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Abstract—Most robotics and VR/AR applications use rolling shutter cameras, which suffer from artifacts under fast motion, causing
existing camera pose estimation methods to fail. In this work, we propose a technique that leverages the rolling shutter artifact as a
temporal cue for motion estimation rather than treating it as an unwanted artifact. Our approach works by predicting a dense per-row
motion flow field and a monocular depth map from a single image. We then recover the per-row instantaneous camera velocity by
solving a linear least-squares problem under the small-motion assumption. In essence, our method produces an IMU-like
measurement that robustly captures fast and aggressive camera movements. Our approach is able to recover the angular and
translational velocities in real-world scenes and outperforms the previous motion-from-single-image method, “Image as an IMU.”

Index Terms—Rolling Shutter, Motion Estimation

1 INTRODUCTION

TRUCTURE from motion and visual odometry methods
Scan accurately estimate camera poses from a sequence
of images in most real-world scenes. These methods typ-
ically assume that the camera remains stationary during
a single exposure, using each captured frame to solve for
relative camera motion across time. However, this assump-
tion ignores the fact that a camera does indeed move
during exposure, and such intra-frame motion introduces
blur and rolling shutter artifacts. Most consumer-grade cam-
eras employ CMOS sensors with rolling shutters. Conven-
tional approaches either discard motion-blurred or rolling-
shutter-distorted frames or incorporate inertial measure-
ment units (IMUs) to improve robustness. While effective,
IMUs introduce additional challenges such as sensor syn-
chronization and long-term drift.

Most visual odometry techniques fail when inter-frame
correspondences are sparse or unreliable due to distortions.
A common workaround is to first correct motion blur or
rolling-shutter distortion and then apply standard SLAM or
odometry methods. However, this additional correction step
increases computational cost and is undesirable for real-time
applications.

The closest work to estimate motion from a single image
- Image as an IMU [1] - predicts camera motion by using
motion blur as a cue. When the exposure time is low, motion
blur is reduced, but rolling shutter distortions become more
pronounced. In this work, we extend IAAI (Image as an
IMU) and develop a method for estimating relative motion
from a single rolling-shutter image.

Our key insight is that the magnitude and direction
of rolling shutter distortion provide direct cues about the
underlying camera motion. Building on this observation,
we propose a method that estimates the relative motion the
camera undergoes during exposure using only the distor-
tions present in a single frame. Our pipeline operates in two

stages: first, we predict the rolling-shutter—to—-global-shutter
flow field and a monocular depth map; then, we recover
the scanline-wise relative camera pose by solving a linear
least-squares system. Notably, our method avoids explicit
rolling shutter correction across multiple frames and, given
the sensor readout time, produces instantaneous rotational
and translational velocity estimates that can be interpreted
as IMU-like measurements.

2 RELATED WORK

Minimal rolling-shutter PnP solvers. Early work on rolling-
shutter absolute pose estimation focused on extending min-
imal PnP solvers to handle row-dependent camera mo-
tion. [2] propose a polynomial-time minimal solver that
jointly estimates the camera pose along with its transla-
tional and angular velocities during readout using a double-
linearized RS projection model. Their formulation enables
non-iterative estimation from just six 2D-3D correspon-
dences and achieves significantly higher inlier counts than
P3P within RANSAC on both synthetic and real data. How-
ever, the method assumes the camera orientation is close to
identity and commonly relies on a P3P-based initialization,
limiting applicability when the motion is large or when
robust initialization is unavailable.

Inertial-regularized RS estimation. Subsequent meth-
ods increasingly incorporate inertial sensing to constrain the
underdetermined RS trajectory. [3] integrates a continuous-
time constant-twist rolling-shutter model into a direct
visual-inertial odometry framework, jointly optimizing
keyframe poses, velocities, IMU biases, and inverse depths
in a photometric bundle adjustment that incorporates both
RS projection and IMU preintegration. Their results show
that explicitly modeling time-varying pose during readout
improves trajectory accuracy compared to global-shutter



assumptions, though the method requires multi-frame se-
quences and is not designed for single-image motion infer-
ence. In parallel, [4] proposes a learning-based RS correction
pipeline that predicts per-pixel depth and row-wise camera
poses conditioned on IMU signals; the corrected images
substantially improve SLAM performance (e.g., DSO) on
RS data. While this demonstrates the value of combining
inertial cues with learned priors, the focus is on image
rectification rather than directly recovering a physically
meaningful motion model from a single frame.

General rolling-shutter trajectory models. More general
RS camera models aim to flexibly parameterize the pose
trajectory across image rows. [5] introduces a formulation
in which each scanline is assigned its own pose, regular-
ized by smoothness constraints on derivatives of the pose
parameters along the readout direction. Their framework
optimizes these per-line poses from 2D-3D correspondences
under suitable priors, allowing representation of complex
non-uniform motions but requiring many correspondences
and iterative non-linear optimization—making it unsuitable
as a minimal solver.

Relation to our work. Unlike these approaches, the
present work targets the single-image setting and seeks to
bridge the gap between minimal, closed-form RS solvers
such as [2] and highly parameterized dynamic RS models.
Our goal is to estimate a physically interpretable row-wise
motion trajectory directly from a single rolling-shutter im-
age, without relying on multiple frames or inertial sensing.

3 BACKGROUND

This work builds upon Image as an IMU [1] in which the
image formation process is modeled as the average of a
discrete sequence of virtual images across the exposure time
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such that {I7, ..., I}, } are the N “virtual images” during the
exposure time.

The method jointly predicts a per-pixel motion field from
the initial virtual image to the final virtual image in the
sequence and dense depth map using a neural network. The
motion field can be modeled using the equations from [6],
relating image flow (F, F) to camera translation (¢, t,,t.)
and rotation (6, 0,,0.):
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where d € D (depth map) and f is the known focal
length.
These can be expressed in matrix form as Az = b, where:
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4 PROPOSED METHOD

Our method estimates scanline-wise camera poses by solv-
ing the linear system defined in equations 4 and 5. Once
these poses are obtained, we consider two strategies for
estimating the camera velocity:

1) Dynamic per-scanline velocity: For each scanline g,
we compute its relative pose with respect to scanline
1. The velocity is then obtained by differencing con-
secutive poses and dividing by the corresponding
time interval between scanline capture times.

2) Constant-velocity assumption: Assuming the cam-
era moves with uniform velocity during the frame,
we fit a line to the sequence of pose differences. The
slope of this line provides the estimated constant
velocity.

4.1 Rolling Shutter Camera Model

Following [7] and [5], we model the rolling shutter imaging
process as follows.

In a rolling shutter camera, each image row r € {1...n}
is captured at a different time, given by

t(y) = to +r At, (6)

with ¢y the exposure start time and At the line readout
interval.

Let X € R3 be a scene point in world coordinates.
During exposure, the camera pose evolves continuously as
rotation R(t) and translation p(t). The projection of X onto
row r uses the camera pose at time ¢(y):

w(y) ~ K (R(t(r)) " (X = p(t(r)))), @)

where K is the intrinsic calibration matrix and x(r) is the
homogeneous image coordinate.

For any time ¢, the point’s camera-coordinate represen-
tation is

Xe(t) = R(t)" (X = p(®)), (8)
which produces the pinhole projection
x(t) ~ K X.(t). )

Substituting t = t(r) yields the rolling shutter projection
model:

a(y) ~ K R(t(r) " (X —p(t(r))). (10)
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Fig. 1: Method overview. Given a single rolling shutter image, we pass it through the network to predict the flow field
and metric depth. These are then formulated in a linear system where the optimal pose displacements are solved for using
linear least squares on scangroups. The velocities are calculated based on the slope of the line fit to the pairwise differences

of the pose displacements.

4.2 Motion Field and Depth Estimation

To get the required motion field F, we require a dense
pixel-wise mapping from rolling shutter (RS) coordinates
to their global shutter (GS) counterparts. This motion field
is obtained using the method of [8], which employs a
diffusion model to denoise a dense RS—GS motion field
-F € R?*H*W Fach flow vector F = [F,,F,]T € Fis
designed to be the pixel displacement from a given pixel
location in the original RS image to the GS image:

F' = pio) = Pry) D

Depth estimation must be consistent with the rolling
shutter image formation process. Therefore, the depth map,
D € RT*W ‘must be produced from a capture that under-
goes the same transformation as in equation 10. We use the
depth decoder of [1], which produces plausible depth values
aligned with the RS distortions.

4.3 Scanline-wise Pose Estimation

Rolling shutter distortions can be approximated as negli-
gible over a small group of consecutive scanlines [5], [9].
Thus, we process scan groups of variable size (including the
scanline-wise case with group size 1), balancing computa-
tional efficiency and noise robustness. The impact of group
size is analyzed in section 5.2.

Let a scan group y consist of a set of H, consecutive
rolling shutter rows. For this scan group, we obtain the
corresponding RS—GS motion field.

]F(y) c RQXHyXW
and the RS-aware depth map
D(y) € RF>W,

Using F(y) and D(y), we construct the linear system in
equations 4 and 5. Solving this system yields the relative

pose of scan group y with respect to scan group 1, repre-
sented as the translation vector tgs_gs(y) and the Euler
angles defining the rotation.

The estimated Euler angles are converted to a rotation
matrix by multiplying the rotation matrices in a chained
sequence.

Rrs—as(y)-
The inverse motion (from GS to RS) is obtained by

Res—rs(y) = Rrssas(y) | (12)
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These expressions define the scan group-specific pose.

Given n scan groups, we obtain n such poses. Pairwise
pose differences yield per-group dynamic velocities when
divided by the capture time difference between the centers
of the scan groups. Alternatively, assuming constant veloc-
ity, we smooth the sequence of pose differences by taking
a moving average, fitting a line, and taking its slope as the
frame-level velocity estimate.

5 EXPERIMENTAL RESULTS
5.1 Evaluation

Dataset and Setup. We evaluate our method on three
real-world scenes captured by us with an OAK-D camera
equipped with a 12MP IMX378 (PY011) rolling shutter
sensor. The camera also has an integrated 9-axis IMU -
BNOO085 - which is used for ground truth measurements.
The three sequences include an indoor room, an outdoor
scene with natural lighting, and an indoor lounge (New
College lounge) featuring significant depth variation. To
assess robustness, the camera was shaken vigorously during
capture, inducing strong rolling shutter distortions.
Ground-Truth and Sensors. For rotational motion, we
compare our estimated angular velocities directly against
the gyroscope readings from the onboard IMU. For transla-
tion, we compare our predicted translational velocities with
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Fig. 2: Predicted velocities for the outdoor scene using our method and IAAI The plots show angular and translational
velocities along the three axes. Our method closely follows the ground-truth motion—especially in translation—with only
minor deviations caused by depth prediction errors and slight camera-IMU timing synchronization error. In contrast, IAAI
produces highly erratic translational estimates and inconsistent or near-zero angular predictions.

TABLE 1: RMSE comparison of angular and translational velocities (lower is better). For angular motion, our method
achieves lower error than TAAI in most axes across the evaluated scenes. For translational motion, our method

consistently outperforms IAAI in all captured scenes.

Method Outdoor Indoor New College Avg
Angular Velocities RMSE (rad/s)

wa ey wa fwy [0 wa [y w2 wa ey s
TIAAI 3.95/3.15/3.70 4.22/3.71/4.76 4.03/3.52/4.23 4.07/3.46/4.23
Ours 3.72/3.95/2.75 4.53/5.39/3.74 4.15/2.70/3.39 4.13/4.01/3.29

Translational Velocities RMSE (m/s)
Vg Uy [V
23.03/127.73/4.60
3.39/3.68,/2.90

Vg [Vy [V
TIAAI
Ours

56.64/151.12/4.22
5.27/7.81/1.69

vz /vy [z
40.70/155.68/10.73
4.06/6.95/7.65

Vg [Vy [V
42.42/188.19/21.37
3.52/9.35/18.37

accelerometer-derived velocities. Because the accelerometer
measures instantaneous acceleration, integration introduces
bias and drift, making absolute comparison unreliable.
Thus, we focus on matching peaks, troughs, and temporal
structure rather than absolute scale.

Scanline vs. Frame-Level Evaluation. The IMU sam-
pling rate is considerably lower than the effective row
sampling rate of a rolling shutter sensor, so true scanline-
level ground truth is unavailable. Moreover, per-row veloc-
ity estimates are noisy. For these reasons, we evaluate the
aggregated frame-level (global) velocity estimates. Table 1
summarizes RMSE values for angular and translational

motion across all scenes.

Rotational Motion Results. The IAAI baseline performs
competitively for angular velocity and occasionally matches
or slightly surpasses our method in individual axes. This is
partly due to near-periodic motion during the recordings,
where many angular velocities cluster near zero. Never-
theless, qualitative comparisons show that our predictions
align more faithfully with the magnitude and direction of
the ground-truth IMU signal. A slight temporal offset re-
mains, stemming from image-based apparent motion being
captured later and residual sensor-sync differences.

Translational Motion Results. Translation estimation is
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Fig. 3: Intra-frame camera poses estimated using different scan-group sizes. The camera path does not vary as we decrease
the group size, which shows that the rolling shutter distortions are not significant for consecutive rows. A greater group

size leads to smoother trajectories.

substantially more challenging, and here our method clearly
outperforms IAAI Our approach recovers the major peaks
and troughs and maintains realistic magnitudes consistent
with IMU-derived velocities, despite the inherent drift of
integrated accelerometer data. In contrast, IAAI frequently
produces erratic and physically implausible translational
outputs—especially along the z and y axes. Even along
2, where IAAI appears more stable, the predictions fail to
track the actual temporal dynamics. These findings show
that while inertial-aided rolling-shutter techniques handle
rotation reasonably well, they struggle significantly with
translation, where our method provides consistent improve-
ments.

5.2 Varying Group size

Figure 3 shows the recovered intra-frame camera trajectory
for several choices of scan-group size for an image. We
observe that the overall trajectory shape remains consis-
tent. This holds across all configurations and indicates that
rolling shutter distortions are relatively small within short
ranges of consecutive rows. This supports the assumption
that scan groups of modest size can be treated as approxi-
mately distortion-free when estimating local camera motion.

As the group size increases, the number of pose esti-
mates per frame naturally decreases, resulting in a sparser
trajectory. However, these estimates exhibit reduced noise
and improved stability, since each larger group aggregates
information over more rows and therefore averages out local
pixel-level uncertainty. In contrast, group size 1 provides the
finest temporal granularity but is also the most sensitive to
noise in the motion field and depth estimates.

Overall, the trend illustrates a clear trade-off between
temporal resolution and measurement robustness. Smaller
scan groups capture rapid intra-frame changes but may
suffer from jitter, while larger groups provide smoother,
more reliable poses at the cost of reduced sampling density.

5.3 Limitations

Figure 3 shows the scan-group-wise camera trajectory. Ide-
ally, the motion should follow a smooth curve; however, we

observe short segments of smooth motion interrupted by
abrupt direction changes. This pattern appears consistently
across most of the rolling shutter images in our captured
dataset, and consequently, the estimated velocities are in-
herently noisy. The primary source of this noise stems from
limitations in the underlying models.

The RS—GS diffusion model from [10] was trained
exclusively on outdoor pedestrian area scenes containing
predominantly rotation-induced rolling shutter distortions.
As a result, it fails to provide reliable corrections for transla-
tional motion or indoor environments. Similarly, the IAAI
depth model performs well in scenes with small depth
variation but becomes unreliable when applied to out-
of-distribution scenes or environments with large depth
ranges. The combination of these two factors contributes
significantly to the noise observed in our motion estimates.

An important direction for improvement is the develop-
ment of an RS-aware depth model trained on a synthetic
dataset. Such a dataset can be constructed by applying
the transformation in equation 10 to 3D scenes, thereby
generating consistent RS-aware depth maps. Since both
least-squares estimation and regression are differentiable,
the entire pipeline can be trained end-to-end using motion
supervision, potentially yielding more stable and accurate
results.

6 CONCLUSION

We have presented a method for estimating instantaneous
camera velocity directly from individual rolling shutter im-
ages, effectively producing IMU-like measurements without
requiring an actual IMU. Our evaluations demonstrate that
the method can recover rotational and translational motion
with correct magnitude and direction, and in many cases,
even outperform the previous state-of-the-art (IAAI) as well
as the IMU-derived ground truth. This suggests that rolling
shutter distortions, when properly leveraged, contain rich
information about camera motion.

Despite limitations stemming from the underlying cor-
rection and depth models, our approach offers a strong
foundation for exploiting motion-induced rolling shutter



effects. With improved RS-aware depth estimation and end-
to-end training, we expect the performance to increase
further. Moreover, integrating our method with existing
visual odometry pipelines has the potential to significantly
enhance motion estimation.
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Fig. 4: Rolling-shutter images from the indoor, outdoor, and New College sequences that highlight the rolling shutter
distortion extent in the evaluation sequences. The first column of images are taken without motion.



