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Abstract— In this paper, we propose a novel unsupervised
learning-based non-rigid 3D point set registration method,
Learning Coherent Point Drift Network (LCNet), for image-
guided liver surgery (IGLS). We reformulate the classical
probabilistic registration approach, i.e., Coherent Point Drift
(CPD) into a learning-based paradigm. We first establish reli-
able correspondences between two point sets using the optimal
transport (OT) module by leveraging both original points and
learnt features, which are robust to the rigid transformation.
Then, rather than directly regressing displacement vectors,
we compute the displacements by solving the involved matrix
equation in the Transformation module, where the point local-
isation noise is explicitly considered. In addition, we present
three variants of the proposed approach, i.e., LCNet, LCNet-
ED and LCNet-WD, where LCNet outperforms the other two,
which demonstrates the superiority of the Chamfer loss. We
have extensively evaluated LCNet on MedShapeNet, consisting
of 615 different liver shapes of real patients. For example,
when the deformation magnitude is 12mm, the maximum noise
magnitude is 2mm and the rotation angle lies in the range of
[−45◦, 45◦], LCNet achieves a root-mean-square error (rmse)
value being 2.18 mm, outperforming CPD and RoITr, which
are 6.95 mm (p < 0.001) and 2.69 mm (p < 0.001) respectively.
Extensive experimental results, under different deformation and
noise levels, show that LCNet exhibits significant improvements
over existing state-of-the-art registration methods and shed light
on its promising use in IGLS.

Index Terms—Image-guided liver surgery, non-rigid point set
registration, optimal transport, unsupervised learning scheme.

I. INTRODUCTION

Liver cancer is a prevalent and highly fatal disease world-
wide [1]. According to data from the Global Cancer Observa-
tory (GLOBOCAN) 2022 [2], in 2022, the numbers of new
liver cancer cases and deaths cases caused by liver cancer
all over the world were 865,269 and 757,948 respectively.
Surgical removal and ablation of the cancerous areas are
common ways of treating diagnosed liver cancer. Image-
guided liver surgery (IGLS) can enhance the interventional
accuracy and reduce surgical risks significantly, while accu-
rately registering the preoperative and intraoperative spaces
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Fig. 1. The error distribution results of one pair of liver point sets using the
proposed approach, i.e., Learning Coherent Point Drift Network (LCNet),
where the yellow and blue meshes represent the preoperative (i.e., source)
and intraoperative (i.e., target) liver shapes respectively. The organ’s purple
regions indicate lower error, whereas yellow regions have higher error.

serves as the prequisite for IGLS. During liver surgery, the
liver organ is subjected to significant deformation caused
by compression from other organs, respiratory movements,
heartbeat, and other factors [3]. With successful image-to-
patient registration, the preoperative surgical planning infor-
mation can be mapped into the intraoperative space, which
enables accurate real-time intraoperative navigation that as-
sists surgeons make correct decisions to avoid damaging
critical tissues. Image-to-patient registration in IGLS is often
achieved by conducting non-rigidly registering preoperative
and intraoperative point sets, which is a fundamental prob-
lems across various research fields such as shape matching
[4], [5], surgical robotics [6], [7], medical image analysis
[8], [9], computer-assisted intervention [10].

There exists several challenges to accurately register the
preoperative and intraoperative liver point set. First, the
acquired intraoperative liver point sets contain non-negligible
localisation noise, which heavily affect the registration ac-
curacy [11]. Second, the preoperative and intraoperative
data points exhibit a significant difference in the coordinate
reference frames (i.e., the CT and navigation frames), i.e.,
the rigid transformation including the rotation and transla-
tion, which makes finding the correct correspondences more
difficult [12].

CPD [13] is one of the classical algorithms in the field of
non-rigid registration, which has a wide range of application
scenarios, but the convergence speed of CPD [13] is slow
and it is easy to fall into local minimum. In order to solve
these problems, we reformulate CPD into the paradigm of
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deep learning. Unlike other deep learning methods based on
CPD, which directly predicts the displacement field [14], our
method explicitly considers the influence of noise in the step
of solving the displacement field, thus enhancing the robust-
ness to noise and improving the registration performance.
Finally, in order to apply our method to image-guided liver
surgery and solve the above-mentioned challenges, we tested
it in these scenes, and the experimental results show that our
method has good registration effect. Fig.1 shows registration
results of one example case, where the rotational discrepancy
between two point sets is 30◦ and the average deformation
magnitude is 12 mm.

Our main contributions are summarised as follows.
• We propose a novel and unsupervised non-rigid point

set registration method, i.e., LCNet, which consists of
two stages that find the point correspondences with an
OT module extracting rotation-invariant features and
estimate the non-rigid transformation by solving the
involved equation, respectively.

• To enhance the flexibility and applicability of the reg-
istration process under different scenarios, we have
proposed and compared three variants of the proposed
approach, which utilise three different loss functions
that are Chamfer distance (i.e., LCNet), the weighted
Euclidean Distance by the estimated correspondence
probabilities (i.e., LCNet-ED), and the weighting of the
above two distances(i.e., LCNet-WD).

• Our method achieves state-of-the-art performance, rival-
ing and even surpassing some fully-supervised models
that rely on ground truth annotations on the datasets
consisting of 615 different liver shapes of real patients.

II. RELATED WORK

In this section, we recap the existing non-rigid 3D point set
registration methods that can be broadly classified into tradi-
tional and deep learning-based categories, which are further
classified into correspondence-based and correspondence-
free registration approaches.

Traditional Methods The Iterative Closest Point (ICP)
[15] algorithm based on the least square minimization
method relies heavily on the initialization and tends to
converge slowly. Coherent Point Drift (CPD) [13] formulates
the registration task as the probability density function esti-
mation problem, which is solved by updating the point cor-
respondences and non-rigid transformation parameters iter-
atively, using the expectation-maximization technique. CPD
has the disadvantages of heavy computational costs and the
sensitivity to occlusion and outliers. Bayesian Coherent Point
Drift (BCPD) [16] extends CPD by introducing variational
Bayesian inference, which ensures theoretical convergence
and is capable of handling the rigid transformation between
two spaces simultaneously. Nevertheless, BCPD is suscepti-
ble to local minima [16]. CluReg [17] innovatively addresses
non-rigid registration by reformulating it as an unsupervised
clustering problem. It leverages cluster analysis to optimize
point set correspondence and employs an improved Nyström
method for efficient computational processing.

Correspondence-based Methods Correspondence-based
methods first establish correspondences between two spaces,
with which the non-rigid transformation is then computed.
Lepard [18] first uses the fully convolutional feature extractor
KPFCN [19] to extract global features from point sets
and performed feature interaction through self-attention and
cross-attention mechanisms to obtain point correspondences,
and then utilises the non-rigid iterative closest point (N-
ICP) method [20] to compute the non-rigid transformation.
LiverMatch [21] utilises the encoder to extract features
and realise the feature interaction based on a Transformer
module, afterwards it leverages the decoder to compute
the correspondence confidence matrix and point-wise dis-
placement vectors. Nevertheless, LiverMatch [21] does not
perform well with noisy target surfaces. SPFlowNet [22]
updates superpoints using the bidirectional flow informa-
tion, establishes matching relationships between points and
superpoints, and then leverages correspondences to com-
pute the scene flow accurately. GraphSCNet [23] calculates
correspondences using a local spatial consistency measure
on a deformation graph and refines them with an attention
mechanism, afterwards the deformation is computed with the
refined correspondences and the N-ICP algorithm [20]. RoITr
[24] adopts a rotation-invariant attention mechanism based
on Point Pair Features within an encoder-decoder framework
to compute correspondences.

Correspondence-free Methods Correspondence-free reg-
istration approaches utilize neural networks to directly
regress the displacement vectors. Pointpwc [25] employs a
coarse-to-fine approach to refine the flow prediction, which
improves efficiency and captures large-scale motion. As a
deep neural network architecture for non-rigid point set
registration, Free Point Transformer (FPT) [26] can complete
the registration without known correspondence or heuristic
constraints. Scoop [27] learns discriminative point features
for soft correspondence initialization through a neural net-
work, followed by a direct optimization of the displacement
field at runtime for enhanced accuracy without reliance on
ground-truth labels.

III. OUR METHOD

A. Problem Setting

We define the source (i.e., preoperative) point set as X =
{x1, ...xi...,xM} where xi ∈ R3 is the i-th point and M ∈
N+ is the number of points, the target (i.e., intraoperative)
point set as Y = {y1, ...yj ...,yN} where yj ∈ R3 and
N ∈ N+. The goal of the non-rigid point set registration
problem is to estimate the displacement vectors Dpred =

[dpred
1 , ...dpred

i ...,dpred
M ]T ∈ RM×3 with dpred

i ∈ R3 denotes
the displacement vector with xi, which warps X to Y, so that
the warped source point set X′ = {x′

1, ...x
′
i ∈ R3...,x′

M}
and Y become aligned. Note that we also reload symbols
X and Y as matrices X = [x1,x2, ...,xM ]T ∈ RM×3 and
Y = [y1,y2, ...,yN ]T ∈ RN×3 respectively.
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Fig. 2. The architecture of the proposed 3D point cloud registration network, i.e., Learning Coherent Point Drift Network (LCNet). The source and
target point sets X and Y, are fed into the feature extraction module (FEM) that is detailed in Sect. III-B.1. The correspondences P ∈ RM×N are
generated by the optimal transport (OT) module that is detailed in Sect. III-B.2. We solve the equation using estimated point correspondences to compute
the displacement Dpred = QV through the Transformation module that is detailed in Sect. III-B.3, where Q is the Gaussian kernel matrix, V is the
weight matrix of the Gaussian kernel, ⊕ is denoted as element-wise addition. We have proposed and evaluated three training loss function that is detailed
in Sect. III-B.4, where α is the weight of the Chamfer loss in the overall training loss.

B. Network Architecture

Fig. 2 illustrates the schematic of the proposed non-rigid
point set registration network, i.e., Learning Coherent Point
Drift Network (LCNet), which consists of three components:
the feature extraction module (FEM), the optimal transport
(OT) module and the Transformation module. As shown
in Fig. 2, FEM first extracts features from both X and
Y, and then the OT module leverages the relevant feature
information to calculate the optimal correspondences matrix,
with which the displacement Dpred is obtained through the
Transformation module.

1) Feature Extraction Module (FEM): FEM consists of
three convolutional layers based on PointNet++ [28], and
can learn features at different scales and levels. FEM con-
sumes raw point sets X and Y, and computes point-wise
high-dimensional features h(xi) ∈ RM×128 and h(yj) ∈
RN×128, which together with raw point sets will be used in
the following OT module.

Algorithm 1 Optimal Transport
Input: Transport cost matrix C, hyperparameter λ, iteration

number Lo

Output: Correspondences matrix P⋆

1: K← exp(−C/λ);
2: θx ← 1/M1M ,θy ← 1/N1N ,a← 1/M1M ;
3: for l = 1 to Lo do
4: b← θy/(K

Ta);
5: a← θx(Kb);
6: end for
7: return P⋆ ← diag(a)Kdiag(b)

2) OT Module: The OT module utilises Sinkhorn algo-
rithm [29], [30] to solve the correspondences matrix P⋆ ∈
RM×N . We transform the correspondence estimation prob-
lem into the optimal transport problem that seeks a transport
plan that moves the distribution θx ∈ RM of source point
set X to the distribution θy ∈ RN of target point set Y with
a minimum transport cost. Assuming that each point in X
has a mass 1

M , each point in Y receives a mass 1
N and no

mass is lost during the transportation, the optimal transport
problem can be written as:

P⋆ = arg min
P∈RM×N

∑
ij

CijPij + λPij(logPij − 1),

s.t. P1N = θx, PT1M = θy,

(1)

where P⋆ is the optimal correspondences matrix, Cij is the
transport cost of relating xi with yj , Pij is the amount
of mass transported between xi and yj , λ ∈ R is a
hyperparameter, 1M ∈ RM and 1N ∈ RN are vectors with
all elements being 1. We first compute the cosine similarity
Sij ∈ R between xi and yj by utilising extracted point
features h(xi) and h(yj) computed in Sect. III-B.1 rather
than simply taking the Euclidean distance between each pair
of points (xi,yj). The higher the similarity between each
pair of points is, the smaller the transport cost between them
is. Specifically, the similarity Sij is computed by:

Sij =
h(xi)

Th(yj)

∥h(xi)∥2∥h(yj)∥2
, (2)

where || ⋆ ||2 denotes the L2 norm of a vector. Then, the
transport cost Cij is defined as:

Cij = (1− Sij) ⋆ Wij , (3)
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where the conditional function Wij ∈ R is used to avoid
displacement between points too far apart and is defined as

Wij =

{
1 if ∥xi − yj∥2 ⩽ lmax,
+∞ otherwise

, (4)

where the value of lmax is set to 10 cm. After defining the
transport cost between two point sets, we use the Sinkhorn
algorithm to estimate the optimal transport matrix P⋆ which
represents the soft correspondence between two point sets.
As shown in Algorithm 1, the first step of the OT module is
to compute the parameter K ∈ RM×N that is the element-
wise exponential of −C/λ ∈ RM×N and initialise θx, θy
as 1

M 1M and 1
N 1N respectively. Two non-negative vectors

uniquely defined up to a multiplicative factor, i.e., a ∈ RM

and b ∈ RN , are used in the process, where a is initialised
to be 1

M 1M . Then the best transport plan is finally obtained
as P⋆ = diag(a)Kdiag(b) where here a and b denote their
values in the last iteration and diag(⋆) converts a vector into
a diagonal matrix.

3) Transformation Module: Given the point correspon-
dences P, the Transformation module detailed in the Al-
gorithm 2 is used to compute the displacement Dpred. In
the first train epoch, we define the Guassian kernel matrix
Q ∈ RM×M and localisation noise uncertainty σ2, which
are initialised as Qij = exp(−1/2β ∥xi − xj∥2), and σ2 =

1
3MN

∑M,N
i,j=1 ∥xi − yj∥22 respectively. The parameter β ∈ R

in Qij defines the width of the smoothing Gaussian filter,
which is set as β = 2. Then we compute V ∈ RM×3 by
solving the matrix equation:

(Q+ 2σ2d(P1)−1)V = d(P1)−1PY −X. (5)

where d(⋆) is short for diag(⋆), (⋆)−1 denotes the inverse of a
matrix. Finally, we obtain the displacement Dpred = QV and
update the localisation noise uncertainty σ2. In next epoch,
the updated parameter σ2 will be used in the Eq. (5) to get
more accurate displacement Dpred. The warped source point
set is then obtained as X′ = X+Dpred.

Algorithm 2 Transformation Module
Input: Correspondences matrix P
Output: Predicted Displacement Dpred

1: Initialize σ2 = 1
3MN

∑M,N
i,j=1 ∥xi − yj∥2, Qij =

exp(−1/2β ∥xi − xj∥2)
2: Solve (Q+ ϵσ2d(P1)−1)V = d(P1)−1PY −X
3: U = 1TP1,X′ = X+QV
4: σ2 = 1

3U (tr(YTd(PT1)Y) − 2tr((PY)TX′) +
tr((X′)Td(P1)X′))

5: return Dpred ← QV

4) Loss Function: We utilise three unsupervised loss
functions for training, i.e., LCD, LED and LWD, which directly
leads to three variants of the proposed registration approach,
i.e., LCNet (or LCNet-CD), LCNet-ED, LCNet-WD. First,
the Chamfer loss LCD in LCNet is

LCD =
1

M

∑
x′
i∈X′

min
yj∈Y

||x′
i − yj ||2 +

1

N

∑
yj∈Y

min
x′
i∈X′

||x′
i − yj ||2.

(6)

Second, LED in LCNet-ED computes the average weighted
Euclidean distance between X′ and Y by the correspondence
probability

LED =

M∑
i=1

N∑
j=1

P ⋆
ij ∥x′

i − yj∥2 . (7)

Finally, the combined loss function LWD in LCNet-WD is

LWD = α ⋆ LCD + (1− α) ⋆ LED, (8)

where α ∈ R is a balancing factor. We select the best value
of α accoridng to the registration performances.

IV. EXPERIMENTS AND RESULTS

A. Dataset and Evaluation Metrics

The utilised datasets are generated by selecting 615 dif-
ferent liver shapes of real patients from the MedShapeNet
medical dataset [31], which consists of more than 10,000
medical shapes, including liver, kidney, brain, bone and
surgical instruments, etc.. These liver shapes were extracted
from 1200 imaging data (CT or MRI) of more than 600 real
patients including healthy as well as pathological subjects.
The dataset is further divided into 487 training, 64 validation
and 64 test samples respectively. The intraoperative liver
point sets is obtained through deformation processes using
the thin plate spine (TPS) [32] method. Three datasets
are generated with different deformation magnitudes whose
deformation values are about 8 mm, 12 mm and 17 mm
respectively. The preoperative point set is further rotated
using angles sampled randomly in the range of [−45◦, 45◦]
and different magnitudes of noise (i.e., 1 mm, 2 mm and 3
mm) are further injected to create the pairs of point set X
and Y.

In order to evaluate registration performances, we utilise
three different evaluation metrics, i.e., mean absolute error
(MAE), root mean square error (RMSE) and Chamfer dis-
tance (CD), which are defined as follows,

MAE = 1
M

∑M
i=1 ||x

′
i − xgt

i ||2

RMSE =
√

1
M

∑M
i=1 ||x′

i − xgt
i ||22

CD = 1
M

∑
x′
i∈X′ minyj∈Y ||x′

i − yj ||2+
1
N

∑
yj∈Y minx′

i∈X′ ||x′
i − yj ||2

(9)

where xgt
i = xi + dgt

i , dgt
i ∈ R3 represents the ground-truth

of displacement, || ⋆ ||2 denotes the L2 norm of a vector.

B. Implementation Details

We compare the proposed LCNet with traditional reg-
istration methods including CPD [13], BCPD [16],CluReg
[17] and learning-based algorithms including Scoop [27],
Pointpwc [25], SPFlowNet [22], FPT [26], Lepard [18], Liv-
ermatch [21] and RoITr [24]. Our method was implemented
using the Pytorch framework on one single GPU (i.e., Nvidia
GeForce RTX 4090, 24GB). The model is trained on M =
1024 points, randomly sampled from original two point sets
that consists of 10,000 points. The Adam optimizer was used,
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TABLE I
QUANTITATIVE RESULTS OF DIFFERENT METHODS AT DIFFERENT EXPERIMENT CONDITIONS. THE BEST RESULTS ARE DISPLAYED IN BOLD.

Method Case1 Case2
MAE (mm) RMSE (mm) CD (mm) p-value MAE (mm) RMSE (mm) CD (mm) p-value

CPD [13] 4.86±3.68 6.95±4.94 4.43±1.29 9.90E-06 5.81±4.11 7.65±5.49 4.98±1.24 9.27E-08
BCPD [16] 20.18±10.34 25.02±12.57 20.00±11.37 2.85E-06 18.64±5.94 23.06±6.82 17.72±10.35 8.12E-28

PointPWC-Net [25] 11.34±3.66 23.44±7.86 9.37±1.50 2.65E-06 11.84±4.09 24.38±8.86 12.53±2.83 2.23E-24
FPT [26] 8.36±2.68 16.95±5.73 8.99±1.66 2.15E-06 14.56±6.10 30.72±13.66 12.19±3.46 9.37E-21

Lepard [18] 4.23 ±0.83 8.44±1.65 6.10±0.81 6.61E-36 6.01 ±2.92 12.19±6.26 6.98±1.44 1.38E-12
Scoop [27] 1.67±1.32 3.37±2.70 2.30±0.83 6.34E-06 2.90±0.57 5.83±1.15 3.88±0.37 2.90E-5

SPFlowNet [22] 6.58±1.72 13.28±3.65 7.61±1.10 1.69E-06 6.45±1.57 12.99±3.31 7.59±1.33 1.20E-31
Livermatch [21] 9.60±3.14 22.09±12.45 10.61±5.69 4.08E-12 11.18±4.09 27.01±15.09 12.90±6.81 2.26E-16

RoITr [24] 1.34±0.09 2.69±0.18 2.20±0.12 3.61E-06 3.35±0.61 6.71±1.24 4.24±0.47 4.56E-21
CluReg [17] 9.38±2.64 11.95±3.44 11.40±2.83 3.66E-25 9.74±2.97 12.44±4.08 11.73±3.26 6.37E-20
LCNet-ED 2.56±1.74 2.73±1.86 2.55±1.06 1.65E-04 4.58±1.26 4.77±1.32 4.55±1.67 2.17E-05
LCNet-WD 2.11±1.10 2.21±1.23 2.12±0.68 0.71 3.80±0.86 3.84±0.93 3.56±1.14 0.06

LCNet 2.06±0.62 2.18±0.94 1.99±0.37 / 2.21±1.18 3.46±0.81 3.12±0.62 /

LCNet-ED LCNet-WD LCNetScoop PointpwcCPDBefore SPFlowNet FPT

RMSE=12.95
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RMSE=3.88
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CD=10.51

RMSE=2.12
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CD=2.07

RMSE=2.26
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Fig. 3. Qualitative registration results on dataset under different experiment conditions. The yellow and blue point sets represent the preoperative and
intraoperative liver shapes respectively. For Case 1, the deformation magnitude is 12 mm, the rotation angle is 32◦ and the maximum noise magnitude is
2 mm. For Case 2, the rotation angle, deformation magnitude and the maximum noise magnitude are the same as those in Case 1, but there is still a large
translation between two points sets, and the range of translation is [20,30] mm.

the batch size was set to be 1, and the network was trained
for a total of 2600 epochs. For the compared approaches, we
use their publicly released codes. Our approach and other
comparative methods have been uniformly trained on the
same training dataset and subsequently evaluated on the same
test dataset to ensure a fair comparative analysis.

C. Experiment Results

1) Comparions with Other Methods: Table I displays the
corresponding quantitative results, including MAE, RMSE
and CD as defined in Sect. IV-A. In Table I, Case1 illus-
trates the experimental scenario where only rigid rotation
occurs between two point sets, whereas Case2 depicts the
experimental conditions where, in addition to rigid rotation,
there is also large displacement between the two point sets.
LCNet achieves the rmse value being 2.18 ± 0.94 mm
under Case1, which are better than counterparts with CPD
[13] and Scoop [27] being 6.95 ± 4.94 mm (p < 0.001)
and 3.37 ± 2.70 mm (p < 0.001) respectively. The rmse
value of LCNet is 3.46± 0.81 mm under Case2, marginally
outperforming RoITr [24] and Scoop [27] whose rmse values
are 6.71 ± 1.24 mm (p < 0.001) and 5.83 ± 1.15 mm
(p < 0.001), respectively. In addition, we have conducted
the paired t-tests between the rmse values using LCNet and

the compared methods. The small p-values (p < 0.001) in
Table I indicate that LCNet and compared methods exist
statistically significant difference. While LCNet and LCNet-
ED are statistically significant different, the p-value being
0.71 and 0.06 show that the differences between LCNet and
LCNet-WD are not statistically significant.

Fig. 3 shows the qualitative results using different meth-
ods, under scenarios of dataset with rotation. As shown in
Fig.3, LCNet achieves effective registration for the example
cases, while most of compared approaches fail to align the
two point sets. For example, the rmse values using LCNet for
Case 1 and Case 2 are 2.12 mm and 2.16 mm respectively,
while the rmse values of Pointpwc [25] on two samples are
31.39 mm and 36.07 mm respectively.

2) Different Deformation Levels: In IGLS, the intraop-
erative liver point set often undergoes various levels of
deformation due to factors such as respiration, heartbeat and
tool-tissue interactions [33]. To explore the influence of the
various deformation levels over the LCNet’s performances,
this sub-experiment compares LCNet and two variants, under
three different deformation magnitudes as defined in Sect.
IV-A. Specifically, three different deformation levels (low,
medium and high) correspond to deformation magnitudes
being 8 mm, 12 mm and 17 mm respectively. Fig. 4 (a)
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Fig. 4. The error distribution results of point sets (with rotation and with noise being 2 mm) using LCNet under different deformation levels and
different noise magnitudes. The yellow and blue meshes represent the preoperative and intraoperative liver shapes respectively. The low, medium and
high deformation levels correspond to cases whose deformation magnitude are 8 mm, 12 mm and 17 mm respectively. The low, medium and high noise
magnitudes correspond to cases whose maximum noise magnitudes are 1 mm, 2 mm and 3 mm, respectively. The organ’s blue regions indicate lower error,
whereas red regions have higher error.
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Fig. 5. The boxplot of the RMSE under different deformation conditions
and different noise conditions. The low, medium and high deformation levels
correspond to cases whose deformation magnitudes are 8 mm, 12 mm and 17
mm respectively. The low, medium and high noise magnitudes correspond
to cases whose maximum noise magnitudes are 1 mm, 2 mm and 3 mm,
respectively. n.s.: no significant, ⋆: p<0.001.

and Fig. 5 (a) show the qualitative and quantitative results
respectively. Fig. 4 (a) shows that LCNet is able to suc-
cessfully register the two point sets, with the rmse being
1.58 mm, even under high deformation magnitude being
17 mm. Two observations can be made from Fig. 5 (a).
First, LCNet consistently outperforms both LCNet-WD and
LCNet-ED under different deformation magnitudes. Second,
the registration error values of all three variants generally
increase with larger deformation magnitudes but are still
within the acceptable range. For example, LCNet, LCNet-
WD and LCNet-ED achieve rmse values being 2.31 ± 0.31
mm, 2.79±0.21 mm and 3.81±0.22 mm respectively, under
the high deformation level.

3) Different Noise Levels: This sub-experiment aims to
evaluate LCNet, LCNet-WD and LCNet-CD under different
magnitudes of noise that are defined in Sect. IV-A. Fig. 4
(b) and Fig. 5 (b) show the corresponding qualitative and
quantitative results. Fig. 4 (b) shows that LCNet is able
to successfully register the two point sets, with the rmse
value being 2.82 mm, even under high noise magnitudes
being 3 mm. Two observations can be made from Fig.5

(b). First, LCNet consistently outperforms both LCNet-WD
and LCNet-ED under the three various noise magnitudes.
Second, the registration error values of all three variants
generally increase with larger noise levels but are still within
the acceptable range. For example, LCNet, LCNet-WD and
LCNet-ED achieve rmse values being 3.58 ± 1.57 mm,
3.84 ± 1.06 mm and 4.66 ± 1.55 mm respectively, under
the high noise level.

V. DISCUSSIONS AND CONCLUSIONS

As shown in the experimental results in Sect. IV-C.1, it
is evident that LCNet outperforms the traditional methods
including CPD [13] and BCPD [16]. The improvements can
be attributed to the utilisation of the OT module in LCNet,
which enables more reliable point correspondence estimation
through learning high-dimensional, robust and rotational-
invariant features. In contrast, CPD [13] and BCPD [16]
leverage only position information in point sets to compute
the point correspondences. On the other hand, the improve-
ments of LCNet and variants over learning-based methods
can be attributed to the fact that correspondence-free methods
rely on the direct regression of displacement vectors, which
lacks theoretical explanation and support. Additionally, pure
deep-learning-based registration methods tend to work better
with larger data samples, while medical data sets are limited
in real-world scenarios.

To conclude, this paper has introduced a novel unsu-
pervised non-rigid point set registration approach, which
casts the point correspondence estimation task as an optimal
transport problem, and computes the displacement vectors
by solving the involved mathematical equations numerically.
Given the significant superior performances, we believe that
the proposed LCNet approach has promising applications in
IGLS, particularly in the challenging scenario of rotation,
localisation noise and large deformations. Future work plans
to incorporate the overlap-estimation module in the proposed
registration method, aiming to tackle the challenging partial
to full registration problem.
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