The  discrete  model  is  mainly  used  for

various  minimal  solver  problems  (e.g.,  in  relative/abso-

lute pose estimation); the continuous model is more suit-

able for adjacent frame motion modeling; and the special

model can pose better approximations under certain cam-

era motion patterns. Tables 2 and 3 present an overview

classification of RS motion models. See Section 3 for their

practical applications.

 2.1   Discrete motion

Modeling. Due  to  the  temporal-dynamic  exposure

SE(3)

characteristics  of  the  RS  camera,  each  of  its  scanlines

usually  possesses  a  different  projection  center,  i.e.,  a

series  of  latent  local  frames,  as  shown in Fig. 3.  Suppose

that the local poses of each scanline of a general RS cam-

era trace out a smooth trajectory in the  space. In

the case of discrete motion, Meingast et al.[15] proposed a

seminal geometric motion model in the context of an RS

camera, called uniform RS model. With this RS modeling,

the smoothly moving camera rotates at a constant angu-

lar velocity and translates at a constant linear velocity at

the same time. All the projection centers will form a spir-

al 3D trajectory[2, 17].

v ∈ R3

ω ∈ R3

ω ω = ωn

R0 ∈ SO(3) t0 ∈ R3

P s = [Rs, ts] s

As  illustrated  in Fig. 4(a),  we  utilize  to  ex-

press the constant linear velocity and  for the con-

stant angular velocity. Note that they describe the inter-

scanline  translation  and  rotation  displacements,  respect-

ively. Note also that here we leverage the axis-angle rep-

resentation of ,  i.e., ,  which can also be repres-

ented  by  spherical  linear  interpolation  (SLERP)  in  [19,

21, 37]  (see  Section  2.3  for  more  instructions).  In  addi-

tion,  we  assume  that  the  first  scanline  of  the  RS  image

has 6 DoF absolute poses  and  in the

world  coordinate  system.  Formally,  the  absolute  camera

poses  of the -th scanline will satisfy

 

Table 1    Abbreviation table

Abbreviation Full name

GS Global shutter

RS Rolling shutter

DoF Degree of freedom

FPS Frames per second

SfM Structure from motion

CCD Charge coupled device

IMU Inertial measurement unit

SLAM
Simultaneous localization and
mapping

RSSR
Rolling shutter temporal super-
resolution

CMOS
Complementary metal oxide
semiconductor

SLERP Special linear interpolation

RANSAC Random sample consensus
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Fig. 1     Illustration  of  the  imaging  mechanism  of  GS  cameras
(top) and RS cameras (below)
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Table 2    Comparison of the uniform RS model as well as its variants[17]. Linear and orbital motions correspond to the
pure translation and pure rotation motions in Table 3, respectively.

Motion PsPose  Application examples

Linear [I, sv] Vehicles traveling in a straight line[17, 18]

Orbital [I + s[ω]×, v] Video clip taken by hand-held devices[19, 20]

Spiral [I + s[ω]×, sv] General RS cameras with smooth motion[3, 4]

Linear [I + s[ω]×, −s(I + s[ω]×)v] 3D-2D projection geometry based on continuous video sequences[12, 21]

 

 

Table 3    Taxonomy of various well-known RS models and their typical applications

RS model Motion type Typical application Author Venue Year Camera type

Uniform modeling Full motion Relative pose Meingast et al.[15] Arxiv 2005 Monocular

Dai et al.[2] CVPR 2016 Monocular

Zhuang et al.[6] CVPR 2019 Monocular

Lao and Ait-Aider[4] TPAMI 2020 Monocular

Wang et al.[22] ICIP 2020 Stereo

Absolute pose Ait-Aider et al.[23] ECCV 2006 Monocular

Ait-Aider and Berry[24] ICCV 2009 Stereo

Magerand et al.[21] CVPR 2012 Monocular

Hedborg et al.[14] CVPR 2012 Monocular

Albl et al.[3] CVPR 2015 Monocular

Albl et al.[25] CVPR 2016 Monocular

Albl et al.[26] ECCV 2016 Monocular

Kukelova et al.[27] ACCV 2018 Monocular

Albl et al.[28] TPAMI 2019 Monocular

Kukelova et al.[29] ECCV 2020 Monocular

Albl et al.[30] CVPR 2020 Stereo

Wang et al.[31] RAL 2021 Stereo

Pure translation Relative pose Dai et al.[2] CVPR 2016 Monocular

Lao and Ait-Aider[4] TPAMI 2020 Monocular

Absolute pose Saurer et al.[17] ICCV 2013 Stereo

Saurer et al.[18] IROS 2015 Monocular

Albl et al.[30] CVPR 2020 Stereo

Pure rotation Relative pose Forssén and Ringaby[19] CVPR 2010 Monocular

Ringaby and Forssén[32] IJCV 2012 Monocular

Rengarajan et al.[20] CVPR 2016 Monocular

Ito and Okatani[33] CVPR 2017 Monocular

Lao and Ait-Aider[34] CVPR 2018 Monocular

Purkait and Zach[35] WACV 2018 Monocular

Lee et al.[36] Arxiv 2019 Monocular

Absolute pose Hedborg et al.[37] ICCV 2011 Monocular

Albl et al.[30] CVPR 2020 Stereo

Continue modeling Full motion Relative pose Zhuang et al.[11] ICCV 2017 Monocular

Zhuang and Tran[38] ECCV 2020 Monocular

Absolute pose Im et al.[39] ICCV 2015 Monocular

Im et al.[13] TPAMI 2018 Monocular

Fan et al.[40] CVIU 2021 Stereo

Fan et al.[41] IVC 2022 Stereo
 

B. Fan et al. / Rolling Shutter Camera: Modeling, Optimization and Learning 785 

 



Rs =
(
I + sin (sω) [n]× + (1− cos (sω)) [n]2×

)
R0

ts = t0 + sv (1)

[·]×
3× 1

where  denotes  the  skew-symmetric  matrix  associated

with  a  vector.  Since  the  camera  typically  has  a

rapid  scanning  time,  it  is  reasonable  to  make  the

assumption  that  the  inter-scanline  rotation  displacement

is  sufficiently  small.  Using  the  small-rotation  approxim-

ation, the uniform RS model can be obtained by rewriting

(1) as

Rs = (I + s[ω]×)R0

ts = t0 + sv. (2)

N

Xi ∈ R3

xi = (ui, vi) ∈ R2

xi

Pui = [Rui , tui ] Xi

Optimization. Given  pairs  of  3D-2D correspond-

ences, including the 3D point coordinate  and the

corresponding 2D image coordinate , we

can obtain the absolute pose of  according to (2) as fol-

lows: .  Note  that  is  defined  in  the

world coordinate system, which is usually relative to the

first scanline of the first frame when processing video im-

ages.  Consequently,  the  RS-aware  reprojection  error  can

be derived as

v∗, ω∗ = arg min
v,ω

N∑
i=1

∥xi − π (Xi,Pui)∥
2
2 (3)

π(·) : P3 → P2where  denotes  the  projection  function,

defined as

π (Xi,Pui) = ⟨K (RuiXi + tui)⟩⟨
(x, y, z)T

⟩
= (x/z, y/z)T. (4)

KHere,  is  the  intrinsic  matrix  whose  calibration  is

easy  to  implement,  e.g.,  by  applying  any  standard  cam-

era calibration procedure to a still  scene image captured

by a stationary RS camera.

(v,ω)

Xi

(v,ω)

Note  that,  in  (3)  we  only  show  the  optimization  for

RS  camera  motion  parameterized  by .  In  rolling

shutter bundle adjustment (BA)[12–14, 26, 42], it is often ne-

cessary to alternatively optimize 3D point coordinates 

and camera motion , similar to the traditional glob-

al shutter BA[43]. At this point, (3) will become a stand-

ard RS BA problem.

For a moving RS camera, according to (2), each scan-

line is exposed at a different place in space along the mo-

tion  trajectory.  However,  the  camera  pose  is  essentially

determined  by  the  RS  scanline,  so  the  image  measure-

ment  noise  will  affect  the  RS  BA  due  to  the  coupling

between the camera pose  and the projected scanline.  To

solve  the  non-convex  objective  (in  (3))  more  efficiently,

most  RS  BA  methods  (e.g.,  [14, 26, 42])  usually  ignore

the influence of measurement uncertainty on the reprojec-

tion function, which may sacrifice the accuracy of RS BA.

One  way  to  deal  with  the  measurement  noise  is  error

standardisation[44],  i.e.,  by  introducing  an inverse  covari-

ance  matrix  to  provide  more  confidence  for  low-variance

image  measurements.  Towards  this  goal,  an  acceleration

strategy for RS BA is proposed recently in [45], based on

the  sparsity  structure  of  the  Jacobian  matrix  and  Schur

complement.  Moreover,  constructing  more  accurate  cor-

respondences can also alleviate this issue to some extent,

for  example  by  filtering  outliers  through  bidirectional

consistency check[13, 46].

 2.2   Continuous motion

Modeling. Under  the  continuous  camera  motion,  as

depicted in Fig. 4(b), the inter-frame and intra-frame mo-

tion smoothness during image acquisition needs to be ex-

 

(a) Discrete motion (b) Continuous motion

(R, t)

(ω2, v2)

(ω
1, v1)

First scanlines Other scanlines

(ω, v)

Interpolation

Fig. 4     Illustration of RS motion parameterization, including discrete and continuous camera motions
 

 

 
Fig. 3     Illustration of different projection centers of different RS
scanlines. For any pair of correspondences  (indicated by  “×” ),
the co-planarity constraint still holds [2].
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(v,ω)

(ps1
1 , rs1

1 )

(ps2
2 , rs2

2 ) s1 s2

ploited to account for the scanline-varying camera poses.

Specifically,  one  first  assumes  that  there  is  a  relatively

small inter-frame camera velocity  between the first

two scanlines of  two consecutive RS frames (other refer-

ence scanlines can be selected without loss of generality).

Then,  the  intra-frame  camera  motions  of  all  other  scan-

lines can be obtained by interpolation. Formally, the ab-

solute  camera  position  and  rotation  (resp.

)  of  the -th  (respectively, -th)  scanline  in

frame 1 (respectively, frame 2), w.r.t. the first scanline of

frame 1 can be expressed as

ps1
1 = λs1

1 v, rs1
1 = λs1

1 ω

ps2
2 = λs2

2 v, rs2
2 = λs2

2 ω (5)

λs1
1 λs2

2

s1
s2

where  and  denote the corresponding interpolation

factors.  Therefore,  the relative motion between the -th

and -th  scanlines  obeys  the  full-motion  differential

formulation, i.e.,

vs1s2 = ps2
2 − ps1

1 = (λs2
2 − λs1

1 )v

ωs1s2 = rs2
2 − rs1

1 = (λs2
2 − λs1

1 )ω. (6)

To  efficiently  model  the  above  interpolation  factor,

Zhuang et al.[11] proposed a linear interpolation under the

assumption of constant velocity motion, i.e.,

λs1
1 =

γs1
h

λs2
2 = 1 +

γs2
h

. (7)

γ

h

Here  is  the readout time ratio,  which indicates  the

ratio between the total readout time and the total frame

time  (including  inter-frame  idle  time)  and  can  be  calib-

rated by [15, 44].  is the total scanline number in an RS

image. In particular, with this RS modeling, the scanline-

varying camera poses can be recovered through a simple

linear scaling operation. Further and more generally, un-

der the constant acceleration motion assumption, a quad-

ratic interpolation was also proposed by Zhuang et al.[11],

i.e.,

λs1
1 =

2

k + 2

(
γs1
h

+
k

2

(γs1
h

)2
)

λs2
2 =

2

k + 2

(
1 +

γs2
h

+
k

2

(
1 +

γs2
h

)2
)

(8)

k

k > 0

k < 0 k

k = 0

where  denotes the acceleration factor and is in the same

direction  as  the  camera  velocity,  i.e.,  for

acceleration and  for deceleration. Note that  needs

to  be  estimated  additionally  when  used.  Note  that  it  is

easy  to  verify  that  (8)  will  reduce  to  (7)  when  the

acceleration factor vanishes, i.e., .

N

xi = (xi, yi), (i = 1, · · · , N) si1

Optimization. Given  normalized  image  points

 in  scanline  of  frame  1,  it

f i = (f i
u,f

i
v)

Zi

xi si2
f i
v = si2 − si1

βi = λ
si2
2 − λ

si1
1

corresponds to a forward optical flow of  and

corresponds to a 3D point of depth . Assume that the

scanline  where  the  match  point  of  in  frame  2  is .

Therefore,  the  vertical  optical  flow  has .

Based on (6), we note that . Hence, accord-

ing to the differential formulation[47, 48], the RS-aware dif-

ferential reprojection error can be developed as

v∗, ω∗ = arg min
v,ω

N∑
i=1

∥∥∥∥fi − βi

(
Aiv

Zi
+Biω

)∥∥∥∥2

2

(9)

where

Ai =

[
−f 0 xi

0 −f yi

]

Bi =


xiyi
f

−
(
f +

x2
i

f

)
yi(

f +
y2
i

f

)
−xiyi

f
−xi

 (10)

fwith  being the camera focal length. More details about

RS-aware differential formulation can be found in [11, 40].

 2.3   Special motion

ω ω = 0

v

Ps = [R0, t0 + sv]

In  addition  to  the  above-mentioned  uniform  and  dif-

ferential  models  for  approximating  discrete  and  continu-

ous  camera  motions,  respectively,  their  simplified  ver-

sions  can  often  reduce  the  minimum  number  of  corres-

pondences and the algorithm complexity to compute RS-

aware  geometry  for  some  specific  types  of  camera  mo-

tions.  For instance, if  a car travels along a straight line,

the projected center of each scanline will lie on a straight

line  in  3D space.  Therefore,  we can naturally  ignore  the

angular velocity , i.e., . At this point, the camera

movement becomes a pure translation that is defined only

by a constant linear velocity . That is, (2) can be simpli-

fied  as ,  i.e.,  a  linear  trajectory  is

formed. Moreover, except for some wide-angle images, in-

plane  rotation  can  be  neglected  to  perform  RS

correction[49] and RS deblurring[50]. More details on other

variants (e.g., orbital motion, linear motion) are provided

in Table 2.

On the other hand, other types of motion representa-

tions  have  also  received  extensive  attention.  First,

without  relying  on  standard  kinematic  models,  the  cam-

era trajectory is fitted using a polynomial, e.g., [20, 50, 51].

Afterward,  B-splines  led  to  a  well-known  representation

of continuous trajectories in 3D space with better curve-

fitting  performance.  Therefore,  many  works[9, 44, 52–59]

heavily  exploit  B-spline  modeling  and  parameterize  the

camera trajectories in terms of 3D knots. As a final note,

while the rotation of the camera has predominantly been

studied in the case of axis-angles (a.k.a. rotation vectors),

more  complex  representations  of  rotation  are  also  often

explored as follows.
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SLERP-based model

q0 q1

It  is  a  linear  interpolation  on  the  quaternion  sphere,

which is used in [14, 19, 37]. It interpolates between two

quaternion rotation representations  and , namely,

(q0, q1, t) = q0
sin(Ω− tΩ)

sinΩ
− q1

sin tΩ

sinΩ

Ω = arccos
(
qT
0 q1

)
where .  It  uses  a  constant  angular

velocity in practice and poses a good property (for exam-

ple,  a  camera  mounted  on  a  rotating  platform,  which  is

turning with constant angular velocity). Nevertheless, the

presence  of  sine  and  cosine  yields  higher-order  variables

in the linear polynomial solver[3], resulting in a relatively

large computational complexity.

Cayley transform model

η = (a, b, c) ∈ R3 R(η)For  any ,  the  rotation  matrix 

can be represented as

1

L

1 + a2 − b2 − c2 2ab− 2c 2b+ 2ac

2c+ 2ab 1− a2 + b2 − c2 2bc− 2a

2ac− 2b 2a+ 2bc 1− a2 − b2 + c2


L = 1 + a2 + b2 + c2

1 + ai+ bj + ck

η

tan(θ/2) θ

where ,  which  is  used  to  normalize

the  rotation  matrix  so  that  it  corresponds  to  the

quaternion of . It is used for the rotation

parameterization  of  the  RS  absolute  pose  problem[28].

Since  can also be seen as the axis of rotation scaled by

, with  being the rotation angle, thus the Cayley

parameterization  is  not  able  to  represent  the  180-degree

camera rotation, resulting in a singular case. More details

on  interpolation  methods  for  rotations  can  be  found  in

[60].

 3   Geometric problems with RS models

We  provide  an  overview  of  the  applications  of  the

aforementioned geometric RS model from three perspect-

ives:  relative  pose  estimation,  absolute  pose  estimation,

and 3D reconstruction. Some representative examples are

given in Table 3.

 3.1   Relative pose estimation

Relative pose estimation is usually based on a certain

number of matched 2D image points and can be used as a

subroutine for various computer vision applications, such

as visual odometry[61, 62] and SLAM[63, 64].

Dai  et  al.[2] proposed  a  generalized  RS  epipolar  con-

straint for discrete two frames, where 20-pt and 44-pt lin-

ear solutions were derived based on the pure translation-

al and uniform models, respectively. Utilizing the consist-

ency  of  continuous  motion  between  and  within  frames,

Zhuang et  al.[11] presented the  8-pt  and 9-pt  linear  solv-

ers  based on constant  velocity  and constant  acceleration

motion assumptions (see Section 2.2) across two consecut-

ive  images,  respectively.  Fan  et  al.[40] further  extended

them to standard RS stereo cameras and proposed an RS-

stereo-aware  differential  epipolar  constraint.  Wang

et  al.[22] proposed  a  linear  solution  for  the  standard  RS

stereo camera using the RS uniform model, requiring only

nine  correspondences  for  each  of  the  left  and  right  im-

ages. More recently, Lao and Ait-Aider[4] derived an RS-

homography matrix to transform two discrete RS images,

while Zhuang and Tran[38] proposed a differential RS-ho-

mography matrix  to  compensate  for  the  camera ego-mo-

tion  between  two  consecutive  frames.  Lee  et  al.[36] pro-

posed  a  minimal  5-pt  solution  between  two  discrete

frames  with  the  help  of  the  angular  velocity  obtained

from  the  gyroscope.  Furthermore,  simplified  motion  as-

sumptions  detailed  in  Section  2.3  were  considered  in

[19, 20, 32, 34].

 3.2   Absolute pose estimation

In addition to some methods based on known GS tem-

plates[8, 54, 65], there is a body of work dedicated specially

to the design of linear solvers (e.g., minimal solvers). This

is  called  the  RS perspective-n-point  (RnP) problem,  i.e.,

estimating the position and orientation of the RS camera

based  on  a  certain  number  of  correspondences  between

3D scene points and 2D image points.

ö

ö

Ait-Aider  et  al.[23] presented  a  closed-form  solution

based  on  8.5-pt  by  assuming  a  planar  scene.  An  exten-

sion to line correspondences was given in [66]. Magerand

et  al.[21] developed  a  globally  optimal  solution  by  con-

structing  and  minimizing  polynomial  equations  with  the

Gloptipoly  solver,  while  better  results  were  obtained  by

at  least  7  correspondences  compared  with  the  8.5-pt

method.  For  a  forward-moving  car,  Saurer  et  al.[18] pro-

posed a  minimal  5-pt  method using the  pure  translation

model,  but this simplified model inevitably limits its ap-

plication  in  most  real-world  applications[4].  Albl  et  al.[3]

initialized the camera pose using the standard P3P meth-

od[67],  and  then  utilized  the  double  linearized  RS  model

and  the  Gr bner  basis  solver  to  derive  a  minimal  6-pt

solution  (R6P),  which  requires  only  six  3D-2D  corres-

pondences.  Afterward,  Albl  et  al.[28] further  solved  this

double linearized model using hidden variable techniques,

obtaining a faster and more accurate solution. Meanwhile,

the Cayley parameterization for rotations was studied, re-

moving  the  reliance  on  P3P  initialization.  Later,  Albl

et al.[25] fused Inertial measurement unit (IMU) data and

proposed  R5P  using  known  gravity  directions.  To  im-

prove the efficiency of R6P, Kukelova et al.[27] devised a

novel  alternating  iteration  strategy,  yielding  a  simpler

and  faster  linear  solver.  When  the  camera  focal  length

and radial distortion are unknown, Kukelova et al.[29] fur-

ther combined this iterative scheme with fast generalized

eigenvalue  and  Gr bner  basis  techniques  to  propose  a

minimal 7-pt solution.
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 3.3   3D reconstruction

Image-based 3D reconstruction is of great importance

in  the  fields  of  robot  navigation[68],  visual  perception[69],

and 3D modeling[70].  In  the  following,  we summarize  the

classic 3D reconstruction methods based on RS video se-

quences or RS stereo images. Note that the RS structure

from motion (RS-SfM) is mainly investigated, which inev-

itably  involves  absolute  pose  estimation  (from  the  per-

spective of non-linear optimization).

Using image pairs taken by two stationary RS camer-

as,  Ait-Aider  and  Berry[24] used  non-linear  least-squares

to estimate the structure and velocity of rigid moving ob-

jects.  Saurer  et  al.[17] proposed a plane sweeping method

for  RS  stereo  images,  which  can  solve  for  the  exposure

time  and  the  scene  depth  simultaneously.  Subsequently,

Saurer  et  al.[12] developed sparse-to-dense 3D reconstruc-

tion for wide-baseline RS images. Hedborg et al.[14] pion-

eered an RS bundle adjustment method for RS video im-

ages by introducing the SLERP model for rotation inter-

polation.  Based  on  this  framework,  Im  et  al.[13] further

linearly  interpolated  the  rotation  and  developed  an  RS

plane  sweeping  technology  for  accurate  3D  reconstruc-

tion.  Note  that  a  deep  learning  version  of  RS  plane

sweeping was proposed by Fan et al.[71] Assuming a pure

rotation motion, the critical motion sequences of RS-SfM

were recast as self-calibration of the imaginary camera in

[33].  Additionally,  the  degeneracies  of  RS-SfM  in  multi-

view  reconstruction  were  pointed  out  in  [26].  Recently,

Albl  et  al.[30] explored  an  RS  stereo  rig,  e.g.,  in  smart-

phones,  with  a  negligibly  small  baseline  and  opposite

scanning direction, to recover the camera pose and scene

geometry. Wang et al.[31] proposed an RS stereo depth es-

timation method that uses a coarse-to-fine scheme to al-

ternately  update  the  depth  map  and  refine  the  camera

motion. Fan et al.[41] proposed an RS-stereo-aware differ-

ential  SfM method,  compensating for 3D degradation ef-

fectively by a simple linear scaling operation.

 4   RS image processing

RS image  processing  has  been  a  hot  topic  for  a  long

time[5, 11, 16, 38, 72].  Not only RS modeling has contributed

to its prosperity,  but with the advent of the deep learn-

ing  era,  convolutional  neural  networks  have  gradually

made  a  big  splash  in  the  field  of  RS  image  processing,

such as RS image correction, and RS temporal super-res-

olution.  In  this  section,  we  will  provide  an  overview  of

these new paradigms based on deep learning, along with a

summary of relevant public datasets.

 4.1   RS image correction

RS  image  correction  aims  to  remove  RS  artifacts  to

recover  the  underlying  GS  image. Fig. 5 summarizes  its

development according to a timeline. In the following, for

compactness, we first give a brief description of the tradi-

tional RS image correction methods. Then, the focus is on

the deep learning-based RS image correction approaches.

Traditional  methods. Early  on,  pure  translation

model[80, 81] and pure rotation model[19, 32, 82] were usually

utilized.  A  representative  work  comes  from  Grundmann

et al.[82], who proposed a homography mixture to achieve

joint  RS  removal  and  video  stabilization.  Geometric  in-

formation  in  the  scene,  e.g.,  straightness  of  lines[20] and

orthogonal  vanishing  directions[35] in  a  Manhattan  world

has  been  employed.  Lao  and Ait-Aider[34] improved  over

[20, 35] by fitting at least four image curves in a random

sample consensus (RANSAC) scheme.  The pure rotation

model was also used in [20, 34]. Furthermore, some works

are  dedicated  to  simultaneously  removing  RS  distortion

and  handling  other  image  processing/computer  vision

tasks,  such  as  super-resolution[81, 83],  motion  deblurr-

ing[50, 84], differential SfM[11], image stitching[38], and video

stabilization[74].  Very  recently,  Vasu  et  al.[73] proposed  a

multi-layer  3D  scene  model  for  occlusion-aware  correc-

tion from a set  of  RS images.  Bai  et  al.[54] and Lao and

Ait-Aider[4] developed a scanline-homography and an RS-

homography  to  remove  RS  effects,  respectively.  Recent

studies have also demonstrated that a distortion-free GS

image can be produced from an RS stereo rig with differ-

ent  RS  directions[30] or  from  a  generalized/standard  RS

stereo camera[40, 41].

Deep  learning  methods. Recently,  the  success  of

deep  learning  in  high-level  vision  tasks  has  been  gradu-

ally  extended  to  the  RS  image  correction  task,  where  a

deep neural network is trained end-to-end to warp the RS

image to its perspective GS counterpart. This essentially

becomes  an  image-to-image  translation  problem.  Typic-

ally,  these  networks  consist  of  two  main  components:  a

pixel-wise motion estimation module and a GS frame syn-

thesis module, as illustrated in Fig. 6. The pixel-wise mo-

tion  estimation  module  is  dedicated  to  estimating  the

pixel-wise  motion  field,  which  is  then  used  to  warp  the

appearance  information  of  adjacent  frames  to  the  target

GS instance; the GS frame synthesis module aims to ag-

gregate  the  context  information  from  coarse  to  fine  and

eventually decode the desired GS frame.

For  single-frame  RS  image  correction,  Rengarajan

et  al.[49] proposed  the  first  convolutional  neural  network

to mitigate RS artifacts by assuming a simple affine mod-

el  with only 2 DoF: one is  an in-plane rotation, and the

other is a horizontal translation. On this basis, the RS re-

generation  scheme was  exploited  in  [76].  Zhuang  et  al.[6]

extended [49] to learn the underlying scene structure and

camera  motion  from  a  single  RS  image,  followed  by  a

post-processing  step  to  generate  a  geometrically  consist-

ent image. Mo et al.[57] predicted the camera pose of the

anchor  scanline  and then used a  cubic  spline  to  approx-

imate the arbitrary-scanline camera pose, avoiding the re-

liance on a specific motion model.

Given two-frame RS images as input, Liu et al.[72] pro-
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posed a deep shutter unrolling network (i.e., DeepUnroll-

Net) to recover the desired GS image from two consecut-

ive  RS images.  Despite  the  promising  performance,  Dee-

pUnrollNet  solely  uses  the  warped  feature  map  corres-

ponding to the second RS image when decoding the tar-

get GS frame, which tends to lead to content missing in

the  unseen  regions  of  the  recovered  GS  image.  Very  re-

cently, to overcome this drawback, Fan et al.[16] designed

a  symmetric  undistortion  architecture  by  exploiting  the

temporal  symmetry  between  two  consecutive  frames,

where  the  contextual  information  is  efficiently  aggreg-

ated in a coarse-to-fine manner. Subsequently, the spatio-

temporal  consistency  was  essentially  formulated  by  Fan

et al.[5, 77, 78] to design a cascaded framework for simultan-

eous RS correction and temporal super-resolution.

With multi-frame RS images as input, Zhong et al.[75]

implemented  joint  RS  correction  and  image  deblurring

using three consecutive frames of  the input,  where a de-

formation attention module is designed to self-adaptively

fuse deblurring and correction cues. Afterward, Zhong et

al.[7] developed  an  end-to-end  network  for  dual  RS  im-

ages with reversed RS directions, which is beneficial to re-

move  the  dependence  of  continuous  RS  frame  input  on

the  readout  time  ratio.  Very  recently,  Cao  et  al.[79]

presented an RS image correction method with adaptive

warping  to  remove  RS  artifacts  in  real  scenarios,  where

multiple  displacement  fields  were  estimated  from  three

consecutive RS images for coarse-to-fine refinement.

Tables 4 and 5 uniformly summarize the quantitative

performance of the classic methods for RS effect removal.

The  evaluation  is  conducted  as  follows:  the  Carla-RS

dataset[72] with  occlusion  mask  (CRM),  the  Carla-RS

dataset without occlusion mask (CR), and the Fastec-RS

dataset  (FR)[72].  The  average  peak  signal-to-noise  ratio

(PSNR),  structural  similarity  index  (SSIM),  and learned

perceptual  image  patch  similarity  (LPIPS)[87] are  adop-

ted for evaluation. A higher PSNR/SSIM or lower LPIPS

score  indicates  better  performance.  We  also  report  com-

parative results with the two-stage approaches. The two-

stage  methods  indicate  that  the  RS  image  correction

methods  (e.g.,  DeepUnrollNet[72],  SUNet[16])  are  per-

formed first and then the video frame interpolation meth-

ods  (e.g.,  BMBC[85],  DAIN[86])  are  adopted  to  generate

the  intermediate  distortion-free  frames.  However,  due  to

error  accumulation,  the  two-stage  methods  tend to  have

blurring  artifacts  and  local  errors,  as  demonstrated  in

[5, 77, 78].

 4.2   RS temporal super-resolution

A rolling shutter image may be viewed as a row-wise

combination  of  a  sequence  of  global  shutter  images  cap-

tured by a (virtual) moving global shutter camera within

the exposure duration. By exploiting the hidden-and-pre-

viously  overlooked  temporal-dynamic  information,  one

could possibly invert the RS imaging mechanism to bring

RS  images  alive.  For  example,  a  smooth  high  framerate

GS  video  can  be  generated  from  two  consecutive  RS

frames  (figuratively,  producing 1 440 GS  video  frames

from  two  720-height  RS  images),  which  is  termed  RS

temporal super-resolution (RSSR), as shown in Fig. 7. In
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particular, for two rolling shutter frames  and  at ad-

jacent times 0 and 1, the goal is to synthesize an interme-

diate GS frame , .

Ur→g

Ug→r

As a  joint  interpolation  and correction  task,  it  is  ex-

tremely challenging. One needs not only to eliminate geo-

metric  RS  distortion  but  also  to  generate  a  set  of  high

framerate  GS  images  in  chronological  order.  Meanwhile,

it opens up opportunities for many practical applications

such  as  computational  photography,  visual  tracking,

scene  understanding,  video  editing  and compression.  Re-

tracing the developments in recent years, flow-based deep

learning  solutions  have  received  attention,  as  illustrated

in Fig. 8.  Note  that  the  RS  undistortion  flow,  including

forward  warping  based  from  the  RS  image  to  the

GS  image  and  backward  warping  based  from  the

GS  image  to  the  RS  image,  is  defined  and  leveraged  in

these  works. Fig. 9 shows  the  scanline-dependent  proper-

ties of RS undistortion flows.

t = 0.5 t = 1.0

We report the quantitative results of GS video restor-

ation for time steps  and  in Tables 4 and 5,

respectively. Note that although [16, 72] can also recover

GS images corresponding to different time steps, this re-

quires training separate models based on the available su-

pervised signals. Namely, they are far from the ability to

generate smooth GS videos.

x

τi i ∈ {0, 1}
t ∈ [0, 1]

Fan and Dai[5] proposed the first learning-based RSSR

solution for latent GS video extraction from two consec-

utive RS images. Under the assumption of a constant ve-

locity of  camera motion and a static scene,  they demon-

strated  that  interconversion  between  RS  undistortion

flows and regular optical flows, as well as between differ-

ent RS undistortion flows corresponding to different tar-

get-scanlines,  can  be  performed  by  scaling  operations.

Specifically, to transform each RS pixel  exposed at time

,  indicating  the  image  index,  to  the  GS can-

vas  at  time ,  the  forward warping  based RS un-

distortion flow can be defined as

U0→t(x) = C0→t(x)⊙ F0→1(x)

U1→t(x) = C1→t(x)⊙ F1→0(x) (11)

⊙
which can be used directly to forward warp the RS image

to  the  destination  GS  image.  Here,  indicates  an

element-wise multiplier, and

C0→t(x) =
(t− τ0)(h− γπv)

h

C1→t(x) =
(τ1 − t)(h+ γπ′

v)

h
(12)

h

πv π′
v

t1 t2

denote  the  correction  maps.  represents  the  number  of

image scanlines.  and  encapsulate the underlying RS

geometry[5],  which  can  be  implicitly  modeled  by  an

encoder-decoder  network  (see Fig. 8(a)).  Moreover,  the

conversion scheme between varying RS undistortion flows

at times  and  can be obtained as

Ui→t2(x) =
t2 − τ

t1 − τ
×Ui→t1(x), i = 0, 1. (13)

 

t = 0.5

640× 480

Table 4    Quantitative comparisons on recovering GS images corresponding to the first scanline of the second RS frame (i.e., the
exposure time  ). The four blocks from top to bottom are the traditional and learning-based RS correction methods, the

two-stage method, and the RSSR method. We use gray backgrounds to mark the methods that can only produce one GS
image at a specific exposure time (i.e., the RS image correction method). The average runtime for recovering a 

GS image and the number of model parameters for each method are also reported. The runtime of the
learning-based method is tested on an NVIDIA RTX 2 080 GPU.

Methods Runtime (Second) Params (Million)
↑PSNR   (dB) ↑SSIM  ↓LPIPS 

CRM CR FR CR FR CR FR

DiffSfM[11] 467.3 – 24.20 21.28 20.14 0.775 0.701 0.132 2 0.178 9

DeepUnrollNet[72] 0.343 3.91 26.90 26.46 26.52 0.807 0.792 0.070 3 0.122 2

SUNet[16] 0.212 12.0 29.28 29.18 28.34 0.850 0.837 0.065 8 0.120 5

DeepUnrollNet[72] + BMBC[85] 2.250 14.9 27.29 27.58 24.95 0.829 0.787 0.098 0 0.202 4

DeepUnrollNet[72] + DAIN[86] 0.657 27.9 27.48 27.88 26.19 0.874 0.807 0.082 1 0.145 3

RSSR[5] 0.124 26.0 30.17 24.78 21.23 0.867 0.776 0.069 5 0.165 9

CVR[77] 0.141 42.6 32.02 31.74 28.72 0.929 0.847 0.036 8 0.110 7
 

 

t = 1.0

Table 5    Quantitative comparisons on recovering GS images corres-
ponding to the middle scanline of the second RS frame (i.e., the ex-
posure time  ). The experiments are carried out on the Fas-

tec-RS dataset[72]. The three blocks from top to bottom are the
learning-based RS correction methods, the two-stage method,

and the RSSR method.

Method ↑PSNR   (dB) ↑SSIM 

DeepUnrollNet[72] 27.02 0.828

SUNet[16] 27.06 0.825

JCD[75] 26.48 0.821

AWNet[79] 28.56 0.855

SUNet[16] + BMBC[85] 25.49 0.796

SUNet[16] + DAIN[86] 27.12 0.823

RSSR[5] 24.89 0.824

CVR[77] 26.67 0.838
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It  is  worth  mentioning  that  the  interconversion

scheme  under  the  constant  acceleration  motion  assump-

tion is extended in [78] and is not introduced here. Sub-

sequently, Fan et al.[77] went further and proposed an ap-

proximate  version  of  (12)  by  neglecting  the  parallax  ef-

fects, i.e.,

C0→t(x) = t− τ0

C1→t(x) = τ1 − t (14)

which are independent of image content and do not need

to  rely  on  specific  neural  networks.  Meanwhile,  a

synthetic  network  is  added  at  the  end  to  aggregate

contextual  complementary  information  and  improve

robustness  to  occlusion  and  partially  moving  objects.

Concurrently,  as  shown  in Fig. 8(b),  Zhong  et  al.[7]

proposed  directly  learning  the  RS  undistortion  flow  for

backward warping, and then an encoder-decoder network

was exploited to learn a synthetic mask for inferring the

underlying GS image sequence. Note that instead of two

consecutive  RS  frames  as  in  [5, 77],  Zhong  et  al.[7]

explored  a  pair  of  images  captured  by  dual  RS  cameras

with reversed RS directions. The setup is the same as in

[30].

 4.3   Public RS-based datasets

We classify  publicly  available  RS-based  datasets  into

three  categories:  RS  correction  datasets  (which  can  be

used  for  end-to-end  training),  cross-validation  datasets

(which  can  be  used  for  performance  evaluation),  and

datasets  containing  other  degradations  or  data  types

(e.g., with motion blur, event/IMU data that can be used

for multi-task processing).
 4.3.1   RS correction datasets

Carla-RS.[72] It is generated from a virtual 3D envir-

onment using the Carla simulator[88], involving general 6-

DoF camera motions. There are a training set of 210 se-
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Fig. 8     Different  flow-based  RSSR  paradigms.  We  roughly
classify  existing  flow-based  RSSR  methods  based  on  encoder-
decoders with  specific  functions.  In  (a)[5, 77, 78],  the optical  flow
network estimates regular optical flows  ,  , the middle
part generates RS undistortion flows  ,   via (11). Note
that [5, 78] requires a specialized deep network (i.e., (12)), while
[77] does not  (i.e.,  (14)).  In  (b)[7],  the backward warping-based
RS undistortion flows  ,   are directly estimated by the
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Fig. 9     Regular  optical  flow  VS.  RS  undistortion  flow.  This
figure  is  from  [5], where  the color  indicates  the direction of  the
flow,  and  the  brightness  indicates  the  magnitude  of  the  flow.
Unlike  the  isotropic  smooth  optical  flow  map,  the  RS
undistorted  flow  map  exhibits  a  more  pronounced  scanline
dependence. The distribution of the magnitude and direction of
the RS undistortion flow is related to the target scanline.
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640× 448

quences  and  a  test  set  of  40  sequences,  and  each  se-

quence consists of 10 consecutive frames. A total of 2 500

RS  images  with  a  resolution  of  pixels  are  in-

cluded.

640× 480

Fastec-RS.[72] It uses a high-speed GS camera moun-

ted  on  the  ground  vehicle  to  collect  high-FPS  GS  video

sequences at 2 400 Hz. Then, the RS image is synthesized

by extracting pixels from consecutive GS images row-by-

row  and  merging  them.  The  training  set  has  56  se-

quences and the test set has 20 sequences, each of which

contains  34  consecutive  frames.  There  are 2 584 RS  im-

age pairs with a resolution of  pixels.

1 024× 768

BS-RSC.[79] It  is  a  realistic  benchmark  dataset,  col-

lected  by  a  well-designed  beam-splitter  acquisition  sys-

tem in  a  dynamic  urban environment.  There  are  50,  16,

and 15 sequences for training (2 500 image pairs), valida-

tion (800 image pairs), and testing (750 image pairs), re-

spectively. The image resolution is  pixels.
 4.3.2   Cross-validation datasets

640× 480

Rolling shutter rectification dataset.1[19] It has a

small  data  scale  with  6  evaluation  sequences.  Each  se-

quence  has  12  sets  of  data,  each  consisting  of  one  RS

frame  and  three  ground  truth  GS  frames.  The  camera

motion  contains  pure  rotation,  pure  translation,  and

varying  readout  time  ratios  (1.00,  0.96  and  0.92).  Addi-

tionally,  an  RS  video  taken  by  an  iPhone  3GS  camera

during  fast  motion  is  included.  The  image  resolution  is

 pixels. This dataset can be used to evaluate the

RS correction algorithm.

1 280× 720

Rolling  shutter  bundle  adjustment  odometry

dataset.2[14] 36  video  sequences  are  captured  by  an

iPhone 4 camera at  resolution. The frame rate

is  30 Hz  with  a  readout  time  of  32.37  microseconds.

However,  there  is  no  corresponding  accurate  GS  ground

truth, so it can exclusively be used for qualitative assess-

ment[11].
 4.3.3   Datasets with other degradations or data types

640× 480

BS-RSCD.[75] As a real dataset with ego-motion and

object-motion, it is collected using a well-designed beam-

splitter  acquisition  system.  It  can  be  used  for  simultan-

eous RS effect removal and deblurring tasks. The camera

frame rate  is  15 Hz.  There are  50 sequences  for  training,

15 sequences for validation, and 15 sequences for testing.

Each sequence has 50 video frames, i.e., 4 000 image pairs

are  recorded  in  total.  The  image  resolution  is 

pixels.

640× 640

RSGR-GS.[89] It  is  acquired  using  a  well-designed

beam-splitter  acquisition  system  in  real-world  scenarios.

Note that the RS camera employs a global reset mode for

exposure. It contains 79 video sequences (27 for training,

3  for  validation,  and 49 for  testing)  with a  resolution of

 pixels.

Gev-RS.[90] This  dataset  records  high-FPS GS video

using  a  high-speed  GS  camera  with  a  framerate  of

640× 360

5 700 Hz. Then, RS frames are synthesized similar to the

Fastec-RS  dataset  and  the  corresponding  event  streams

are simulated using V2E[91]. Finally, 3 700 “GS-event-RS”

triplets  containing  29  sequences  are  generated.  The  im-

age resolution is  pixels.

1 280× 1 024

TUM-RSVI.[10] As  a  rolling  shutter  visual-inertial

odometry dataset3, 10 sequences are collected by a multi-

sensor  setup,  where  time-synchronized  RS  and  GS  im-

ages (20 Hz), IMU data (200 Hz) and ground truth 6-DoF

poses  (120 Hz)  are  contained.  The  image  resolution  is

 pixels.  This  dataset  can  be  used  for  visual

odometry, SLAM, etc.

 5   Challenges and new trends

Despite  the success  of  deep learning in RS correction

and  RS  temporal  super-resolution  tasks,  there  are  vari-

ous open research questions regarding the network model

design as discussed below:

1) Lighter  and  more  efficient  models.  Existing  net-

work  architectures  stack  a  large  number  of  2D  convolu-

tional  modules  to  essentially  achieve  image-to-image

translation, and thus are not yet capable of real-time GS

image recovery (cf. Table 4), especially on low-power mo-

bile devices. In addition, limited by the low resolution of

the  current  training  dataset,  it  will  be  a  challenge  to

design  lighter  network  models  for  high-resolution  images

(e.g., 4 K video). As a result, designing more efficient net-

work models to accelerate the inference will be crucial for

real-time  computer  vision  applications,  such  as  visual

SLAM[9, 92, 93].

2) Improve  the  generalization  ability  of  the  model.

Since  the  RS  image  in  the  current  dataset  has  a  fixed

readout  time  ratio,  this  may  lead  to  poor  generalization

of the trained model to third-party RS cameras with sig-

nificantly  different  readout  time  ratios.  A  straightfor-

ward approach is to enhance the diversity of the training

data.  However,  there  is  little  research  on  this  topic  and

further research is needed.

3) Implement RS image correction together with oth-

er  data/tasks.  Currently,  the  performance  of  RS  image

correction  is  improved  by  combining  it  with  event

data[90],  global reset[89],  deblurring[75],  etc. A future trend

of  data-driven  models  will  be  to  associate  other  data

types  (e.g.,  IMU[94],  depth  camera[95],  etc.)  or  other  low-

level image processing tasks (e.g., spatial super-resolution,

spatio-temporal  super-resolution,  image  denoising,  radial

distortion removal, etc.).

4) Generate  more  realistic  and  multi-instant  training

datasets.  Training learning-based RS temporal  super-res-

olution methods demands a significant number of RS and

GS image pairs. The current datasets either use a beam-

splitter acquisition system to obtain ground truth GS im-

ages  of  real  scenes,  e.g.,  [75, 79],  or  simulate  RS images

by  stitching  row-by-row  with  high  framerate  GS  videos,1 https://www.cvl.isy.liu.se/research/datasets/rs-dataset
2 https://www.cvl.isy.liu.se/research/datasets/rsba-dataset 3 https://vision.in.tum.de/data/datasets/rolling-shutter-dataset
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e.g., [7, 72]. However, the former only can capture one GS

image corresponding to a single instant, which is severely

insufficient for the RS temporal super-resolution task; the

latter  tends  to  produce  striping  artifacts  as  discussed  in

[75, 79], making the synthesized RS image insufficient to

represent the real environment. To unleash the potential

of  deep  learning  methods,  it  is  necessary  to  generate

large-scale realistic RS training datasets with more expos-

ure instants, more diverse scenes, and more dynamic ob-

jects.

 6   Conclusions

This  paper  has  provided  a  comprehensive  survey  of

RS  cameras.  The  geometric  modeling  and  nonlinear  op-

timization of RS motion have been provided mathematic-

ally, based on which three typical geometric applications

have  been  pointed  out  to  recover  more  accurate  multi-

view geometry. The taxonomy is carried out by consider-

ing RS model types and application types, where existing

related work is further classified and presented. Further-

more, advances in deep learning techniques for RS image

correction and RS temporal super-resolution are compre-

hensively  summarized.  This  systematic  taxonomy  allows

a better understanding of the principles and characterist-

ics of RS models and provides a comprehensive guide for

beginners  to  use  RS  cameras  more  efficiently.  Finally,

based  on  a  review  of  the  existing  work,  possible  direc-

tions  and open problems for  RS cameras  have  also  been

discussed, with the aim of providing insight into the on-

going development of RS-related research. We hope that

this  survey  will  help  systematize  the  existing  work  and

spark a new wave of research in this long-standing field.
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