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Abstract

Due to the sequential, one-dimensional mechanical scanning of optical coherence tomography (OCT), a rolling shutter acquisi-
tion mode is induced that produces geometric artefacts due to the relative motion between the imaged object and the OCT probe.
In this paper, we propose a technique that exploits motion artefacts in OCT volumes, to estimate both the 3D shape and motion
of an arbitrary sample. Our proposed method begins by mathematically modelling motion artefacts in OCT in the 3D Cartesian
space S E(3). Subsequently, we develop a methodology to estimate the motion using a volume similarity method that compares a
reference OCT volume with a motion-distorted OCT volume, as a whole, rather than pointwise through 3D-to-3D point matching.
The estimated motion is then utilised to correct any artefacts present in the motion-distorted volume. This methodology is then en-
hanced to estimate both the shape and motion from only one OCT volume acquired using the rosette non-Cartesian scan trajectory
(without prior knowledge of the shape). Our results reveal that accurate shape and motion estimation are achievable using both
numerically simulated and experimental OCT data, demonstrating the robustness of our method.
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1. Introduction

1.1. Background

For the past three decades, optical coherence tomography
(OCT) has been a significant tool in carrying out minimally in-
vasive optical biopsies in ophthalmology and lately in oncol-
ogy [1, 2, 3, 4, 5, 6, 7]. OCT is an optical diagnostic imaging
modality that utilises low-coherence interferometry to obtain
high-resolution, one-dimensional axial scans (A-scan), cross-
sectional (B-scan) images and volumetric (C-scan) datasets of
internal tissue micro-structure in the micrometer resolution range
by measuring echoes of backscattered light [8, 9, 10, 11, 12, 13,
14]. During OCT data acquisition, the OCT device sequentially
records the intensity and delay of reflections along the path of
the light beam through an object [15] to form an A-scan. Then,
to form images (B-scans) or 3D-volumes (C-scans), a mechan-
ical scanner conventionally follows a raster trajectory within a
scan coordinate system covering the x and y positions of the
scanning mechanism, and the axial depth along the light beam
(z − axis) [16, 17]. Thereby, an OCT image or volume does
not represent a single moment in time, but rather, it is a con-
catenation of one-dimensional data (A-scans) captured over a
period of time. When there is relative movement between the
imaged object and the OCT probe, distortions or inconsisten-
cies referred to as motion artefacts are introduced in the vol-
ume. Motion artefacts are thus inherent to OCT imaging due to
the principle of data acquisition, as can be observed in Fig 1.
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a OCT data acquired when a bee-head is
stationary

b OCT data acquired when a bee-head is in
translatory motion In the x − axis

Fig. 1: Motion artefacts of a bee-head due to motion during OCT scanning

In the realm of medical imaging, motion artefacts can arise
from patient movements during the image acquisition process.
Involuntary movements like respiration, and voluntary actions
due to patient discomfort, can manifest as blurring, streaking,
or shading within the captured images [18]. Ignoring patient
movement ( consequently tissue motion) during image acquisi-
tion and later on processing, degrades the image quality which
can result in inaccurate diagnoses by medical professionals [19].

Before proceeding further, it shall be noted that motion arte-
facts are not restricted to OCT, but also to standard cameras
working in the so-called rolling shutter acquisition mode [18,
20, 21]. Indeed, one major drawback of rolling shutter cameras
is the introduction of geometric distortions in acquired images,
when either the camera or the target is in motion. These dis-
tortions occur because pixels are acquired at different points in
time [22, 23, 24], and there has been a tremendous research on
that topic in parallel to OCT motion artefact compensation. The
latter serves as an inspiration to this work, namely for the com-
pensation for a full motion in the Cartesian space S E(3) (i.e.,
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3 dimensions in translation and 3 dimensions in rotation). In
particular, rolling shutter acquisition has been applied to high-
speed robot control [25]. As a consequence, motion correc-
tion techniques not only aim to ensure that the A-scans in cor-
rected OCT data accurately represent their expected locations,
irrespective of any motion that may have occurred during data
acquisition but also could be used in conjunction with micro-
robotics in view of intracorporeal robot-assisted optical biopsy
and surgery.

There are two main ways to correct for motion artefacts
in OCT; intra-processing and post-processing methods. Intra-
processing methods aim to mitigate motion artefacts during data
acquisition through specialised or improved hardware designs
[26, 27, 28]. One approach involves incorporating advanced
optics for rapid scanning, which would reduce acquisition time
and the likelihood of motion-induced artefacts [29]. Another
approach employs real-time tracking of OCT measurement de-
viations. This is achieved through an additional imaging modal-
ity such as a scanning laser ophthalmoscope [30]. Real-time
tracking allows dynamic adjustments to the scanning mecha-
nism positions during data acquisition, compensating for motion-
related inconsistencies and enhancing the accuracy and relia-
bility of OCT measurements [16, 31]. However, introducing
or modifying specialised hardware can be challenging, espe-
cially in miniaturised scenarios like endoscopy, where space
limitations exist. Post-processing methods aim to mitigate OCT
motion artefacts during the image processing stage, primarily
through software approaches, ie., after data acquisition [32, 33].
Approaches include correcting OCT data using images/data from
another modality unaffected by motion artefacts [34, 35], or em-
ploying cross-correlation techniques on successively acquired
OCT data to filter out motion effects [36, 37, 38]. Since cross-
correlation techniques take time, it was recently proposed to
rely on feature detectors and matching to develop fast compen-
sation [39]. The last class of post-processing methods relies on
deep-learning methods [40, 41, 42]. The use of another imaging
modality may pose challenges in miniaturised scenarios. More-
over, existing cross-correlation approaches typically use 2D im-
ages not 3D volumes, and are primarily focused on ophthalmol-
ogy [32, 36, 43, 44, 45]. If ophthalmology represents the largest
application domain of OCT motion artefact compensation [46],
it is nevertheless a specific case of the latter since the consid-
ered eye motion in existing approaches involves translation and
tilt (in-plane rotation) without depth, i.e., 2D Cartesian motion
(S E(2)) only. Finally, deep learning is associated to concerns
about the trust one can give to the databases used for learning
and the inexplicability of the results - especially in the clinical
regulatory context - as well as environmental costs.

These different methods offer valuable solutions for mitigat-
ing motion artefacts in OCT data, allowing for improved qual-
ity and accurate interpretation of the underlying structures. The
choice of the specific method depends on the nature of the mo-
tion artefacts and the available imaging resources.

1.2. Contributions
In this paper, our contribution is the proposal of a novel

numerical method that leverages OCT motion artefacts, and a

volume similarity method to estimate the motion in all six di-
mensions of the Cartesian space S E(3) that caused the arte-
facts, drawing inspiration from robotics and computer vision
concepts. The method employs a kinematic model to simulate
motion artefacts in an OCT point cloud volume, which is subse-
quently used to estimate the corresponding instantaneous linear
and angular velocities responsible for the motion artefacts with-
out using any feature detector nor matching. These estimated
velocities are then used in this paper to correct for the artefacts,
resulting in a motion-free corrected volume. Notably, the pro-
posed method is efficient, robust, and doesn’t necessitate any
additional hardware or instrumentation. The proposed method
is also more explicable than deep-learning methods [40, 41]
without the environmentally unaffordable need of large training
datasets. The proposed motion estimation method extends its
applicability beyond 2D images with discontinuities to address-
ing artefacts in 3D OCT volumes. Correcting for motion arte-
facts in 3D OCT volumes is particularly challenging due to their
high dimensionality and the likelihood of distortions occurring
within the volume. This represents a significant advancement
over existing methods, which are typically limited to 2D OCT
images and/or predominantly applied in ophthalmology appli-
cations. Moreover, this paper presents a novel approach for
shape and motion estimation based on a single OCT volume ob-
tained using the rosette non-Cartesian/non-raster trajectory, or
an R-scan for short. This is an approach that marks a paradigm
shift from conventional OCT volume motion artefacts compen-
sation which typically relies on two sequential OCT volumes.
By eliminating the need for two consecutive volumes, this ap-
proach reduces the amount of data required and, consequently,
the computation costs needed. Actually, our method is more
frugal and affordable to the environment than most of the exist-
ing techniques since it uses few thousands of A-scans (equiva-
lent to few B-scans) instead of full C-scans, reducing drastically
the amount of data to be treated.

The structure of the paper is as follows: Section 2 addresses
the mathematical modelling of motion artefacts in OCT and in-
troduces the proposed motion estimation methodology for OCT
volumes affected by such artefacts. Section 3 presents the nu-
merical simulations conducted to validate the proposed method-
ology. Section 4 describes the experimental setup, along with
the results and discussion. Section 5 discusses the computation
time and efficiency, Section 6, the limitations of the study, and
Section 7 concludes the paper and outlines future perspectives.

2. 3D shape and motion estimation from OCT volumes

In this section, we begin by formulating a comprehensive
mathematical model that describes the occurrence and charac-
teristics of motion artefacts in OCT imaging. Motion in the
proposed model may manifest through pure translations, pure
rotations, or a combination of both. Thereafter, we detail our
proposed method for 3D motion estimation from OCT volumes
affected by motion artefacts having a reference shape and lever-
aging on volume similarity. This approach is further developed
to a scenario where prior knowledge of the shape is not neces-
sary, thus enabling the estimation of both 3D shape and motion.
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Fig. 2: Schematic of a distorted OCT volume due to motion during data acqui-
sition

2.1. Modelling of motion artefacts in OCT
As a result of the sequential nature of OCT data acquisi-

tion, all the voxels of the scanned object are not acquired si-
multaneously, as in the case of a global shutter camera. Instead,
each voxel is acquired one after the other in a sequential man-
ner. Therefore, when there is instantaneous motion during data
acquisition, distortions are introduced in the resulting OCT vol-
ume just as distortions are introduced in a rolling shutter camera
image. To develop a generic model of rolling shutter in OCT,
one voxel is considered in the A-scan of an OCT volume of an
object given by Pi(t0) in the object frame FB(t0), as shown in Fig
2 (t0 is the initial time before any motion). At time t, the object
would have undergone a displacement due to the instantaneous
motion, linear velocity, V⃗ and angular velocity, Ω⃗. The motion
and the time delay between the acquisition of voxels introduces
a transformation (B(t0)TB(t)) that shifts the location of the object
frame, and thus of each voxel, to a different location (taking
into account motion during time t0 to t), as illustrated in Fig 2.

The homogeneous coordinates of one voxel at time t0 in the
object frame, FB(t0) are:

B(t0)P̃i(t0) =


xi

yi

zi

1

 =
[

B(t0)Pi(t0)
1

]
(1)

At time t, the voxel has undergone a transformation due to
the instantaneous motion during time t − t0:

B(t)P̃i =
B(t0)TB(t)

−1 B(t0)P̃i (2)

It is necessary to estimate the motion model; B(t0)TB(t). Solv-
ing for all voxels, Pi...n, individually is an underconstrained
problem, we therefore make two regularizing assumptions;

☛ Rigid body motion (the volume is non-deforming) i.e.,
B(t)P̃i(t) =B(t0) P̃i(t0)

☛ Constant velocity of the object in its local frame i.e.,
B(t)V⃗B(t) = V⃗ , B(t)Ω⃗ = Ω⃗

From now on Pi will be represented as P for clarity and read-
ability. Due to the object motion, the total velocity of the single
voxel is given by:

B(t)Ṗ(t) = B(t)V⃗B(t) +
B(t) Ω⃗ ∧B(t) P(t) (3)
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Fig. 3: Schematic of the OCT and object frames

where V⃗ is the linear velocity and Ω⃗ is the angular velocity of
the rigid object at time t, and ∧ is the cross product symbol.
Re-writing equation 3 in homogeneous coordinates results in:

B(t) ˙̃P(t) =
[

B(t)Ṗ(t)
0

]
=

[
B(t)V⃗B(t) +

B(t) Ω⃗ ∧B(t) P(t)
0

]
(4)

Re-arranging equation 4 using the skew-symmetric matrix
[Ω⃗]∧ yields,

B(t) ˙̃P(t) =
[
[B(t)Ω⃗]∧ B(t)V⃗B(t)

0 0

]
B(t)P̃(t) (5)

Equation 5 is a 1st order ODE in R4. Leveraging on the
concept of the exponential map (Lie theory) as detailed in [47,
48], it solves, such that:

B(t)P̃(t) = expm
([

[B(t)Ω⃗]∧ B(t)V⃗B(t)
0 0

]
(t − to)

)
B(t0)P̃(to) (6)

Therefore, the motion model (transformation of the object
at time t0 to object at time t) i.e., during movement and OCT
scanning is:

B(t0)TB(t) = expm
([

[B(t)Ω⃗]∧ B(t)V⃗B(t)
0 0

]
(t − to)

)
(7)

So far, we haven’t considered the observation of the object
from the OCT frame (the OCT volumes are processed in the
OCT frame) as shown in Fig 3. Taking the analogy of rolling
shutter in OCT, the equation of motion of the voxel at time t in
the OCT frame, Foct is thus given by:

octP̃(t) = octTB(t)
B(t)P̃(t) (8)

The transformation of the object from the object frame to
the OCT frame is as given in equation 9:

octP̃(t) = octTB(t0)
B(t0)TB(t)

B(t)P̃(t) (9)

Knowing the instantaneous linear and angular velocities,
simulated motion-distorted OCT volumes can be obtained us-
ing equation 9.
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2.2. 3D motion estimation from an OCT volume with motion
artefacts

Motion estimation in volumes differs from motion estima-
tion in 2D images due to differences in dimensionality (voxels
instead of pixels), and most notably, the complexity involved in
performing 3D feature detection and 3D-3D matching. Match-
ing between two volumes necessitates estimating the distance
between them rather than calculating the sum of square dis-
tances between matched points. As a result, the process would
involve computing the full corrected volume and subsequently
comparing it to the reference volume. This comparison can be
conducted B-scan by B-scan or slice (en face image in the x− y
plane) by slice but is rather complex for volume by volume.
Therefore, in this paper, we propose to use a top down approach
in addition to a volume-wise criterion of similarity. Implement-
ing a volume-wise criterion of similarity, is one novelty of our
proposed method. Assuming that the imaged object is inher-
ently smooth, jumps between consecutively acquired OCT vol-
umes are induced by motion only [49]. To perform motion cor-
rection of OCT data as illustrated in Fig 4, it is necessary to
estimate the instantaneous linear (V⃗) and angular velocity (Ω⃗)
in addition to the pose octTB(t0). This is achieved by minimising
an objective function that reduces the similarity error between
a corrected volume and a corresponding reference volume. To
compute this similarity error ϵ, equation 10 is used:

ϵ(V⃗ , Ω⃗, octTB(t0)) = similarity error(Vre f erence,Vcorrected) (10)

where the reference volume,Vre f erence, is defined by:

Vre f erence =
{

B(t0)Pi(t0) ∀i ∈ [1, n]
}︸                        ︷︷                        ︸

reference volume

, (11a)

the corrected volume,Vcorrected, is calculated by:

Vcorrected =

B(t0)TB(t)
−1 octTB(t0)

−1 octP j(t) ∀ j ∈ [1,m]︸                    ︷︷                    ︸
distorted volume due to V,Ω

︸                                                      ︷︷                                                      ︸
corrected volume due to V,Ω

,

(11b)

and n and m are the number of voxels in the respective volumes.
Also, B(t0)TB(t) depends on (V⃗ , Ω⃗) by equation 7 and equation
11b (which performs motion compensation) derives by the in-
version of equation 9 such that:

B(t0)P̃(t0) = B(t)P̃(t) = B(t0)TB(t)
−1 octTB(t0)

−1 octP̃(t) (12)

To compute ϵ, we employ the objective quantitative met-
ric, PointPCA, detailed in [50]. PointPCA is a full-reference
statistical metric that assesses local shape and appearance by
comparing a point cloud under evaluation with its reference. To
compute volumetric similarity, PointPCA considers geometric
descriptors (eigenvalues, linearity, planarity, sphericity, anisotropy,
omnivariance, eigenentropy, surface variation, roughness, par-
allelity) based on principal component analysis (PCA) to cap-
ture local shape properties relative to topology. In addition,
textural descriptors (luminance measurement) account for ap-
pearance properties. The volume similarity score is then com-
puted using statistical functions (mean and standard deviation)
applied to the geometric and textural descriptor values, captur-
ing local relationships between the two point clouds. These
statistical features effectively capture dependencies within lo-
cal neighborhoods yielding measurements that are more per-
ceptually relevant. In particular, they are well aligned with key
characteristics of the human visual system: the local mean re-
flects low-pass filtering behavior, while the local standard de-
viation quantifies sensitivity to high-frequency variations. The
comprehensive technical and scientific details of the PointPCA
metric are provided in [50], and the corresponding software im-
plementation is publicly accessible at https://github.com/
cwi-dis/pointpca.

Formally, the determination of the optimal motion correc-
tion values is expressed as a nonlinear minimisation problem:

(V⃗∗, Ω⃗∗, octT ∗B(t0)) = argmin
{V⃗ ,Ω⃗,octTB(t0)}

ϵ(V⃗ , Ω⃗, octTB(t0)) (13)

This problem involves a total of 12 unknowns, which con-
sist of the linear and angular velocities of the observed motion,
as well as the transformation pose that encompasses transla-
tion and rotation between the OCT frame and the object frame.
Therefore, starting with an initial guess for V⃗ , Ω⃗ and octTB(t0),
an iterative optimisation process will execute motion correction
to address the induced distortion.

For the optimisation process, we compute the inverse trans-
formation for each voxel in the distorted OCT volume using
equation 11b to obtain a corrected OCT volume. Equation 11b
takes into account the previously estimated instantaneous linear
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and angular velocity values as well as the transformation pose.
By applying this inverse transformation to every voxel in the
distorted OCT volume, we can effectively correct the motion
artefacts and generate a desired artefact-free corrected volume.
This process ensures that each voxel is appropriately adjusted
based on the corresponding motion information, resulting in an
artefact-free representation of the volume. The quality of this
correction is then assessed using equation 10 to further update
the estimation of V⃗ , Ω⃗ and octTB(t0). Upon successful iterations,
the process determines the optimal V⃗∗, Ω⃗∗, octT ∗B(t0), and does the
compensation using them, making the corrected volume similar
to the known reference one.

2.3. 3D shape and motion estimation from OCT volumes with
motion artefacts

In contrast to sub-section 2.2 where motion estimation was
performed using a known reference OCT volume, in this sub-
section, we propose a method to estimate the shape and motion
from a single unknown motion-distorted OCT volume without
prior knowledge of the shape. The distorted OCT volume is ac-
quired during motion using the rosette non-raster trajectory and
provides an R-scan. As detailed in [51], the rosette trajectory
is recommended as a non-raster scanning approach for OCT
volumetric acquisitions. Employing the rosette trajectory al-
lows for significant time savings without a substantial sacrifice
in OCT volume quality [51]. Moreover, while the rosette tra-
jectory could currently have hardware constraints (since most
scanners are optimised for raster scanning), the design of the
mechanical characteristics of the scanner could be simplified to
some degree. Rather than having two galvanometric scanners
for the x − axis and y − axis, an optimal design with only one
actuator that traces the rosette path could be developed. Such a
design would likely consume less energy and occupy less space
since only one actuator would be needed instead of two [51].
This could potentially be further beneficial in terms of clinical
applications, when OCT probes that are mounted on a robotic
endoscope need to be miniaturized.

2.3.1. The rosette scan trajectory and its peculiarities
The rosette scan trajectory is an epitochroid where the dis-

tance between the centre of the rolling circle and the rotating
point is equal to the sum of the radii of a fixed and a rolling cir-
cle [52]. It is a periodic pattern that repeats itself over a certain
time interval intersecting itself at specific points. As shown in
Fig 5a, we see the intersections of three successive petals of the
rosette pattern highlighted by different colours along with their
midlines and bisectors. The pattern symmetry of the rosette tra-
jectory indicates that the petals intersect not only at the origin
but also at their midlines as well as at the bisector of two con-
secutive midlines. In Fig 5b, the intersections are shown by ×
and the edge points by ∗. We see that the intersections lie on
the concentric circles. The intersections that are close to the pe-
riphery are located on the first circle and the ones close to the
origin remain on the innermost (fourth) concentric circle [52].

The authors in [52] elaborate that the rosette scan trajec-
tory doesn’t require back and forth motions and that the self-
intersections of large temporal separation provides information

Fig. 5: Illustration of the rosette scan pattern; (a) Three successive petals of
the pattern depicted by different colours, (b) Concentric circles crossing the
intersections - the intersections are shown by × and the edge points by ∗ [52]

that may be used to detect and remove height drift (image arte-
facts where sample features are partially removed or tilted due
to the thermal fluctuations of instrument parts, specifically, slow
expansion and contraction) in atomic force microscopy images
[53]. Moreover, a study by Bush et al. [54], demonstrated that
by acquiring magnetic resonance images using the rosette tra-
jectory, motion artefacts were reduced and thus there was no
need for motion compensation. In their image reconstruction
model, motion was therefore not taken into account. However,
in OCT, we observe a different phenomena. Leveraging the pe-
riodicity and the intersecting nature of the rosette pattern, we
propose to estimate the 3D shape and motion from a single OCT
motion-distorted volume acquired using the rosette trajectory.

2.3.2. Proposed shape and motion estimation method from a
single OCT volume

As can be seen in Fig 5, the rosette scan trajectory has sev-
eral intersections within itself. Therefore, during data acquisi-
tion, data will be acquired repeatedly on some scan positions.
During the point cloud image processing step, we can extract
two volumes from the OCT data collected using the rosette tra-
jectory. If the data was acquired while the object is station-
ary, the two extracted volumes (they will be referred to as sub-
volumes from now on) should be completely identical. How-
ever, if the data was acquired while the object is in motion, the
two sub-volumes will be different to some degree (depending
on the magnitude of the motion). As mentioned in sub-section
2.2, assuming rigid body motion, we can correct for the motion
distortion if we know the linear and angular velocities. What is
remarkable is that, when we perform motion correction on the
two distorted sub-volumes separately, they revert back to be-
ing identical once more. Therefore, if we can extract two sub-
volumes from a single OCT volume, motion estimation can be
performed. Since the rosette trajectory is an optimal scan tra-
jectory [52], we can further exploit its nature to perform motion
estimation by obtaining data only once.

Similarly to how the distortion motion was estimated using
two consecutive OCT volumes in sub-section 2.2, we can em-
ploy a slightly modified version of the method. To begin, Fig 6
illustrates an OCT volume Rs (obtained using the rosette trajec-
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tory; also referred to as R-scan), from which two sub-volumes,
S 1 and S 2, have been extracted from. The sub-volumes S 1,motion− f ree

and S 2,motion− f ree each contain a subset of points from Rs, such
that; S 1,motion− f ree = {Pk(tk), ∀tk ∈ [t0, t′]}, S 2,motion− f ree =

{Pl(tl), ∀tl ∈ [t0, t′′]}, where Pk and Pl are voxels of the sub-
volumes S 1 and S 2 respectively, t0 is the time at the beginning
of OCT data acquisition, t′ and t′′ is the time at which the last
voxel of S 1 and S 2 respectively has been acquired.

Fig 7 illustrates the proposed method to estimate the distor-
tion motion from one OCT volume. From Fig 7, the objective is
to estimate the same linear (V⃗) and angular (Ω⃗) velocity that can
be used to correct the two distorted sub-volumes and make them
identical i.e., two subsets of one unique set, in the object shape,
in the same frame FB(t0) which isn’t known beforehand. This
is achieved by minimising an objective function that reduces
the similarity error between the corrected sub-volumes. The
error ϵa is computed using equation 14. Even though the ac-
quired distorted sub-volumes appear different, when accurately
corrected they should be similar. We can thus form the follow-
ing similarity error:

ϵa(V⃗ , Ω⃗, octTB(t0)) = similarity error(S 1,corrected, S 2,corrected)
(14)

where the two corrected subsets are obtained as in equation 11b:

S 1,corrected =

{
B(t0)TB(tk)

−1 octTB(t0)
−1 octPk(tk) ∀tk ∈ [t0, t′]

}
︸                                                        ︷︷                                                        ︸

corrected sub-volume 1 due to V,Ω

(15a)

S 2,corrected =

{
B(t0)TB(tl)

−1 octTB(t0)
−1 octPl(tl) ∀tl ∈ [t0, t′′]

}
︸                                                       ︷︷                                                       ︸

corrected sub-volume 2 due to V,Ω

(15b)

Again, to compute ϵa, the objective quality metric Point-
PCA [50] is used. The resulting optimisation problem that
needs to be solved using a numerical algorithm to obtain motion
correction values is:

(V⃗∗, Ω⃗∗, octT ∗B(t0)) = argmin
{V⃗ ,Ω⃗,octTB(t0)}

ϵa(V⃗ , Ω⃗, octTB(t0)) (16)

Note that, we assume here that the velocity is constant and
equal for each of the two sub-volumes.

2.4. Summary of the method

The algorithm described above can be summarized by the
pseudo-code in Algorithm 1. This algorithm was implemented
in MATLAB with function ga.

3. Numerical simulations

To validate the proposed methods, simulation studies were
performed. The frame FB(t0) is arbitrary and in practice it can
often be chosen as FB(t0) = Foct. Therefore, the pose octTB(t0), is

Algorithm 1 Shape and motion estimation algorithm

Require: Trajectory ▷ 2D Rosette scan trajectory points
Require: N = 200 ▷ Population size
Require: MaxIter = 100 ▷Maximum generations
Require: Threshold = 10−6 ▷ Function tolerance
Require: MaxS tall = 50 ▷ Stall generations limit
Require: EliteCount = 10, CrossoverFraction = 0.8
Require: Selection: stochastic uniform, Crossover: scattered,

Mutation: adaptive feasible
Data acquisition:
R−scan, t0, t′′ ← Scan along Trajectory
Estimation initialisation:
{octP j,∀t j ∈ t0, t′′} ← Eliminate low intensity voxels from
R-scan
S 1,distorted ← {

octPk,∀tk ∈ t0, t′}
S 2,distorted ← {

octPl,∀tl ∈ t0, t′′} ▷ Extract two sub-volumes
from R−scan
V⃗ , Ω⃗← 0, iter ← 0, stall← 0
Optimization: ▷ Genetic algorithm
V⃗1, Ω⃗1 ← random initial guess ▷ Seed one individual
for s← 2..N do ▷ Create remaining population randomly

V⃗s, Ω⃗s ← random values
end for
repeat

for s← 1..N do ▷ Update the population
Update V⃗s, Ω⃗s using genetic operations

end for
for s← 1..N do ▷ Assess the new population

B(t0)TB(t) ←
∫

V⃗s, Ω⃗s dt ▷ from equation 7
Compute S 1,corrected s from equation 15a
Compute S 2,corrected s from equation 15b
Compute ϵas from equation 14
Store V⃗s, Ω⃗s, S 1,corrected s, S 2,corrected s, ϵas

end for
Preserve top EliteCount individuals
Choose (V⃗ , Ω⃗, S 1,corrected, S 2,corrected) with lowest ϵa
iter + +
Update stall ▷ Increment if no improvement, else reset

until (ϵa < Threshold) or (iter > MaxIter) or (stall >
MaxS tall)
if (ϵa < Threshold) then

Best motion estimate (V⃗∗, Ω⃗∗)← (V⃗ , Ω⃗)
Corrected OCT volume← S 1,corrected ∪ S 2,corrected

else
Check validity of the solution

end if
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considered as the identity matrix and the objective function is
simplified to:

(V⃗∗, Ω⃗∗) = argmin
{V⃗ ,Ω⃗}

ϵ(V⃗ , Ω⃗) (17)

The objective function in equation 13 and 16 were imple-
mented in MATLAB and the genetic algorithm function ga se-
lected for the optimisation process. The genetic algorithm can
be applied to solve problems that are not well suited for stan-
dard optimisation algorithms, particularly problems in which
the objective function is discontinuous, non-differentiable, stochas-
tic or highly non-linear [55] as is the case in our objective func-
tion. To assess the stability as well as the consistency of the
optimisation process, and consequently the motion estimation,
random design of experiments were conducted [56].

3.1. 3D motion estimation from OCT volumes with motion arte-
facts

The following steps were taken to implement the random
design of experiment:

→ The minimum and maximum boundaries for the instanta-
neous linear velocities in the x, y and z axes were selected.
The lower bound was −3mm/s and upper bound 3mm/s.
Uniform random instantaneous linear velocities to intro-
duce distortions in an OCT volume were then generated
with respect to the mentioned bounds for 50 runs.

→ The minimum and maximum boundaries for the instan-
taneous angular velocities in the x, y and z axes were
selected. The lower bound was −0.03rad/s and upper
bound 0.03rad/s. Uniform random instantaneous angu-
lar velocities to introduce distortions in an OCT volume
were then generated with respect to the mentioned bounds
for 50 runs.

→ Initial values for the optimal motion estimation process
were also randomly generated for the linear and angular
velocities with respect to the mentioned bounds in the
previous two steps.

→ The motion estimation process was then run until a con-
vergence threshold was met (if the error ϵ between suc-
cessive generations fell below 10−6), but bounded by a
maximum of 100 iterations. Optimal values for the linear
and angular velocities were then obtained.

Furthermore, Gaussian noise with a mean of 0 and a stan-
dard deviation of 10 was introduced to 50% of the data. This
noise was applied to the intensity value of each voxel in the
distorted OCT volume.

Table 1 shows the OCT volumes with motion artefacts and
the corrected OCT volumes for some of the optimisation runs.
The linear and angular velocities that were used to simulate the
motion distorted volumes are provided as well as the estimated
velocities after the motion estimation process.

3.1.1. Qualitative analysis
From the columns of distorted volumes (top view and 3D

view) in Table 1, we see the significant effects of motion arte-
facts. In most of the images, the distorted OCT volume is barely
recognisable from the motion-free OCT volume (see for in-
stance the third and fourth row, the second and third column
in Table 1). However after motion estimation and later on cor-
rection, the volumes are closely similar to the motion-free OCT
volume (as illustrated in the fifth and sixth column of Table 1).
These results show that the proposed motion estimation method
works.
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Table 1: Results from a few motion estimation runs (blue points - reference volume, red points - motion-distorted volume, green points - corrected volume). The
units for the linear velocities, V , are in mm/s and angular velocities, Ω, are in 1e − 2rad/s

Applied
motion

Reference and
motion-distorted
volume (top view)

Reference and
motion-distorted
volume (3D view)

Estimated
applied
motion

Reference and
corrected volume
(top view)

Reference and
corrected volume
(3D view)

Vx = −1.77
Vy = 2.05
Vz = −2.97
Ωx = −1.39
Ωy = −1.46
Ωz = −1.26

Vx = −1.79
Vy = 2.03
Vz = −2.97
Ωx = −1.40
Ωy = −1.45
Ωz = −1.26

Vx = 2.58
Vy = 1.18
Vz = 2.69
Ωx = 2.22
Ωy = 0.89
Ωz = −2.19

Vx = 2.58
Vy = 1.19
Vz = 2.69
Ωx = 2.23
Ωy = 0.89
Ωz = −2.19

Vx = −1.88
Vy = −2.91
Vz = 0.95
Ωx = 1.81
Ωy = −1.13
Ωz = 1.37

Vx = −1.86
Vy = −2.88
Vz = 0.92
Ωx = 1.83
Ωy = −1.15
Ωz = 1.37
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Fig. 8: Optimisation errors
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Fig. 9: Initial vs final (after optimisation) PointPCA error

3.1.2. Quantitative analysis
The absolute difference between the expected and the ini-

tial linear and angular velocities was computed for each axis;
in addition, the difference between the expected and the final
optimised values was also computed. These errors are plotted
in Fig 8, in the order of increasing initialisation error. From Fig
8, we observe a steady optimisation error of almost zero in all
the axes for all of the simulation runs even though the initiali-
sation error increases. This validates that the proposed motion
estimation method is robust to the initialisation guesses.

Moreover, both the initial and final PointPCA similarity er-
ror value, ϵ that is minimised during the optimisation process
is plotted as illustrated in Fig 9. We observe that the similarity
error after optimisation is nearly zero in all the runs. This is in-
dicative of the accurate motion estimation from an OCT volume
having geometric motion artefacts.

3.2. 3D shape and motion estimation from OCT volumes with
motion artefacts

For this method, the following steps were followed to im-
plement the random design of experiment:

→ The minimum and maximum boundaries for the instanta-
neous linear velocities in the x, y and z axes were selected.
The lower bound was −2mm/s and upper bound 2mm/s.
Uniform random instantaneous linear velocities to intro-
duce distortions in an OCT volume were then generated
with respect to the mentioned bounds for 50 runs.

→ The minimum and maximum boundaries for the instan-
taneous angular velocities in the x, y and z axes were
selected. The lower bound was −0.02rad/s and upper
bound 0.02rad/s. Uniform random instantaneous angu-
lar velocities to introduce distortions in an OCT volume
were then generated with respect to the mentioned bounds
for 50 runs.

→ Initial values to the optimal motion estimation process
were also randomly generated for the linear and angular
velocities with respect to the mentioned bounds in the
previous two steps.

→ The motion estimation process was then run until a con-
vergence threshold was met (if the error ϵa between suc-
cessive generations fell below 10−6), but bounded by a
maximum of 100 iterations. Optimal values for the linear
and angular velocities were then obtained.

Table 2 highlights a comparison between the distorted OCT
volumes containing motion artefacts and the corresponding cor-
rected OCT volumes for a selection of the optimisation runs.
The table includes information about the linear and angular ve-
locities used to simulate the distorted volumes and the estimated
velocities obtained through the motion estimation process.

3.2.1. Qualitative analysis
Upon examining the columns displaying the motion-distorted

volumes from both top and 3D views, the pronounced impact
of motion artefacts is evident. In most cases, the distorted OCT
volume bears little resemblance to the motion-free OCT vol-
ume. However, following the motion estimation and subse-
quent correction, the volumes closely resemble the motion-free
OCT volume. For instance, in the second and third row of
Table 2, the motion-distorted OCT volumes exhibit a signifi-
cant deterioration compared to the motion-free volume. De-
spite this considerable geometric distortion, the 3D motion in
S E(3) that caused the distortion is estimated, and a correc-
tion applied. Upon comparing the corrected volume with the
motion-free volume, they closely resemble each other as seen
in the fifth and sixth columns of Table 2. These results convinc-
ingly demonstrate the effectiveness of the proposed shape and
motion estimation method from just one distorted OCT volume
obtained using the rosette scan trajectory.

3.2.2. Quantitative analysis
The absolute difference between the expected and initial lin-

ear and angular velocities were calculated individually for each
axis, and likewise, the discrepancies between the expected and
the final optimised values were computed. These deviations
were then graphically illustrated in Fig 10, sorted in ascending
order based on the initial error magnitude. Fig 10 demonstrates
a consistent final error that approaches nearly zero in all axes
across all the simulation runs, despite the initial error increas-
ing. This observation affirms the robustness of the proposed
motion estimation method to variations in the initial guess val-
ues.

On plotting both the initial and final PointPCA similarity
error value, ϵa that is minimised during the optimisation pro-
cess as illustrated in Fig 11, we observe that the similarity error
after optimisation is nearly zero in all the runs. This is indica-
tive of the accurate shape and motion estimation from one OCT
volume obtained using the rosette scan trajectory and having
motion artefacts.
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Table 2: Results from a few motion estimation runs from a single distorted OCT volume (blue points - motion-free volume, red points - motion-distorted volume,
green points - corrected volume). The units for the linear velocities, V , are in mm/s and angular velocities, Ω, are in 1e − 2rad/s

Applied
motion

Motion-free and
motion-distorted
volume (top view)

Motion-free and
motion-distorted
volume (3D view)

Estimated
applied
motion

Motion-free and
corrected volume
(top view)

Motion-free and
corrected volume
(3D view)

Vx = 0.70
Vy = 1.36
Vz = −0.68
Ωx = −1.90
Ωy = −1.05
Ωz = −1.40

Vx = 0.69
Vy = 1.42
Vz = −0.66
Ωx = −1.87
Ωy = −1.04
Ωz = −1.40

Vx = 0.07
Vy = 0.03
Vz = 1.88
Ωx = −1.02
Ωy = 1.17
Ωz = 0.22

Vx = 0.08
Vy = 0.05
Vz = 1.89
Ωx = −1.01
Ωy = 1.16
Ωz = 0.22

Vx = −1.90
Vy = −0.27
Vz = −1.59
Ωx = −0.09
Ωy = 0.17
Ωz = 0.57

Vx = −1.88
Vy = −0.15
Vz = −1.61
Ωx = −0.03
Ωy = 0.16
Ωz = 0.57
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Fig. 10: Optimisation errors
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Fig. 11: Initial vs final (after optimisation) PointPCA error

4. Experimental validation

For the experimental validation, an OCT device was con-
figured in an eye-to-hand setup on a parallel robotic platform,
as depicted in Fig 12. The biological sample was positioned
on the platform during the experiments. Translation and rotary
motions were then introduced to the object during data acquisi-
tion using the parallel robot. This setup enabled the execution
of realistic motion scenarios and facilitated an accurate assess-
ment of the effectiveness of the motion estimation method.

4.1. Experimental Setup Description
To obtain OCT distorted volumes due to motion, the OCT

device used is the Telesto II 1325nm spectral domain from Thor-
labs as shown in Fig 12. It provides 1D depth (A-Scan), 2D
cross-section (B-Scan) and 3D volumetric (C-Scan) images with
5.5µm axial resolution, 7µm lateral resolution and 3.54mm depth
penetration. It also provides a so-called free-form B-scan mode,
where A-scans are acquired along a trajectory of any shape.
This mode was used to scan the volume along a rosette tra-
jectory (R-scan). The device has a maximum A-Scan (optical
core) acquisition rate of 76kHz with a maximum field-of-view
of 10 × 10 × 3.54mm3. The object to be scanned is placed on
a fixed robotic platform; a 6-DoF 3PPSR parallel robot from
Physical Instruments (SpaceFAB SF-3000 BS). It has the fol-
lowing characteristics: a maximum space reachable in transla-
tion of (tx, ty, tz) = (50mm, 100mm, 12.7mm) and a maximum
space reachable in rotation of (rx, ry, rz) = (10°, 10°, 10°). Its
linear resolution is 0.2µm with a repeatability of ±0.5µm and its
angular resolution is 0.0005° with a repeatability of ±0.0011°.
Two computers are used to carry out the experiments; the first
(a 3.70 GHz Intel Xeon W-2145 CPU with 32Gb RAM and
Windows 10 OS) is used for OCT data acquisition as well as
data processing, and the second (a 3.20 GHz Intel Core CPU
with 4Gb RAM and Windows 7 OS) is dedicated for the con-
trol of the parallel robot. These two computers communicate
with each other asynchronously via the TCP/IP protocol.

4.2. 3D motion estimation from experimentally obtained OCT
volumes with motion artefacts

For our experiments, the field of view was constrained in the
x − y plane to 6mm × 6mm and a depth of 3.54mm along the z
axis. The number of scan positions was 10000 and each A-scan
contained 1024 elements, each encoded on 8 bits. Therefore,
the C-scans had 10000 × 1024 voxels. The acquisition time of
a C-scan was about 350ms. This time includes the initialization
of the scanner and the actual scan time, upon which we have
no control (the OCT system being commercial, we did not have
access to the low-level control of the scanner needed to optimise
the scan time). The processed point cloud was then thresholded
to filter out low intensity voxels.

As in simulation, we split here the analysis into a qualita-
tive, and then a quantitative one.

4.2.1. Qualitative Analysis
Table 3 shows the experimental OCT volumes with motion

artefacts and the corrected OCT volumes. From the qualitative
analysis results, it is observed that the corrected OCT volumes
closely resemble the motion-free volumes. Notably, for the ex-
perimentally distorted volume (second and third column) and
subsequently in the second and third rows of Table 3, some de-
tails, such as part of the antennae of the bee-head, are truncated
and elongated respectively. Nonetheless, after motion estima-
tion and correction, the corrected volume aligns and recovers
the shape of the motion-free OCT volume, as observed in the
sixth column of Table 3. Also, despite the experimentally dis-
torted volume containing unwanted data (robot platform) as ob-
served in the fourth row, second and third column of Table 3,
the motion causing the distortion is able to be estimated, and
the shape recovered, as seen in the fifth and sixth column.

PC 1 PC 2

Communication

TCP/IPSpectral Domain

OCT base unit

data treatment robot control

OCT probe

Parallel robot

Fig. 12: Illustration of the experimental setup used to execute motions during
OCT volume data acquisition
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Table 3: Results from the motion estimation process using experimental data (blue points - reference volume, red points - motion-distorted volume, green points -
corrected volume). The units for the linear velocities, V , are in mm/s and angular velocities, Ω, are in 1e − 2rad/s

Applied
motion

Reference and
motion-distorted
volume (top view)

Reference and
motion-distorted
volume (3D view)

Estimated
applied
motion

Reference and
corrected volume
(top view)

Reference and
corrected volume
(3D view)

Vx = 3.00
Vy = 0.00
Vz = 0.00
Ωx = 0.00
Ωy = 0.00
Ωz = 0.00

Vx = 2.79
Vy = 0.00
Vz = 0.00
Ωx = 0.00
Ωy = 0.00
Ωz = 0.00

Vx = 0.00
Vy = 3.00
Vz = 0.00
Ωx = 0.00
Ωy = 0.00
Ωz = 0.00

Vx = 0.00
Vy = 2.82
Vz = 0.00
Ωx = 0.00
Ωy = 0.00
Ωz = 0.00

Vx = 0.00
Vy = 0.00
Vz = 3.00
Ωx = 0.00
Ωy = 0.00
Ωz = 0.00

Vx = 0.00
Vy = 0.00
Vz = 2.52
Ωx = 0.00
Ωy = 0.00
Ωz = 0.00
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Fig. 13: Initial vs final (after optimisation) PointPCA error

4.2.2. Quantitative Analysis
Both the initial and final PointPCA similarity error value, ϵ

(obtained using equation 10) that is minimised during the mo-
tion estimation process for the experimentally motion distorted
volumes is plotted as illustrated in Fig 13. We observe that the
similarity error after optimisation is minimised for all the ex-
perimental runs. However, there are instances when the final

similarity error is not zero. Reasons for this discrepancy may
be due to;

✗ Occurrences of missing data. This may occur when the
object moves out of the field of view, resulting in missing
data within the obtained volume.

✗ Introduction of unnecessary data. The OCT device may
capture data from undesired regions, as seen in the fourth
row of Table 3.

✗ The numerical optimisation process getting stuck at a lo-
cal minimum.

✗ Modelling errors.

Nevertheless, despite these challenges, the analysis demon-
strates that the motion estimation works fairly well.

4.3. 3D shape and motion estimation from experimentally ob-
tained OCT volumes with motion artefacts

To perform experimental validation, the experimental setup
as detailed in sub-section 4.1 was used. Table 4 shows experi-
mentally distorted OCT volumes obtained using the rosette scan
trajectory and the corrected OCT volumes after shape and mo-
tion estimation.
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Table 4: Results from a few motion estimation runs from a single distorted OCT volume using experimental data (blue points - motion-free volume, red points -
motion-distorted volume, green points - corrected volume). The units for the linear velocities, V , are in mm/s and angular velocities, Ω, are in 1e − 2rad/s

Applied
motion

Motion-free and
motion-distorted
volume (top view)

Motion-free and
motion-distorted
volume (3D view)

Estimated
applied
motion

Motion-free and
corrected volume
(top view)

Motion-free and
corrected volume
(3D view)

Vx = −1.90
Vy = −0.27
Vz = −1.59
Ωx = −0.09
Ωy = 0.17
Ωz = 0.57

Vx = −1.81
Vy = −0.21
Vz = −1.81
Ωx = −0.27
Ωy = 0.19
Ωz = −0.04

Vx = 1.65
Vy = −1.52
Vz = 1.88
Ωx = −0.91
Ωy = 0.94
Ωz = 1.34

Vx = 1.38
Vy = −1.50
Vz = 1.49
Ωx = −0.52
Ωy = 0.90
Ωz = 1.04

Vx = 2.00
Vy = 2.00
Vz = 2.00
Ωx = 2.00
Ωy = 2.00
Ωz = 2.00

Vx = 2.17
Vy = 2.05
Vz = 2.28
Ωx = 2.37
Ωy = 2.14
Ωz = 1.51

4.3.1. Qualitative Analysis
Qualitatively analysing the results in Table 4, we observe

that the corrected OCT volume closely resemble the motion-
free volumes. Notably, in the experimentally motion-distorted
volume (third column) and subsequently in the second and third
rows of Table 4, the antennae of the bee-head is skewed from
the motion-free volume. However, after motion estimation and
correction, the corrected volume recovers the shape and the an-
tennae is aligned to the motion-free OCT volume as observed in
the sixth column of Table 4. Similarly, in Table 4, in the fourth
row, third column, the bee-head appears to be significantly dis-
torted. However, in the third row, in the sixth column of Table
4, the corrected volume recovers the shape.

4.3.2. Quantitative Analysis
The initial and final PointPCA similarity error value, ϵa (ob-

tained using equation 14) that is minimised during the motion
estimation process for the experimentally motion-distorted vol-
umes is plotted as illustrated in Fig 14. It is observed that the
similarity error after optimisation is minimised for all the runs,
however, the final similarity error is not zero in all instances.
This discrepancy in accurate motion estimation likely arises due
to;

✗ Noisy experimental OCT data (occurrences of missing or
introduction of unnecessary data).

✗ The numerical optimisation process getting stuck at a lo-
cal minimum.

✗ Modelling errors.

Nonetheless, despite these challenges, the analysis demonstrates
that the 3D shape and motion estimation works fairly well.
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5. Computation time and efficiency

Our method is implemented in MATLAB and runs primar-
ily single-threaded. The dominant cost is the genetic-algorithm
search over the six motion parameters; each evaluation com-
putes the point-cloud features and the similarity metric before
applying the correction transform. Using a maximum of 100
generations and early stopping via a convergence threshold of
10−6, the end-to-end runtime was typically tens of minutes per
volume on a standard workstation (Intel Xeon W-2145, 3.70
GHz; 32 GB RAM; Windows 10). This is adequate for offline
processing or assisted workflows (e.g., applying the correction
between scans or during a procedural pause).

The method itself is not intrinsically compute-heavy beyond
repeated similarity evaluations, and there is substantial head-
room for acceleration. The number of optimisation variables
is six, so the problem is a low-dimensional one, even though
the loss function is costly. Translating core routines from MAT-
LAB to optimized C/C++ and/or leveraging GPU kernels for
feature computation and fitness evaluation, together with par-
allel evaluation of genetic algorithm populations, should re-
duce runtimes dramatically - plausibly to seconds per volume
on modern hardware. Such engineering optimisations would
make the approach compatible with more time-critical scenar-
ios (e.g., intraoperative robotic guidance), where even 30–60 s
latency may be too slow. Current timings reflect a feasibility-
focused approach; the pathway to near-real-time performance
is primarily an implementation-efficiency problem rather than a
methodological limitation.

6. Limitations

6.1. System-level
We conducted our experiments on a semi-open commercial

system. In particular, the scan hardware consists of two gal-
vanometer scanners for the x − axis and y − axis, which we did
not alter. As we pointed out earlier, rather than using two gal-
vanometric scanners, an optimal design with one rotating axis
and one radial axis could be implemented. In addition, a design
using only one actuator to trace the rosette trajectory could be
developed. Such a further design would likely consume less en-
ergy and occupy less space, since only one actuator would be
needed instead of two. In addition to the hardware limitation,
we did not have access to the low-level control of the scanner.
While we were able to use a free-form B-scan mode to obtain

A-scans along the rosette scan trajectory, we could not optimise
the scan time.

6.2. Velocity model

A constant-velocity model with the same velocity on both
sub-volumes is not always valid. A straightforward first ex-
tension is to optimise two different Cartesian velocity vectors,
one for each sub-volume. This would double the number of
unknowns from six to twelve while maintaining a very reason-
able dimensionality for the numerical problem. Furthermore,
the constant-velocity model could be replaced by a piecewise
constant velocity model as in [57], or by a piecewise constant
acceleration (or jerk) model to account for varying velocities
during acquisition. If this is not sufficient, one could use a
parametric model V,Ω = f (t, p⃗) to handle even more complex
motion. For instance, sine waves could be used for periodic
motions; a function basis (such as Fourier series or wavelets) to
capture arbitrary irregular motion; or any model dedicated to a
specific domain. In these cases, the optimisation in equation 16
would become

min
p⃗,octTB(t0)

ϵa(V⃗(t, p⃗), Ω⃗(t, p⃗), octTB(t0)) (18)

where p⃗ is the set of parameters of the function defining the
velocity.

6.3. Singular configurations and reconstruction ambiguities

Singular configurations are unlikely to occur as long as the
number of optimisation variables remains low and the observed
shape is geometrically complex enough. However, as Lao et al.,
[24] showed in one of their papers, there may be an ambigu-
ity between shape and motion (which can be considered a sin-
gular case) when reconstructing them in a stereoscopic rolling
shutter setup. In our case, the risk is reduced because the vol-
ume is scanned twice, not simultaneously (two rolling shutter
views from different viewpoints at the same time, as in [24]),
but sequentially (two views from different viewpoints at differ-
ent times).

Local minima are very likely to occur. In fact, because of
high-frequency noise, a simple geometric difference between
the two reconstructed sub-volumes would be full of them. The
use of volume similarity smooths out most of the noise, but not
completely. This is why genetic algorithms perform better than
gradient-based methods in our case.
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7. Conclusion and perspectives

This paper introduces a shape and motion estimation ap-
proach based on a single OCT volume (obtained using the non-
Cartesian rosette scan trajectory) and without prior knowledge
of the shape. This represents a novel strategy that departs from
the conventional method of compensating for OCT volume mo-
tion artefacts, which would typically rely on two sequential
OCT volumes. By eliminating the need for consecutive vol-
umes, this approach reduces data requirements and consequently,
computation costs. The methods feasibility have been numeri-
cally and experimentally demonstrated and validated. Our con-
tributions mark a significant advancement over existing tech-
niques, which are primarily limited to 2D OCT images and/or
largely constrained by the specific context of ophthalmology.
Moreover, the proposed shape and motion estimation method
opens the way to robot-assisted motion tracking, robot-assisted
optical biopsy, and consequently, image stabilisation during robot-
assisted surgery. A number of limitations were identified, and
perspectives on how to circumvent them were outlined. Among
these, two main ones can be recalled here. In this research, for
3D shape and motion estimation from one OCT volume, only
two sub-volumes were used. However, depending on the de-
sign of the scan trajectory, more than two sub-volumes could
be extracted. Incorporating these extra sub-volumes into the
existing methodology could improve the accuracy in estimating
the motion, consequently enabling to free certain assumptions
such as constant velocity. Other potential paths for future im-
provements relate to the motion model, which has been kept
minimal in this study but could be made more complex to bet-
ter fit physiology or to segment the sample shape and motion
into consistent sub-components.
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