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DRT: Deformable Region-Based Transformer for
Nonrigid Medical Image Registration With a

Constraint of Orientation
Sheng Lan , Xiu Li , Member, IEEE, and Zhenhua Guo

Abstract— Nonrigid medical image registration is a key tech-
nology for clinical disease diagnosis by integrating the vital infor-
mation taken from input images acquired using multiple imaging
sensors. Recently, transformer networks have attracted attention
in image registration, but splitting images into patches remains a
problem. Although there are usually multiple structural regions
with different sizes and shapes in medical images, current
transformer methods usually use an equal-sized or rectangular
patch embedding that cannot represent the structural differences
and directionality of different regions. In addition, it may also
destroy the semantic consistency of objects. To address this
problem, we propose a new deformable region-based structural
relevance embedding (DRSRE) module which learns to adaptively
split the images into deformable structural regions of different
sizes and shapes with orientation constraints rather than using
equal-sized or rectangular patches. In this way, our method can
represent the structural differences and directionality between
regions and effectively preserve the semantic consistency in
regions to calculate accurate transformation relationships for
nonrigid image registration. We term the DRSRE module with
a transformer part as a deformable region-based transformer
(DRT) and conduct extensive evaluations of DRT in the context
of nonrigid medical image registration, and the results validate
that the proposed DRT outperforms the state-of-the-art nonrigid
registration methods, achieving 0.748 and 0.886 Dice scores
with 0.217% and 0.308% foldings for deformation field on the
LPBA40 and ADNI datasets.

Index Terms— Deformable region-based transformer (DRT),
medical image, nonrigid image registration, orientation field.

I. INTRODUCTION

NOWADAYS, medical images collected by multiple sen-
sors are considered by clinicians as an important basis

to diagnose critical diseases. For a few different images for
quantitative analysis, nonrigid registration is an important step
to establish the geometric correspondences between the normal
and pathological images. Various methods have been proposed
for nonrigid medical image registration, which can be divided
into traditional methods and learning-based methods. Although
many traditional nonrigid registration methods achieve good
results for some specific types of medical images, they usually
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rely on hand-engineered features for generating the defor-
mation field. As no hand-engineered features can be general
enough to be suitable for all types of images, learning-based
nonrigid registration methods become popular in recent years.
Progresses have been made by applying the convolutional
neural network (CNN) for image registration, which outper-
formed most traditional methods. However, the CNN-based
methods cannot well represent long-range spatial relations
in patches due to the limitations of convolution operations,
which reduces the accuracy of nonrigid registration. Recently,
transformer networks have achieved success in many computer
vision tasks, such as image segmentation [1], [2], image
classification [3], [4], image synthesis [5], [6], and object
localization [7], [8]. Compared to CNNs, transformers can rep-
resent long-range spatial relations in patches, and the features
contain more semantic information. In this background, the
transformer has also attracted attention in image registration
and trials have been made for achieving transformer-based
nonrigid medical image registration [15], [16]. However, there
still exists challenges in applying them for nonrigid medical
image registration.

On the one hand, most of the existing transformers use
an equal-sized rectangular patch embedding based on the
assumption that an equal-sized rectangular image split is
suitable for all images. As there are usually multiple structural
regions with different sizes and shapes in medical images,
such an equal-sized rectangular patch split method may pose
two problems: 1) disregarding the structural differences and
directionality of different regions in an image and 2) semantic
inconsistency across patches. Objects in different regions
may have different shapes. The equal-sized rectangular split
patches will potentially destroy the semantic inconsistency of
objects, leading to poor registration performance. Fig. 1(a)
illustrates two 3-D brain images before and after applying
equal-sized patch embedding in a vanilla transformer. Several
internal structures in the moving image can be observed to be
improperly split. On the other hand, several methods of hier-
archical patches and deformable patches have been proposed
to overcome the limitations of equal-sized and rectangular
patches, respectively. Among methods of hierarchical patches,
the most representative works are pyramid vision transformer
(PVT) networks [17] and Swin transformer networks [18],
they both produce a hierarchical feature representation and
split an image into patches with different sizes. However,
they still use rectangular patches without considering the
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Fig. 1. Example of the DRSRE module. The structural regions with different
sizes are marked by boxes with different colors, and offsets of the region
boundaries are marked by red arrows. DRSRE can adaptively embed an
image into structural regions of different sizes and shapes according to
the structural features with orientation constraints, which avoids improper
splitting of structures in medical images. (a) Equal-sized rectangular patch
split. (b) Deformable patch split [13]. (c) DRSRE.

various shapes of different structures in an image and cannot
overcome the limitation of rectangular patches. For methods
of deformable patches, the most representative works are
deformable convolution (DCN) networks [13], and deformable
patch-based transformer (DPT) [14]. Both the DCN and DPT
adopt the method of learning the offset of pixels in patches,
and adaptively deform the patches in the CNN and transformer,
respectively. However, these deformable patch-based meth-
ods still learn the offset based on equal-sized split patches,
therefore they are still unable to overcome the limitation of
equal-sized patches and cannot reflect structural differences in
the size of different regions in an image. In addition, they do
not consider the structural directionality in regions. As shown
in Fig. 1(b), the offset directions of different patches within
the same structure can be conflicting or even in opposition.

To address these problems, we propose a new module for
image splitting, called deformable region-based structural rele-
vance embedding (DRSRE). Compared with the equal-sized or
rectangular patch embedding in existing methods, DRSRE can
learn to adaptively split an image into deformable structural

regions with different sizes and shapes according to the
structural features with orientation constraints. By overcoming
the limitations of both the equal-sized and rectangular patch
split, DRSRE can represent the structural differences and
directionality between regions and effectively preserve the
semantic consistency in regions to obtain accurate transforma-
tion relationships for nonrigid image registration. To achieve
this, we first learn the kernel size of different regions according
to the structural similarity between regions and then adjust
the shape of the regions according to the orientation fields
of the region boundaries as illustrated in Fig. 2. The proposed
module can work as a plug-and-play module that can be easily
incorporated into transformer architectures. A transformer with
a DRSRE module is named deformable region-based trans-
former (DRT) in this work (see Fig. 3). In DRT, we integrate
the DRSRE module into a transformer part to obtain the
deformation field for nonrigid medical image registration.
With deformable structural regions replacing the equal-sized or
rectangular patches, DRT generates complete, discriminative,
and authentic features for input images. As there are usually
multiple structural regions with different sizes and shapes in
medical images, it can achieve high performance in nonrigid
registration tasks. To verify the efficiency of DRT, we conduct
extensive evaluations of DRT for nonrigid medical image
registration. Our method achieves 0.748 and 0.886 Dice scores
with 0.217% and 0.308% foldings for the deformation field on
the LPBA40 and ADNI datasets which outperforms the state-
of-the-art methods.

In summary, the main contributions of this work are as
follows.

1) We propose a new DRSRE module. Compared with the
equal-sized or rectangular patch embedding in existing
methods, DRSRE can learn to adaptively split an image
into deformable structural regions of different sizes
and shapes. By overcoming the limitations of both the
equal-sized and rectangular patch split, DRSRE can
represent the structural differences and directionality
between regions and effectively preserve the semantic
consistency in regions to obtain accurate transformation
relationships for nonrigid image registration.

2) Our DRSRE can work as a plug-and-play module inte-
grated into transformers, leading to a DRT in this work.
In DRT, we integrate the DRSRE module into a trans-
former part to obtain the deformation field for nonrigid
medical image registration. Specifically, we propose a
structural region-attention module in the transformer part
to calculate the structural deformation relationship and
apply a progressive searching strategy to improve the
efficiency of the algorithm.

3) As there are usually multiple structural regions with
different sizes and shapes in medical images, we verify
DRT in the context of nonrigid medical image registra-
tion. The results validate that the proposed DRT outper-
forms the state-of-the-art nonrigid registration methods.

The remainder of this article is organized as follows.
Section II introduces the related transformer methods and
deformable patch split methods. Section III discusses the
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proposed DRT algorithm in detail. Section IV presents the
experimental results with discussions. Finally, Section V con-
cludes our work and discusses possible future works.

II. RELATED WORK

A. Transformer Methods

At present, the transformer network shows a stronger feature
expression ability than the CNN, especially for the long-range
spatial relations in an image. The first transformer method
[9] was proposed for natural language processing. It used
attention modules to replace convolutions and obtained state-
of-the-art results on the translation task. The attention function
was described as mapping a query and a set of key-value pairs
to an output, where the queries, keys, and values were packed
into matrices Q, K , and V , respectively, as follows:

Attention(Q, K , V ) = softmax
(

QK T

√
dk

)
V . (1)

Here
√

dk is a scaling factor. Dosovitskiy et al. [10] intro-
duced the transformer for image recognition. They proposed
a vision transformer (ViT) Network and concluded that an
image can be represented by 16 × 16 feature points. The
ViT network consists of an embedding module and alternating
layers of multihead self-attention (MSA), layer-norm (LN),
and multilayer perceptron (MLP) modules. Given an image i
with a size of H × W × C , it is first reshaped into N patches,
and embedded into a sequence of vectors. Then, the vectors
are transferred through the MSA, LN, and MLP layers.

After the success of ViT, progress has been made in
applying the transformer to various computer vision tasks. For
example, Chen et al. [15] developed ViT-V-Net by applying
ViT to image registration. To overcome the limitations of
fix-sized patches, Wang et al. [17] incorporated the pyramid
structure into ViT and proposed the PVT for dense predic-
tion, Liu et al. [18] replace the standard MSA module in a
transformer block by a module based on shifted windows
and proposed the Swin transformer for image classification
and dense prediction tasks. In Swin transformer methods, the
input images are first split into nonoverlapping equal-sized
rectangular patches by a patch splitting module like ViT, then
they adopt a windowing configuration (W) that is shifted from
that of the preceding layer and shifted the window (SW) to
obtain a sequence of patches with different sizes. The process
can be formulated as follows:

ẑl
= WMSA

(
LN
(
zl−1))

+ zl−1

zl
= MLP

(
LN
(
ẑl))

+ ẑl

ẑl+1
= SWMSA

(
LN
(
zl))

+ zl

zl+1
= MLP

(
LN
(
ẑl+1))

+ ẑl+1

(2)

where ẑl and zl denote the output features of the (S)WMSA
module and the MLP module for block l, respectively.

Xie et al. [19] combined CNN and ViT for image seg-
mentation. Zhou et al. [20] used interleaved convolution and
self-attention operations in a transformer for volumetric med-
ical image segmentation. Part of our work’s inspiration results
from the work of Yang et al. [12]. They applied the transformer

to image super-resolution and proposed a texture transformer
network for image super-resolution (TTSR). Chen et al. [21]
proposed RegionViT. They replaced the self-attention in ViT
with regional-to-local attention, which first extracts global
information by regional self-attention and then exchanges the
information among regional tokens with the associated local
tokens via local self-attention. In this way, their method can
inherit both global and local information, and thus outperform
ViT in various computer vision tasks.

In summary, transformers have achieved success in var-
ious computer vision tasks. Nevertheless, most transformer
methods split the input images into equal-sized rectangular
patches, without consideration of the structural differences of
different regions and semantic variations in the images. While
the hierarchical PVT and Swin transformer methods overcome
the limitation of equal-sized patches in vanilla transformers,
they still use rectangular patches without considering the
various shapes of different structures in an image. Compared
with existing transformer methods, our DRT can learn to
adaptively split the images into deformable structural regions
with different sizes and shapes, which makes it suitable for the
nonrigid registration of medical images that usually include
multiple regions (organs) with structures of different sizes and
shapes.

B. Deformable Related Methods

There have been many works attempting to split an image
into deformable patches instead of rectangular patches [14],
[22], [23], [24], [25], [26], [27], [28]. These methods often
learn offsets to deform the patches. In the image classification
task, Fu et al. [26] learned offsets of the most important
regions in an image for better performance. Zhu et al. [27]
proposed DCN to learn offsets for each pixel of the convo-
lution kernel. Both of the above-mentioned methods use a
convolution layer to produce the offsets. Deformable-DETR
[28] applies deformable operations in the self-attention layers
and cross-attention layers of DETR. However, it still relies on
feature maps extracted from CNNs. DPT [14] is the work most
close to ours, it proposed a DePatch module to learn offsets
of patches and apply deformable patches in a transformer
architecture. The DePatch module mainly consists of a linear
layer. First, for a pixel p(x, y) in a patch, the learned offset
(δx , δy) and pixel coordinates (x ′, y′) after deformation are as
follows: (

δx , δy
)

= tan(Woffset · f (p)) (3)
x ′

= x + δx , y′
= y + δy . (4)

Here Woffset is the learnable weight of the offset, and f (p)

represents the function of the linear layer. The DPT method
incorporates the DePatch module into the transformer and
generates image features based on the deformed patches as
follows:

z = W · Concat
(

A
(
x ′, y′

))
+ b. (5)

Here W and b are the learnable weights and bias of the
network, respectively, while A and z represent the input and
output features of the network, respectively.
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Fig. 2. Illustration of the DRSRE module. The module searches for the corresponding transformation relationship between the structural regions, by finding
the most relevant ones and their sizes in images. 3-D images are simplified into two dimensions to represent an example of the embedding process.

Fig. 3. Flowchart of the DRT for nonrigid medical image registration with a constraint of orientation. First, the input images R and M are embedded
by the DRSRE module into deformable structure regions DNE

R and DNE
M . Then, in the transformer part, we propose to use linear layers and a structural

region-attention module to calculate the structural region-attention map SE
RM and a transferred feature map T E

RM. Finally, several convolution blocks are used
for abstracting features FM of the moving image. We fuse FM with T E

RM and element-wisely multiply the fused feature by SE
RM to obtain the deformation

field φ.

In conclusion, the deformable patch-based networks replace
the rectangular patch embedding module in vanilla transform-
ers, so that it can learn to adaptively deform the patches to
preserve the semantics of objects in the patches. However,
since the offsets are learned by a convolution layer or linear
layer based on equal-sized patches, they are still unable to
overcome the limitation of equal-sized patches and cannot
reflect structural differences in size of different regions in
an image. In addition, they do not consider the structural
directionality in patches. In our DRT method, we use an orien-
tation constraint to learn the offsets for deformable structural
regions and extract features better representing the semantic
consistency of regions in medical images.

III. METHOD

In this section, we introduce the proposed DRT framework,
which integrates the DRSRE module into a transformer part
to obtain the accurate deformation field for nonrigid medical

image registration. In the transformer part, we propose to
use linear layers and a structural region-attention module
to calculate the structural deformation relationship. Finally,
a feature generator is used for abstracting features of the
moving image. The abstracted features are corporate with the
structural deformation relationship to obtain the deformation
field and transform the moving image into the registered
image. The overall flowchart of the proposed method is shown
in Fig. 3.

A. DRSRE Module

Considering the shortcomings of the existing patch embed-
ding methods, we propose a DRSRE module to preserve the
semantic consistency in regions to obtain accurate transforma-
tion relationships for nonrigid image registration. The DRSRE
module can adaptively split an image into deformable struc-
tural regions of different sizes and shapes. First, we adaptively
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Fig. 4. Illustration of the deformable region-based structural relevance searching process. The module searches for the corresponding transformation relationship
between the structural regions, by finding the most relevant ones and their sizes in images. 3-D images are simplified into two dimensions to represent an
example of the embedding process.

search for the sizes of the deformable structural regions by
the similarity of the self-constructing graph latent. As shown
in Fig. 2, the search progress is based on the relevance of
structural regions in the input images. Specifically, for a pixel
p in the input reference image R and a pixel q in the moving
image M , we extract a sequence of structural regions Np and
Nq with different sizes centered by the pixel as follows:

Np =
[
N 3

p; N 5
p; . . . ; N L

p

]
, p ∈ R (6)

Nq =
[
N 3

q ; N 5
q ; . . . ; N L

q

]
, q ∈ M. (7)

Here L is the maximum size of the structural regions. Since
the sizes of the input images for a registration task are the
same, we assume that the size is H × W × D, and take the
minimum value of the three dimensions as the maximum size
of the structural regions as follows:

L = min(W, H, D). (8)

To obtain the similarity of the self-constructing graph latents
in the structural regions, we compute adjacency matrices ANp ,
ANq of Np, and Nq , respectively. The concept of the adjacency
matrix comes from graph theory [29], which represents the
structure of data by values of the edges between node points.
Unlike image pixels, a graph can represent the image with
nodes and edges, which is a better reflection of the geometry
structure information. As a graph usually does not have a
fixed grid, the nodes are not necessary to be spatially adjacent
pixels, and thus have the ability to express more general spatial
correspondence between images.

A graph represents an image in forms of nodes and edges,
Specifically, for an image I , the graph G can be represented
by

G = (N , E). (9)

Here, N means the nodes, and E means edges of the graph.
For convenience, the adjacency between nodes is usually rep-
resented by an adjacency matrix A. In this article, we follow
the operations in the sklearn [30] library to obtain graphs of
structural regions. First, we cluster the pixels of the structural
region to obtain the key points and use these points as nodes.
Then, we weigh the edges with the gradient values between

the nodes. The adjacency matrix ANp and ANq of the structural
regions are calculated as follows:

ANp(i, j) =

{
grad

(
Npi , Npj

)
, if Npi is adjacent to Npj

0, if Npi is not adjacent to Npj

(10)

ANq(i, j) =

{
grad

(
Nqi , Nq j

)
, if Nqi is adjacent to Nq j

0, if Nqi is not adjacent to Nq j .

(11)

Here Npi , Npj , Nqi , and Nq j represent pixel points in the
i th and j th positions of structure regions Np and Nq , grad(·)

represents the gradient function, while ANp(i, j) and ANq(i, j)

represent values in the (i, j) positions of adjacency matrices
ANp and ANq , respectively.

Since the clustering results for each region are different, the
structures of graph nodes and adjacency matrices of different
regions are not always the same. In order to ensure that the
number of graph nodes of the corresponding region in a pair of
reference image and moving image stays the same, we apply
a key point matching method [31] to filter the graph nodes
and keep only the matched graph nodes in the corresponding
regions. Compared with concatenation of vectors with fixed
structure, the structure of adjacency matrix can be different
according to the different clustering results in different regions,
so graphs can better represent various structure information of
different regions in the image.

In the next step, the relevance between the structural regions
is evaluated via the distance between the adjacency matrix ANp

and ANq , here we use the Frobenius norm [32] to measure the
distance. Specifically, it is calculated by the square root of the
sum of the differences between each element in ANp and ANq

as follows:

Rev
(
Np, Nq

)
=
∥∥ANp − ANq

∥∥
=

 n∑
i=1

n∑
j=1

(
ANp(i, j) − ANq(i, j)

)2

1/2

. (12)

Here n is the number of elements in each dimension of the
adjacency matrix.
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As shown in (12), a smaller Rev(Np, Nq) indicates higher
relevance between the two regions, thus we obtain the most
relevant structural regions N E

p and N E
q and their corresponding

sizes Eq
p as follows:

Eq
p = min

(
Rev

(
N e

p, N e
q

))
, e = 3, 5, . . . , L . (13)

Second, we predict an offset (δx , δy) with direction con-
straint which allows the structural regions to be deformable.
For a pixel p in a structural region, we denote its coordinate
as (x, y). The new coordinate of this pixel can be expressed
as follows:

x ′
= x + δx , y′

= y + δy . (14)

As shown in Fig. 4, we learn to predict the offset by
adding a new branch, which consists of a linear layer and an
orientation constraint. Based on the input structural regions,
we predict (δpx , δpy) with (15) first, and then embed them
with deformable structural regions DNp and DNq(
δpx , δpy

)
= tan

(
Woffset ·

(
f (p) +

p(x, y)∥∥▽p
∥∥ · θp

))
(15)

DNp(x,y) = Np(x+δpx ,y+δpy), DNq(x,y) = Nq(x+δqx ,y+δqy).

(16)

Here Woffset is the learnable weight of the offset, f (p)

represents a function of the linear layer, p(x, y) is the pixel
value at (x, y), while ∥▽p ∥ and θp are the gradient value and
orientation of pixel p, respectively. According to our previous
work in [34], ▽p and θp can be calculated by the following
equations: {

▽px (x, y) = p(x + 1, y) − p(x, y)

▽py (x, y) = p(x, y + 1) − p(x, y)
(17) θp = arctan

(
▽

2
px

− ▽
2
py

2 ▽px ▽py

)
/2

θpx = cos θp, θpy = sin θp.

(18)

As we use the sliding window method to determine the cen-
tral pixel of a deformable structural region, the process of the
DRSRE module can be quite time-consuming. To solve that
problem, a PS searching strategy is applied in the algorithm,
which is described in Section III-E.

B. Structural Region-Attention

After the deformable structural regions are obtained via
the DRSRE module, we propose a structural region-attention
module in the transformer part to calculate the structural
transformation relationship between the regions. Specifically,
we transfer images based on the corresponding relationship of
the deformable structural regions DNE

R and DNE
M , which are

outputs of the DRSRE module as follows:

DNE
R =

[
DNE

p ; p ∈ R
]

(19)

DNE
M =

[
DNE

q ; q ∈ M
]

(20)

where p and q represent the central pixels of the deformable
structural regions. We use linear layers to learn features for

Fig. 5. Feature generation module.

outputs of the DRSRE module, so the process can be expressed
as follows:((

K E
R , V E

R

)
, QE

M

)
= Linear

(
DNE

R , DNE
M

)
(21)

where Linear(·) denotes outputs of the linear layers, (K E
R , V E

R )

are features for DNE
R , and QE

M represents the feature for
DNE

M . To obtain the deformation relationship between DNE
R

and DNE
M , we propose a structural region-attention module and

use QE
M , K E

R , V E
R as inputs of the module. For each feature

QE
q in QE

M and K E
p in K E

R , we first calculate the relevance r E
p,q

between the input features by the normalized inner product as
follows:

r E
p,q =

〈
QE

q∥∥QE
q

∥∥ ,
K E

p∥∥K E
p

∥∥
〉
, p ∈ DNE

R , q ∈ DNE
M . (22)

Then, a structural region-attention map Rpq is computed
from r E

p,q to represent the most relevant position in the features

Rpq = arg max
q

r E
p,q , p ∈ DNE

R , q ∈ DNE
M . (23)

Inspired by the TTSR [33] network, we compute the trans-
ferred feature map T E

RM and the confidence map SE
RM of the

transferred features as follows:

T E
RM = V E

Rpq
, p ∈ DNE

R , q ∈ DNE
M (24)

SE
RM = max

q
r E

p,q , p ∈ DNE
R , q ∈ DNE

M . (25)

As a result, we obtain a transferred feature map T E
RM and

its confidence map SE
RM as outputs of the structural region-

attention module.

C. Feature Generation and Transformation

Instead of directly applying SE
RM and T E

RM to obtain the
deformation field, we first use a feature generator to extract
features FM from the moving image and then fuse the extracted
features with the transferred feature map T E

RM to leverage
more local information from the moving image. The feature
generator consists of several convolution layers and residual
blocks. The architecture of the module is shown in Fig. 5.

An input image M is first passed through a 3-D convolution
layer and is then processed by several residual blocks. A resid-
ual block includes two 3-D convolution layers and a ReLU
layer. Finally, the output of the residual blocks goes through a
3-D convolution layer, and the extracted feature vector FM is
obtained. The parameters of the module are shown in Table I.

With the fused feature map of FM and T E
RM, we element-

wisely multiply it by the confidence map SE
RM and obtain the

deformation field φ, the process can be presented as follows:

φ = Conv
(
Concat

(
FM , T E

RM

))
· SE

RM (26)
Mreg = M ⊙ φ. (27)
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TABLE I
ARCHITECTURE OF THE FEATURE GENERATION MODULE. Conv(Nin , Nout)

REPRESENTS THE 3-D CONVOLUTIONAL LAYER WITH Nin INPUT
CHANNELS AND Nout OUTPUT CHANNELS. THE KERNEL SIZE IS

3 × 3 × 3 FOR ALL CONVOLUTIONAL LAYERS

Here the operator · denotes elementwise multiplication,
Conv and Concat represent a convolutional layer and the con-
catenation operation, respectively, ⊙ represents the warping
operation, and Mreg is the final output of the DRT algorithm.

D. Loss Functions

As the aim of nonrigid registration is to warp the moving
image to align with the reference image, it can be regarded as
an optimization problem written as

φ̂ = arg min
φ

L
(
R, Mreg, φ

)
. (28)

Here R is the reference image, M is the moving image, φ

is the deformation field, Mreg is M warped by φ, and L(·) is
the objective function. As proven by Vercauteren et al. [35],
the objective function L(·) of the nonrigid registration should
include the similarity measure and the smoothness restriction
of the deformation field

L
(
R, Mreg, φ

)
= Lsim

(
R, Mreg

)
+ Lsmooth(φ). (29)

Lsim(·) measures similarity between the warped moving
image Mreg and the reference image R. Lsmooth(·) imposes
smoothness regularization on the deformation field φ.

There are several common formulations for φ, Lsim and
Lsmooth. Often, the deformation field φ is a displacement vector
field, specifying the vector offset from M to R for each
voxel. Lsim(R, Mreg) enforces the warped moving image Mreg
to be similar with the reference image R, so as to obtain
the accurate deformation field φ. Common metrics used for
Lsim include mean squared difference, mutual information,
and cross correlation. The latter two are useful when images
have varying modes and intensity contrasts. Since we focus on
nonrigid registration of medical images of the same modality
(MRI) in this work, the mean squared difference between R
and Mreg is used as the Lsim constraints in the loss function

Lsim
(
R, Mreg

)
=

1
�

∑
p∈�

∣∣R(p) − Mreg(p)
∣∣2. (30)

Here p denotes the pixel location, and � represents the
image domain. Lsmooth(φ) constrains the smoothness of defor-
mation field φ to preserve topology in images, which is often
modeled as a linear operator on gradients of φ. In this work,
we present the Lsmooth in loss function as

Lsmooth(φ) = ∥φ∥. (31)

∥·∥ is the spatial gradient operation. The total loss function
for DRT network training can be presented as

L
(
R, Mreg, φ

)
= Lsim

(
R, Mreg

)
+ Lsmooth(φ). (32)

E. Progressive Searching

In the DRSRE module, a sliding window method is used
to determine the central pixel of a structural region. However,
this process is quite time-consuming and requires excessive
memory resources. To improve the efficiency of the proposed
algorithm, we explore a PS strategy that adaptively reduces
the range of the searching area during the process. The main
flow of the strategy is shown in Fig. 6.

The medical images used for deformable registration in this
article are 3-D. For convenience, we only use two dimensions
to represent an example of the PS process. In the direction of
the horizon, first, for an initial center pixel p11, we obtain the
most relevant size E11 by the DRSRE module and represent
the pixel as pE11

11 . Then, instead of searching for the next
structural region from the neighborhood pixel, we set the
next center pixel p12 as pixel 2 × E11 away from pixel
p11. After obtaining the most relevant size E12 of pixel p12
by the DRSRE module, pixel 2 × E12 away from pixel
p12 is set as the next center pixel. It can be seen that the
central pixel of a structural region is progressive searched
according to the size of the previous region and the size of each
region is determined adaptively according to the size of the
semantic structure around the central pixel, so the structural
regions in an image can adaptively cover all of the structures
without missing effective local information. When there are
background regions between the semantic structures, there
will exist uncovered regions between the structural regions.
In medical images, since the pixel values of these background
regions are usually zeros and the noise in these regions
may interfere with the registration result, so we just discard
these ineffective background regions in the searching progress.
A similar strategy is applied in other dimensions. Thus, unnec-
essary calculation of the overlapping parts between different
structural regions can be avoided. In addition, when the size
of the structural regions exceeds the image boundary, the
structural regions will become incomplete. In order to ensure
the integrity of each region, we pad these regions with zero
so as to facilitate the subsequent calculation. From another
perspective, the efficiency of the algorithm is dramatically
improved because of the reduction of the computation.

IV. EXPERIMENTS

We evaluate the effectiveness of DRT for nonrigid medical
image registration and compare its performance to various
state-of-the-art baseline methods. Our goal is for DRT to

Authorized licensed use limited to: Univ of Calif San Francisco. Downloaded on December 10,2023 at 04:28:54 UTC from IEEE Xplore.  Restrictions apply. 



5014315 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 72, 2023

Fig. 6. Illustration of the progressive searching process. 3-D images are simplified into two dimensions to represent an example of the search process.

obtain an accurate deformation field of the input moving
images, matching or exceeding the accuracy of all nonlearn-
ing and learning baseline methods. The structure of this
section is as follows. In Section IV-A, details of the two
databases are introduced. Section IV-B illustrates the baseline
methods. Section IV-C shows implementation details for the
two datasets. Section IV-D introduces the evaluation metrics.
The experimental results and ablation study are presented
in Sections IV-E and IV-G, respectively. Finally, we discuss
the semantic inconsistency and computational efficiency in
Sections IV-F and IV-H.

A. Datasets

We evaluate the DRT-based registration method on two 3-D
medical image datasets, named the LPBA40 [36] database
and ADNI [37] database. Both datasets contain many medical
images that have multiple regions of interest (ROIs) with
different structural information.

The LPBA40 database consists of 3-D T1 weighted MRI
images from 40 young adults, and each image has 54 ROI
sections. Each image is normalized via affine transformation
[38] and converted to a common MNI152 space [39]. The
image intensity is normalized by histogram matching [40]. The
LPBA40 database is mainly used to study nonrigid registration
of ROI sections between different images. To improve com-
putational efficiency, each subject’s 3-D image is resized to
25% of the original size as 64 × 64 × 64 before being fed
into the network.

The ADNI database includes 199 3-D T1 weighted brain
MRI scans. The dataset contains normal and lesion brain
images of Alzheimer’s disease from 29 subjects. Each subject
has a normal image and a series of corresponding lesion
images are acquired at different times. Each scan is extracted
and normalized using FreeSurfer [41]. The purpose of the
ADNI database is to study changes in brain structures by com-
paring deformation in different pathological stages. Similar to

the LPBA40 database, we resize the images to 25% of the
original size as 40 × 48 × 56 before feeding them into the
network.

B. Baseline Methods

We compare the proposed DRT-based registration method
with fifteen state-of-the-art baseline methods. For nonlearning-
based methods, four representative classical nonrigid registra-
tion methods are used as baselines. We test the SyN [42] using
recommended parameters and mean squared difference as the
objective function, along with a default Gaussian smoothing
of 3. We test NiftyReg [43] with the default sum of squared
differences as the objective function and a regularization
weighting of 0.0002. We test the deedsBCV [44] by using
self-similarity context as the objective function. To make it
suitable for the spatial scales of brain structures, we reduce
the default grid spacing, search radius, and quantization step
to 8 × 7 × 6 × 5 × 4, 8 × 7 × 6 × 5 × 4, and 5 × 4 × 3 ×

2 × 1, respectively. We also test the LDDMM [45] using the
mean squared error as the objective function with a smoothing
kernel size of 2.

For state-of-the-art learning-based nonrigid registration
methods, four CNN-based methods, six transformer-based
methods, and one deformable-patch-based method are used
as baselines. To compare the proposed method with CNN-
based methods, we train VoxelMorph [46] using normalized
cross correlation as the loss function and set the regularization
parameter to 0.02. The trained model is then tested on pairs
of images from the test sets of the LPBA40 database and
ADNI database. We train and test VoxelMorph-diff [48] with
the same loss function as VoxelMorph. The regularization
parameter is set to 0.01. We train and test CycleMorph [49]
by setting the weights for cycle loss, identity loss, and defor-
mation field regularization to 0.1, 0.5, and 0.02, respectively.
We train and test MIDIR [50] with the same loss function and
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Fig. 7. Qualitative results of a sample slice for nonrigid image registration on the test set of LPBA40. The top two rows show the registered images, and the
dice scores are averaged for all the ROI sections and marked in yellow. The middle two rows exhibit the corresponding deformation fields, and percentages
of |Jφ | ≤ 0 are marked in blue. The bottom two rows show the differences map between the registered image and the moving image.

TABLE II
QUANTITATIVE EVALUATION RESULTS OF NONRIGID REGISTRATION BASED ON THE TEST SET OF LPBA40. DICE SCORES AND PERCENTAGES OF

|Jφ | ≤ 0 ARE EVALUATED FOR DIFFERENT METHODS. BOTH OF THE EVALUATION METRICS ARE AVERAGED FOR ALL THE ROI SECTIONS IN
IMAGES, AND THE BEST ONES ARE SHOWN IN BOLD

regularization parameter as VoxelMorph. All settings of the
parameters follow the default recommended parameters.

To evaluate the proposed DRT-based registration method,
we compare it with state-of-the-art transformer-based methods

in computer vision. We modify these methods to produce a
3-D deformation field that warps the input moving image to
obtain the registered image. While a spatial transformation and
deformation layer is added to these methods, the parameters
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Fig. 8. Qualitative results of a sample slice for nonrigid image registration on the test set of ADNI. The top two rows show the registered images, and the
dice scores are averaged for all the ROI sections and marked in yellow. The middle two rows exhibit the corresponding deformation fields and percentages
of |Jφ | ≤ 0 are marked in blue. The bottom two rows show the differences map between the registered image and the moving image.

TABLE III
QUANTITATIVE EVALUATION RESULTS OF NONRIGID REGISTRATION BASED ON THE TEST SET OF ADNI. DICE SCORES AND PERCENTAGES OF |Jφ | ≤ 0

ARE EVALUATED FOR DIFFERENT METHODS. BOTH OF THE EVALUATION METRICS ARE AVERAGED FOR ALL THE ROI SECTIONS IN IMAGES,
AND THE BEST ONES ARE SHOWN IN BOLD

and most of the network architectures remain unchanged.
To make the number of patches close to the number of ROIs in
the original images, the sizes of patches are set to 3. We train

and test ViT-V-Net [15], PVT [17], CoTr [19], nnFormer [20]
and RegionViT [21] with the default parameters. For TTSR
[12], we set the moving image as the LR image and the
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reference image as the reference image before obtaining the
output of the transformer as the registered image. For DPT
[14], we incorporate the DePatch module into ViT and use it
for nonrigid image registration.

C. Implementation Details

The proposed DRT is implemented by PyTorch [51] using
a batch size of 1 with 12G NVIDIA TITAN GPU. All models
are trained with the Adam optimizer [52] with a learning rate
of 10−4. The transformer parameters of DRT follow the default
parameters of ViT-V-Net [15].

The networks are trained until they converge and are tested
in a pairwise fashion, which allows the moving image and the
reference image to be arbitrary. The dataset is split into train-
ing, validation, and testing sets according to the proportion of
7:1:2, which follows the setting of ViT-V-Net [15]. Therefore,
there are 28 × 27/4 × 3/8 × 7 registrations for the LPBA40
dataset and 139 × 138/20 × 19/40 × 39 registrations for the
ADNI dataset in total.

D. Evaluation Metrics

The registration performance of the models is evaluated
based on the overlap between anatomical segmentation, which
can be represented by computing the Dice score [53] across
the ROIs. Given the registered moving image Mreg and the
reference image R, the Dice score of the two volumes is
calculated as follows:

Dice
(
Mreg, R

)
= 2 ∗

∣∣Mreg ∩ R
∣∣∣∣Mreg

∣∣+ |R|
. (33)

The Dice score ranges between 0 and 1, which corresponds
to the coincidence of two images and thus reflects the quality
of registration. A Dice score closer to 1 shows that the
registered result is relatively more identical, and a score of
0 represents that no overlap is obtained.

We averaged the Dice scores of all the ROI regions to obtain
an average score. The mean and standard deviation of the
averaged scores of all images are compared across various
registration methods.

In the registration process, especially between images of the
same patient, since the semantics and topology of images are
not supposed to be changed, image folding should not occur
anatomically. We can verify whether there are foldings in the
registration by quantitatively evaluating the smoothness of the
deformation field, or by visualizing the Jacobian matrix, so as
to judge the quality of the registration results. According to the
definition of Jacobian, the percentages of nonpositive values
in the determinant of the Jacobian matrix for the deformation
fields (i.e., |Jφ| ≤ 0) [54] can be computed as follows:

∣∣Jφ(i, j,k)

∣∣ =

∣∣∣∣∣∣∣∣∣∣∣

δi
δx

δ j
δx

δk
δx

δi
δy

δ j
δy

δk
δy

δi
δz

δ j
δz

δk
δz

∣∣∣∣∣∣∣∣∣∣∣
. (34)

Here i, j, k represent the i th, j th, and kth positions of
a pixel point in the image, and x, y, z represent the spa-
tial decomposition directions of the deformation field. When
|Jφ| = 1, the volume at this pixel does not change; |Jφ| > 1,
expansion occurs; 0 < |Jφ| < 1, shrinkage occurs; |Jφ| ≤ 0,
image folding occurs. We can quantify the smoothness of the
deformation field by calculating the percentages of |Jφ| ≤

0 and the standard deviation of Jacobian in the registered
images. The smaller the percentage of |Jφ| ≤ 0, the better
the smoothness of the deformation field, and the higher the
effectiveness of the registration method.

E. Results and Discussion

Table II lists the quantitative evaluation results of the
nonrigid image registration experiments based on the test set
of the LPBA40 dataset. The proposed DRT method produces
the highest Dice score of 0.748 with the smallest foldings (i.e.,
0.217% of |Jφ| ≤ 0) in the deformation fields. In comparison,
DRT improved the Dice score by 4.2% when compared to the
best CNN-based method (i.e., VoxelMorph) and by 5.4% when
compared to the best nonlearning-based method (i.e., SyN).
The transformer-based methods (i.e., ViT-V-Net, PVT, CoTr,
nnFormer, TTSR, RegionViT, DPT) generally perform better
than the CNN-based methods by overcoming the limitation
of the convolution operation. Note that our DRT performs
better than other transformer-based methods with a higher
Dice score, demonstrating the DRSRE module’s superiority
over the equal-sized or rectangular patch embedding. Note
that the Dice score of our DRT method is close to DPT while
percentages of |Jφ| ≤ 0 of DRT is significantly smaller than
that of DPT. The reason is that although DPT overcomes the
limitations of rectangular patches, it still learns the offset based
on equal-sized split patches and is therefore unable to reflect
structural differences in the size of different regions in an
image. In addition, it learns the offset by a single convolution
layer, which does not consider the structural directionality
in the regions. Compared with DPT, DRSRE overcomes the
limitations of both the equal-sized and rectangular patch split,
which can learn to adaptively split an image into deformable
structural regions with different sizes and shapes according to
the structural features with orientation constraints. DRT can
represent the structural differences and directionality between
regions and effectively preserve the semantic consistency in
regions to obtain accurate transformation relationships for
nonrigid image registration. Since Dice score focuses on the
overall similarity of images and the Jacobian matrix focuses on
the local consistency of structures in images, the percentage
of image foldings (|Jφ| ≤ 0) for defomation field can well
reflect the advantage of the DRSRE module and DRT-based
registration method. The qualitative results of a sample slice
for nonrigid image registration are shown in Fig. 7. The
images are visualized via MRIcron, which is available at
http://www.sph.sc.edu/comd/rorden/mricron. Among all the
registration methods, DRT shows the best qualitative result
with the smallest differences between the registered image and
the moving image. On the other hand, DRT and RegionViT
produce the smoothest deformations inside the brain area.
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To further evaluate the DRT method, we conduct nonrigid
image registration experiments on the ADNI dataset. The
quantitative evaluation results are listed in Table III. The
proposed DRT method achieves the highest Dice score of
0.886 with the smallest foldings (i.e., 0.308% of |Jφ| ≤ 0)
in the deformation fields. Additionally, the transformer-based
methods perform better than the CNN-based methods (i.e.,
VoxelMorph, VoxelMorph-diff, CycleMorph, and MIDIR) and
the nonlearning-based methods (i.e., SyN, NiftyReg, deeds-
BCV, and LDDMM). Since the proposed DRSRE module
in our method adaptively embed an image into deformable
structural regions of different sizes and shapes rather than
using equal-sized or rectangular patches, the DRT-based reg-
istration method can well preserve the semantic and structural
consistency across the structures in the image (see Fig. 1),
so the smoothness of the deformation field is better and
percentage of image foldings (|Jφ| ≤ 0) in the registration
results of DRT is significantly lower than other state-of-the-
art CNN-based and transformer-based nonrigid registration
methods. Compared with Dice score index, which focuses
more on the overall similarity of images, the Jacobian matrix
focuses more on the local consistency of structures in images
that can better reflect the advantage of the DRSRE module and
DRT-based registration method. Fig. 8 shows the qualitative
results of a sample slice for nonrigid image registration.
Among all the methods, the DRT method produced the best
qualitative results, with the smallest differences between the
registered image and the moving image.

F. Semantic Consistency

In comparison with equal-sized or rectangular patch embed-
ding in state-of-the-art methods (i.e., CNN-based Voxel-
Morph, transformer-based ViT-V-Net, and deformable-patch-
based DPT), the proposed DRT use a DRSRE module to split
the images into deformable structural regions of different sizes
and shapes. In this way, DRT can effectively preserve the
semantic consistency across the regions to calculate accurate
transformation relationships for nonrigid image registration.
To verify the correlation between semantic consistency and
accuracy of nonrigid medical image registration, we compare
semantic consistency in the registration results of DRT with
VoxelMorph, ViT-V-Net, and DPT. Here, we use the edge
continuity index LX [56] to quantify the semantic consistency
across the regions in an image. Continuity is an important
natural attribute of regional edges. Edge continuity determines
whether the semantics of the regional structure is inconsistent.
Fragmented and broken edges indicate that the integrity of the
regional structure is poor. In many region-based image pro-
cessing applications, such as image segmentation and object
recognition, the continuity of region edges plays a decisive
role. Therefore, as an important attribute of regions, edge
continuity can be used as an index to evaluate structural
semantic consistency. The index can be calculated as follows:

LX =
1

max(L i X i )

n∑
i=1

L i X i/n. (35)

Here n is the number of regions, L represents the length
of the region edge, X denotes the convex hull area of the

region edge, and max(L i X i ) is the maximum of L i X i . The
larger the index is the stronger the semantic inconsistency.
Fig. 9 shows the average indices of each ROI in the results
of the nonrigid image registration experiments based on the
test set of the LPBA40 dataset, and similar findings could be
found in the ADNI dataset. DRT obtains larger edge continuity
indices in most of the ROIs than the other methods. While
the indices of DPT are larger than those of VoxelMorph and
ViT-V-Net, they are significantly smaller than the indices of
DRT. The quantitative evaluation results are listed in Table IV.
The index of DRT is 17.2% higher than that of DPT, 18.2%
higher than that of ViT-V-Net, and 19.3% higher than that of
VoxelMorph. It can be concluded that the semantic consistency
in the registration results is a positive correlation with the
accuracy of the nonrigid image registration, which verifies
the superiority of the DRT method over other methods in
preserving semantic consistency and its importance in nonrigid
image registration.

G. Ablation Study

In this section, we present experiments designed to verify
the effectiveness of the modules in the DRT architecture.
Specifically, we carry out four ablation studies of the network
on the test set of the LPBA40 dataset, and similar findings can
be found in the ADNI dataset.

Table V lists the average results of the Dice scores in the
LPBA40 dataset obtained by using: 1) DRT (DRSRE−) where
we use the DRT framework without the DRSRE module; 2)
DRT (DRSRE∗) where we use the DRT framework without the
orientation constraint in the DRSRE module; 3) DRT (SRA−)
where we use the DRT framework without the structural
region-attention module; and 4) DRT (FG−) where we use the
DRT framework without the feature generator of the moving
image.

1) Analysis of the DRSRE: In the DRT (DRSRE−) method,
we replace the DRSRE module by directly using the input
images for transformation. Specifically, for the input reference
image R and the moving image M , we replace the output of
the DRSRE module, DNE

R , and DNE
M , with the images R and

M . Thus, (24)–(26) in DRT are written as follows:

TRM = VR (36)

SRM = max
M

〈
QM

∥QM∥
,

K R

∥K R∥

〉
(37)

φ = Conv(Concat(FM , TRM)) · SRM. (38)

To verify the effectiveness of the orientation constraint in the
DRSRE module, we remove it in the DRT (DRSRE∗) method,
so (15) and (16) in DRT become as follows:(

δ′

px , δ
′

py

)
= tan(Woffset · f (p)) (39)

DN′

p(x,y) = Np(x+δ′
px ,y+δ′

py), DN′

q(x,y) = Nq(x+δ′
qx ,y+δ′

qy).

(40)

Here δ′
px and δ′

py are the offsets predicted without the
orientation constraint, while DN′

p(x,y) and DN′

q(x,y) are the
corresponding deformable structural regions. In this way, (21)
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TABLE IV
AVERAGE EDGE CONTINUITY INDICES OF ROIS IN NONRIGID REGISTRATION RESULTS BASED ON THE TEST SET OF LPBA40. INDICES OF ALL ROIS

ARE AVERAGED INTO ONE INDEX FOR QUANTITATIVE EVALUATION

Fig. 9. Boxplot of edge continuity indices of 54 brain ROIs in the LPBA40 test dataset. Indexes of all images are averaged into one index for visualization.

TABLE V
ABLATION STUDY RESULTS BASED ON THE TEST SET OF LPBA40. THE DICE SCORES AND PERCENTAGE VALUES OF THE NONPOSITIVE JACOBIAN

DETERMINANT ON THE DEFORMATION FIELDS ARE AVERAGED FOR ALL THE SUBJECTS

TABLE VI
COMPUTATIONAL TIMES OF DIFFERENT IMAGE REGISTRATION ALGORITHMS

in DRT are written as follows:

((
K E

R , V E
R

)
, QE

M

)
= Linear

((
DNE

p

)′
,
(
DNE

q

)′)
,

p ∈ R, q ∈ M. (41)

The quantitative and qualitative experimental results of
deformable registration in the former sections have shown
the importance of the DRSRE module. This novel kind
of deformable structural embedding proposed in this work
overcomes the shortcomings of the current equal-sized or
rectangular patch splitting methods by learning to adaptively
split the input images into deformable structural regions with
different sizes and shapes. According to Table V, it is clear
that DRT (DRSRE−) cannot achieve satisfactory registration
results, with a lower Dice score and higher foldings in the
deformation fields observed in comparison with the DRT-based
registration method. DRT (DRSRE∗) obtains a significantly
higher Dice score but also obtains a high folding in the
deformation fields with 0.224% of |Jφ| ≤ 0. This indicates that
the orientation constraint plays an important role in smoothing
the deformation fields. In conclusion, the DRSRE module
enables the network to achieve great generalization capacity

and obtains increased robustness, which allows the proposed
method to outperform the other methods.

2) Analysis of the Structural Region-Attention: In the DRT
(SRA−) method, we remove the structural region-attention
module and use the deformable structural regions directly
for transformation. Specifically, for the input reference image
R and the moving image M , we remove the output of the
structural region-attention module, concatenate FM and DNE

R ,
and add the result back to FM as the registered image Mreg.
In this way, (26) in DRT is written as follows:

φ = Conv
(
Concat

(
FM , DNE

R

))
. (42)

As shown in Table V, we can find that DRT (SRA−)
performs worse than the DRT-based registration method. It is
concluded that the structural region-attention is a vital module
in the proposed method, and thus the images cannot be
accurately registered without it. This part is a key step to
obtain the corresponding transformation relationship between
the deformable structural regions, and it is a necessary module
for achieving satisfactory registration results.

3) Analysis of the Feature Generation: In the DRT (FG−)
method, we replace the feature generator of the moving image
by directly using the input moving images for transformation.
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Specifically, for the input reference image R and the moving
image M , we replace the output of the feature generator, FM ,
with the image M . In this way, (26) in DRT is written as
follows:

φ = Conv
(
Concat

(
M, T E

RM

))
· SE

RM. (43)

In the fifth row of Table V, we can see that DRT (FG−)
performs slightly worse than the proposed network, but it
functions better than DRT (DRSRE−). This indicates that
while the structural transformer has a better generation ability
than the CNN, we can obtain better results by mixing the CNN
features and the transformer features.

H. Computational Efficiency

As we use a PS strategy to improve the efficiency of the
DRT algorithm, we evaluate the computational efficiency of
the proposed network and analyze the impact of this strategy.
In addition, we also compare the efficiency of DRT with
other state-of-the-art algorithms. All methods are trained and
executed on a server with an Nvidia TITAN RTX GPU and
an Intel Core i7-7700 CPU, and the average running time
is reported in Table VI, where DRT∗ refers to the DRT
framework without applying the PS strategy. In comparison,
the computational time of the DRT∗ method is dramatically
reduced by using the PS strategy, so that DRT can run
at a speed close to those of other representative nonrigid
registration algorithms. We can conclude that the PS strategy
is vital for our algorithm.

I. Scopes for Future Study

While our DRT method overcomes the shortcomings of
equal-sized or rectangular patch embedding in current trans-
former methods and improves accuracy of nonrigid medical
image registration, there still exists scopes for applying it to
various situations. Although the PS strategy can improve the
efficiency of DRT, the computational burden of the algorithm
will still increase as the number of structures in images
increases. For pathological images and other images with
many complex structures, the searching time of the DRSRE
module may be too long to be practical. It will also be difficult
to embed the method in micro-controlled systems which have
limited computing resources. In our future study, we will focus
on improving efficiency of the searching process in the DRT
algorithm.

V. CONCLUSION

This article proposes a DRT framework for nonrigid medi-
cal image registration with orientation constraints. The core
of the proposed algorithm is the deformable region-based
embedding module, which makes up for the shortcomings of
equal-sized or rectangular patch embedding in current methods
by adaptively learning to split the input images into deformable
structural regions with orientation constraints. By applying
the DRT, the DRT-based registration method preserves the
semantic consistency across the regions to calculate accurate
transformation relationships and thus performs better than
other state-of-the-art CNN-based and transformer-based non-
rigid registration methods. We also explore a PS strategy that

considerably improves the efficiency of the DRT algorithm
and makes it practical in run time. With deformable region-
based embedding, DRT generates complete, robust, and dis-
criminative features for each structural region in an image.
So theoretically, it is not only applicable to medical images
but also to other images which have multiple structural regions
(i.e., facial images and remote sensing topographic maps).
In addition, as the DRSRE module can work as a plug-and-
play module and can easily be incorporated into various ViTs,
it can be utilized in other ViTs as well as other region-based
downstream tasks to improve their performance, e.g., image
segmentation and object detection. Further verification exper-
iments for applying DRT in these fields will be presented in
our future work.
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