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Abstract. Rolling shutter (RS) cameras are widely used in consumer
devices, but their row-wise exposure causes distortions under motion,
making geometric 3D vision problems dependent on both camera in-
trinsics and readout time ratio. Existing RS calibration methods rely
on calibration targets or specialised hardware, limiting their use in un-
constrained settings. We present the first self-calibration method for
RS cameras that directly estimates camera intrinsics and the readout
time ratio from image sequences, without requiring calibration targets.
The method is implemented as a self-calibrating bundle adjustment
(BA), which critically depends on the RS imaging model. We com-
bine two known complementary models. The first formulates RS imag-
ing as continuous-time trajectory estimation under a row-wise pose rep-
resentation. The second interprets RS images as temporally distorted
global shutter (GS) images and requires to estimate correction fields.
The combination is non-trivial and results in a unified dual-projection
model, in which each 3D point is simultaneously constrained at both row-
dependent and reference timestamps along a shared continuous trajec-
tory, enforcing stronger geometric and temporal consistency. Extensive
simulations analyse the applicability of several implementations under
varying conditions, and real data experiments demonstrate the accuracy,
robustness, and practical effectiveness of the proposed approach.
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1 Introduction

RS cameras are widely used in modern consumer imaging devices due to their low
cost, low power consumption, and high frame rate [17,32]. Unlike GS cameras,
which capture the entire image at a single instant, RS cameras expose and read
out sequentially in a row-wise manner. As a consequence, different image rows
correspond to slightly different time points. Under camera or scene motion, this
sequential readout introduces characteristic geometric distortions such as skew,
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Fig. 1: Computation pipeline of the proposed Rolling Shutter Camera Self-Calibration
(RSSC). Given a sequence of RS images, an initial reconstruction of the camera in-
trinsics K, camera poses T, and 3D point coordinates P is first obtained. It is then
refined by the RSSC framework, where a self-calibrating BA jointly estimates the read-
out time ratio . The estimated RS camera parameters can subsequently be used for
downstream tasks such as SLAM, SfM, and RS image correction.
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wobble, and the well-known jello effect . These RS distortions significantly
complicate many fundamental vision tasks, including camera calibration

116,[30], absolute and relative pose estimation [2,[8], as well as BA in
StM and SLAM systems.

The availability of accurate camera parameters is essential for geometric 3D
vision problem, such as 3D reconstruction . Compared with the GS model,
RS imaging requires not only accurate intrinsic calibration but also an explicit
modeling of the temporal readout process, depending on the readout time ratio

(Fig.B(a)). This extra parameter is defined as the ratio between the exposure
readout time and the inter-frame interval [23}/31,[32,[44]; it strongly controls the
magnitude of the RS distortion and is widely adopted in RS image rectification
and camera pose estimation . However, unlike standard
intrinsic parameters, cannot be obtained from GS calibration procedures.

Although RS camera calibration has been studied, existing methods rely on
dedicated calibration patterns or auxiliary sensors, limiting their applicability
in unconstrained environments. In practice, the readout time ratio is often
missing, and purely vision-based self-calibration—without calibration targets or
additional hardware—remains an open objective. To address this challenge, we
propose a general RS self-calibration framework that jointly estimates camera
intrinsics and the readout time ratio directly from image observations, as illus-
trated in Fig. [I]

2 Related Work and Contributions

Global shutter camera self-calibration. Self-calibration for GS cameras has

been extensively studied. Methods fall into three groups: classical, deep learning-
based, and hybrid methods.
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Table 1: Comparison of representative methods, with applicable sensor type (GS
or RS), the need for calibration targets or IMU, and the ability to estimate shutter
parameters.

DroidCalib [11]| SelfSup-Calib [p] ARSC [L]|RSCC [B0] RSC-IMU [{5]|Ours

Sensor type GS GS RS RS RS RS
Target-free 3 3 7 7 3 3
IMU-free 3 3 3 3 7 3
Shutter param. 7 7 3 3 3 3

Classical self-calibration. Classical methods are primarily based on multi-view
geometric constraints to model image sequences. Early work estimated the in-
trinsic parameters of a pinhole camera from three views using the Kruppa equa-
tions [27,(28]. Triggs et al. [38] further derived self-calibration constraints for
planar scenes. These methods were progressively re ned over time, and a com-
prehensive survey is provided in/[14]. More recent studies typically adopt motion-
based pipelines|[33, 39], in which camera intrinsics, 3D structure, and poses are
jointly optimized within BA.

Learning-based self-calibration. Deep learning-based methods can be grouped
into single-image and video-based methods. Single-image methods include image
undistortion networks [41,42] and models that directly regress focal length, radial
distortion, and horizon parameters [5|22}, 25, 45]. Video-based methods typically
adopt self-supervised learning to jointly regress pixel-wise depth, camera motion,
and intrinsic parameters [7,9,10| 18]. However, the accuracy of the estimated
intrinsics is often limited [10].

Hybrid self-calibration. Recent works integrate learning with classical BA, which
improves robustness and accuracy. BA-Net [36] introduces di erentiable BA for
end-to-end pose estimation, while DroidCalib|[11] incorporates a self-calibrating
BA layer into learning-based models. VGG-SfM [[40] and FlowMap |[35] further
tighten the coupling between neural networks and geometric optimization, jointly
enforcing multi-view consistency and optimizing poses, intrinsics, and depth or
3D points within di erentiable frameworks.

Rolling shutter camera calibration. Despite its maturity for GS cameras,
self-calibration does not exist for RS cameras; instead calibration methods are
used, which typically require external calibration targets or additional hardware.
RS calibration from calibration board. Geyer et al. [29] proposed a geometric
model for RS cameras, highlighting their di erences from GS cameras and the
need for precise LED frequency control for calibration. Huai et al. [1] extended
this to full intrinsic calibration using an LED panel, estimating both intrinsics
and row delay. Oth et al. [3Q] introduced a method using calibration board
videos, jointly estimating intrinsics and row delay via continuous-time trajectory
modeling and batch optimization.

RS calibration from IMU. Lee et al. [21] proposed a joint IMU RS camera cali-
bration using a gray-box framework and an unscented Kalman Iter to estimate
IMU noise and sensor parameters. Huai et al. [15] introduced a continuous-time
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Fig. 2: (a) Two perspectives for modeling RS images. Left: the RS image is modeled
as a composition of multiple independently captured single-row GS images; Right: the
RS image is modeled as a single GS image with distortion. (b) The proposed dual-
projection model projects each 3D point twice, onto its original RS 2D point and onto
the rectied GS 2D point.

B-spline representation, assigning a unique camera pose to each feature, improv-
ing calibration accuracy.

Contributions. We propose an RS self-calibration framework where the imag-
ing process is modeled from two complementary perspectives, resulting in three
implementations, as illustrated in Fig. 2. The rst model, denoted RSSC-TE,
is based on continuous-time Trajectory Estimation with cumulative B-splines,
where camera intrinsics, the readout time ratio, camera poses and 3D points
are jointly optimized within a row-wise pose formulation. The second model, de-
noted RSSC-CE, is based on Correction elds Estimation to rectify RS images,
followed by a GS BA with an adapted cost. The estimation of correction elds is
performed by tting projected points with a smooth distortion model. Building
upon these complementary models, we further introduce RSSC-DP, based on
a Dual-Projection model in which each 3D point is simultaneously constrained
by its original RS observation and its rectied GS counterpart. This uni ed
formulation enforces stronger geometric consistency and improves optimization
stability. A comparison with representative methods is provided in Table 1. Our
contributions are summarized as follows:

1. The rst self-calibration method for RS cameras, jointly estimating the in-
trinsics and the readout time ratio without markers or special hardware.

2. The adaptation and combination of two RS camera models to enable self-
calibration, namely pose-based continuous-time modeling and recti cation-
based observation modeling. The combination produces a dual-projection
formulation, improving stability and consistency.

3 Background

We review the RS projection model and then cumulative B-splines on Lie groups.
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