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Abstract

Deep Learning-based 2D/3D registration enables fast,

robust, and accurate X-ray to CT image fusion when large

annotated paired datasets are available for training. How-

ever, the need for paired CT volume and X-ray images

with ground truth registration limits the applicability in

interventional scenarios. An alternative is to use simu-

lated X-ray projections from CT volumes, thus removing the

need for paired annotated datasets. Deep Neural Networks

trained exclusively on simulated X-ray projections can per-

form significantly worse on real X-ray images due to the do-

main gap. We propose a self-supervised 2D/3D registration

framework combining simulated training with unsupervised

feature and pixel space domain adaptation to overcome the

domain gap and eliminate the need for paired annotated

datasets. Our framework achieves a registration accuracy

of 1.83 ± 1.16 mm with a high success ratio of 90.1% on

real X-ray images showing a 23.9% increase in success ra-

tio compared to reference annotation-free algorithms.

1. Introduction

Image guidance for minimally invasive interventions is

generally provided using live fluoroscopic X-ray imaging.

The fusion of preoperative Computed Tomography (CT)

volume with the live fluoroscopic image enhances the in-

formation available during the intervention. Spatial align-

ment of the 3D volume on the current patient position is a

prerequisite for accurate fusion with the fluoroscopic im-

age. An optimal spatial alignment between preoperative

CT volume and live fluoroscopic X-ray is estimated with

2D/3D registration. Traditionally, optimization-based tech-

niques have been used for 2D/3D registration in the in-

terventional setting as it provides highly accurate registra-

tion [52, 28, 50]. However, optimization-based techniques

are sensitive to initialization and content mismatch between

X-ray and CT images. Deep Learning (DL)-based 2D/3D

registration techniques have been proposed to overcome the

limitations of the optimization-based techniques by improv-

ing the robustness significantly [25, 30, 31, 38], while still

relying on optimization-based techniques as a subsequent

refinement step to match the registration accuracy. Re-

cently, end-to-end DL-driven solutions have been proposed

that can achieve a combination of high registration accuracy

and high robustness with faster computation [20].

Despite the significant improvement in learning-based

registration techniques, the interventional application is still

limited due to the lack of generalizability of the learned

networks for different anatomy, interventions, scanner, and

protocol variations [46]. The collection of large-scale an-

notated datasets for all variations is prohibitive since the

data needed for training should be paired along with ground

truth registration. Either a large-scale annotated dataset that

consists of all the different variations or an annotation-free

unpaired training routine based on existing DL-based tech-

nique enables us one step closer to interventional applica-

tion. We focus on the latter, by removing the need for an-

notated paired dataset as this would immediately allow us

to train the current state-of-the-art registration networks for

different variations.

We propose a self-supervised 2D/3D rigid registra-

tion framework to achieve annotation-free unpaired train-

ing with minimal performance drop on real X-ray images

encountered during the interventional application. The

annotation-free unpaired dataset is generated from forward

projections of the CT volumes. Our framework consists

of simulated training combined with unsupervised feature

and pixel space domain adaptation. Our novel task-specific

feature space domain adaptation is trained in an end-to-

end manner with the registration network. We combine

the recently proposed Barlow Twins [55], adversarial fea-

ture discriminator [7, 21] and DL-based registration net-

work [20]. This allows the features to be robust for different

style variations while also being optimal for the registration

task. Our feature space adaptation adds no computational

cost during inference. We additionally perform unsuper-

vised style transfer of the real X-ray to simulated X-ray

image style using Contrastive Unpaired Translation [35].

We apply the style transfer network during inference, thus

allowing the registration network to operate on the fixed

style already encountered during training. In combination,
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our proposed framework achieves a registration accuracy of

1.83± 1.16 mm with a high success ratio of 90.1% on real

X-ray images showing a 23.9% increase compared to refer-

ence annotation-free techniques.

2. Related Work

We focus our related work discussion specific to rigid

2D/3D registration for optimization-based and learning-

based 2D/3D registration algorithms. In unsupervised do-

main adaptation, we broadly discuss the methods applied in

medical imaging tasks.

Optimization-Based 2D/3D Registration The problem

of 2D/3D registration for interventional image fusion has

been extensively researched with comprehensive reviews

of the techniques available [26, 28]. Due to the non-

convex nature of the 2D/3D registration problem, global

optimization [9, 13, 34] is required to reach optimal so-

lution. However, the high computational cost of global

optimization-based techniques limits the interventional ap-

plication. Faster techniques using local optimization-based

methods [45, 32, 29, 12, 41] rely on image similarity mea-

sures, making it highly dependent on good initialization.

Point-to-Plane Correspondence (PPC) constraint was pro-

posed [52, 51, 50] as a more robust alternative for com-

puting the 3D motion from the 2D misalignment visi-

ble between the 2D image and the forward projection of

the 3D volume. PPC-based techniques significantly im-

prove the registration accuracy and robustness compared

to other optimization-based techniques. Extensions of the

PPC-based technique proposed for multi-view scenario [39]

and hybrid learning-based solutions improve the robustness

significantly [38]. Recently, multi-level optimization-based

technique [24] was proposed with normalized gradient field

as the image similarity metric, showing further improve-

ment in the registration accuracy.

Learning-Based 2D/3D Registration Initially, learning-

based techniques were targeted to improve the computa-

tional efficiency [31] and robustness [30, 25, 38, 14, 8]

of the optimization-based techniques. DL-based tech-

niques significantly improve the robustness to initializa-

tion and content mismatch [38, 25, 30]. End-to-end

DL-driven registration [20] has shown improved robust-

ness compared to other learning-based methods [38, 19,

40], while also matching the registration accuracy of the

optimization-based techniques [50] with significant im-

provement in computational efficiency. Recently, fully

automatic DL-based registration has been proposed [6,

13, 11] that can perform both initialization and registra-

tion. A comprehensive review of the learning-based medi-

cal image registration [15] and the impact of learning-based

2D/3D registration for interventional applications [46] are

available. The advances in DL-based 2D/3D registration

techniques have been propelled by using supervised tech-

niques [20, 30, 25]. The variations in imaging protocol, de-

vice manufacturer, anatomy, and intervention-specific set-

ting alter the appearance of the acquired images signif-

icantly, preventing the adoption of the DL-based 2D/3D

registration techniques in interventional scenarios. At-

tempts have been made to reduce the number of annotated

data samples required with paired domain adaptation tech-

niques [57, 58]. Simulated X-ray projections generated

from CT volume remove the need for paired annotated data

requirement. However, this leads to a domain gap due to

the variations between the real and simulated X-ray projec-

tion. Unsupervised domain adaptation is required to mini-

mize the drop in performance while not requiring annotated

datasets.

Unsupervised Domain Adaptation The domain gap in-

troduced due to the use of simulated data is bridged either

by improving the realism of the simulated data [53, 47] or

by performing unsupervised domain adaptation to minimize

the domain gap [1, 7, 60, 35, 48, 16, 44, 17]. The use of

simulated X-ray projections is increasing in training DL-

based solutions [11, 3, 56, 54, 59, 42] for various medi-

cal imaging applications. DeepDRR [47], aims to bridge

the domain gap by rendering realistic simulated X-ray pro-

jections which are closer to real X-ray images. Domain

Randomization [44] was recently proposed to bridge the

domain gap problem in learning-based 2D/3D registration

networks [11]. Multiple different styles of simulated X-ray

images are used during training, allowing the network to

be robust to style variations encountered during inference.

However, a patient-specific retraining step is required on top

of domain randomization [11]. Unsupervised domain adap-

tation for CNN-based 6D pose regression of X-ray images

was proposed in [59]. However, the evaluation ignores the

use of surgical tools and content mismatch which is cru-

cial for the interventional application. Generative Adversar-

ial Network (GAN) [1, 56, 54, 59] and adversarial feature

adaptation techniques [21, 5, 59, 49] have shown promis-

ing results for bridging the domain gap in medical imag-

ing tasks like segmentation [56], reconstruction [54], pose

regression [59], depth estimation [21] and multi-modality

learning [49, 5].

3. Methods

Our proposed method is targeted towards rigid 2D/3D

registration for interventional image fusion between X-ray

(2D) and CT (3D) images as illustrated in Figure 1. The

live X-ray image is acquired from the C-arm system dur-

ing the intervention. The initial overlay depicts the fusion
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Figure 1: Interventional image fusion for C-arm system,

showing the overlay before and after performing 2D/3D

registration.

of the 3D volume with the 2D image after performing ini-

tialization (either manually or automatically). The regis-

tered overlay depicts the overlay produced after performing

2D/3D registration which spatially transforms the preoper-

ative volume with the patient’s position and orientation. We

give a brief introduction to the 2D/3D registration problem

and the registration framework on top of which we build our

self-supervised method in Section 3.1. Following, we de-

scribe our proposed self-supervised registration technique,

with the different components that are used during train-

ing and inference in Section 3.2. We finally describe the

training and inference procedure used for our registration

framework in Section 3.3.

3.1. Background

Problem Formulation In 2D/3D registration, the goal is

to find an optimal spatial transformation Topt of the volume

V from the observed X-ray projections Irf such that when

the images are overlaid, there is minimal misalignment. The

problem can be formulated as an optimization problem with

an objective function F that minimizes the misalignment as

described in Eq. 1. The X-ray projection Irf , the preopera-

tive volume V and an initial registration estimate Tinit are

given as input to the registration algorithm. Our focus is

on recovering the registration matrix Treg which enables us

to find the optimal transformation Topt = TregTinit that

aligns the forward projected 3D volume R(V,T) with the

X-ray projection Irf .

argmin
T

F(Irf ,R(V,T)) (1)

Forward Projection A common basis for comparison be-

tween the 2D and 3D images is established using the for-

ward projector (rendering) R(V,T), which is used to gen-

erate simulated X-ray projection Im also referred to as Dig-

itally Reconstructed Radiograph (DRR). The forward pro-

jection from a CT volume to render a DRR is depicted in

Figure 2. The rendering is performed by computing each

Virtual 

X-ray 

source

Virtual 

detector 

plane

Bone 

Projection

Realistic 

Projection
Random Style Augmentation

Simulated X-ray Projections

Figure 2: Rendering simulated X-ray projection from 3D

CT volume with different styles.

detector pixel’s attenuation response from a virtual X-ray

source analytically using ray tracing [47]. The rendering

can be done using GPUs allowing for real-time computa-

tion [4]. Arbitrary DRRs can be rendered from CT volume

for different viewing angles by altering the position and ori-

entation T of the virtual X-ray source and detector. The

style of the rendering can be controlled by selecting the de-

sired materials to be rendered from CT volume either using

segmentation or a simple threshold. We show examples of

bone projection and realistic projection styles in Figure 2.

The bone projection uses thresholding to render only the

bones from the CT volume. The realistic projection ren-

ders all the materials present in the CT volume. Addition-

ally, random style augmentations (Figure 2) of the projected

DRR are obtained by adjusting contrast, brightness, invert-

ing, and adding noise.

PPC-Based Registration Framework Point-to-Plane

Correspondence (PPC)-based registration framework [52,

51, 50] constraints the global 3D motion dv from the vis-

ible 2D misalignment using the PPC constraint described

in Eq. 2. The framework requires as input, the 3D volume

V, X-ray image Irf and initial registration estimate Tinit.

The contour points w and their gradients g are computed

from V using a 3D canny edge detector [52]. The 3D mo-

tion dv is estimated by solving the PPC constraint (Eq. 2).

The motion estimation dv is applied iteratively until con-

vergence [52]. During each motion estimation step, the

previous registration estimate Ti−1 is used for rendering

the DRR Im = R(V,Ti−1) with T0 = Tinit. Corre-

spondence is estimated for a set of projected contour points

p between Im and Irf . The corresponding projected con-

tour point p′ in Irf is used to compute the 2D misalignment

dp = p′−p. The plane normal n in Eq. 2 can be computed

from w, g and dp.

(2)W [n×w,−n]
︸ ︷︷ ︸

A

dv = diag(W) nTw
︸ ︷︷ ︸

b

The 3D motion dv is in axis-angle representation and

can be directly converted to a 3D transformation matrix Ti
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Figure 3: Schematic of DIRN with simulated training using

DRRs generated from arbitrary views of the CT volume.

The real X-ray image Irf is replaced with bone projection

style DRR If for simulated training.

serving as the current registration estimate. To account for

noisy correspondence, per correspondence weight (diago-

nal) matrix W is used in Eq. 2.

Deep Iterative 2D/3D Registration The closed form so-

lution of Eq. 2 is differentiable [38], allowing the PPC

constraint to be embedded as a known operator [27] in

learning-based 2D/3D registration methods [38, 20, 40, 19].

We use the recently proposed Deep Iterative 2D/3D Reg-

istration Network (DIRN) [20] as the base architecture for

our DL-based registration. Figure 3 depicts the schematic of

the DIRN-based registration framework. In DIRN, the cor-

respondence search and correspondence weighting of the

classical PPC-based registration framework [52] is replaced

by learned components. RAFT [43] architecture (encoder

and correspondence decoder in Figure 3) is used for esti-

mating the correspondence between the If and Im images.

The per correspondence weights are learned using a Point-

Net++ [37] architecture (attention net in Figure 3) which

takes w,g,p′,n. The predicted correspondences along

with the predicted weights are used as inputs to the PPC

solver. The 3D motion dv is computed using the closed

form solution of Eq. 2. The network is trained for a single

registration update using Eq. 3. During inference, iterative

application of the learned network for a fixed number of it-

eration is used for registration.

(3)Ldirn = Lreg + wflowLflow + wmLm

Lreg = ||T(w) − T̂(w)|| is the registration loss with pre-

dicted transformation T computed from the predicted mo-

tion dv, ground truth transformation T̂ and 3D contour

points w. Lflow is the flow loss [19, 20] and Lm = ||dv||2

is the regularization loss on the predicted 3D motion dv.

wflow, wm are the weighting parameters to control the influ-

ence of the flow and motion regularization loss respectively,

which are set to 0.5 and 1e− 3 respectively [20].

3.2. SelfSupervised Registration Framework

In our self-supervised 2D/3D registration framework de-

picted in Figure 4, we replace the use of paired training

data (Irf , Im = R(V,Tinit), T̂) of DIRN framework with

simulated training data. The simulated data is obtained

using the bone projection style DRR images (Figure 2)

If = R(V,Ti) (instead of Irf ), Im = R(V,Tj) rendered

from arbitrary viewing directions Ti and Tj respectively.

The ground truth registration matrix T̂ is computed from

the relative transformation between Ti and Tj . Addition-

ally, style augmented versions Isaf , Isam of bone projection

style DRR If and Im respectively are used for domain ran-

domization. The style augmented version includes realistic

projection style DRR and random style augmentations ap-

plied to DRR projections during training (Figure 2). We

henceforth refer to the network trained with simulated data

including domain randomization as simulated DIRN. The

inference still needs to be performed on the real X-ray im-

ages Irf . The simplifying assumptions used to render DRRs

compared to real X-ray images [47], lead to variations in

image properties between the DRRs and the real X-ray im-

ages. To ensure that the simulated DIRN can perform with

minimal performance gap on Irf , we perform unsupervised

feature and pixel space domain adaptation. In feature space

adaptation (Section 3.2.1), our goal is to minimize the dis-

tribution shift between the encoded feature maps of Irf and

If , while the features are optimal for DIRN. We perform the

pixel space adaptation (Section 3.2.2) using unsupervised

image-to-image style transfer network, where we transfer

the input X-ray image Irf to the fixed bone projection style

DRR If . The training of the style transfer network is per-

formed separately and coupled with feature adapted net-

work during inference.

3.2.1 Feature Space Domain Adaptation

In feature space domain adaptation, the goal is to ensure

the encoded feature map is well adapted for different style

variations to the input image that can be encountered dur-

ing the inference. Our feature space domain adaptation

consists of Adversarial Feature Encoder (AFE) and Bar-

low Twins (BT) [55] module trained together with DIRN

in an end-to-end manner. Figure 4 depicts both the feature

space domain adaptation modules and how it is trained to-

gether with DIRN. In the following, we introduce the mod-

ules separately and describe how the end-to-end training is

performed together with the simulated DIRN. We use the

image encoder from the original RAFT architecture [43] as

proposed in DIRN [20].
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Figure 4: Our proposed registration framework with unsu-

pervised pixel and feature space domain adaptation. We de-

pict the encoder separately from the other DIRN modules

for ease of visualization.

Adversarial Feature Encoder Adversarial feature adap-

tation as a standalone module has been previously pro-

posed [7, 16] with application in unsupervised domain

adaptation for medical images [21]. We use the adversar-

ial feature loss (Eq. 4) computed using the encoded feature

maps Ff and Fr from the bone style DRR If and unpaired

real X-ray image Ir. The feature discriminator Df (based

on patch GAN discriminator [18]) is used to distinguish be-

tween the feature representations of the real and simulated

images. The encoder can be trained with adversarial train-

ing [10] which ensures that the encoded feature distribution

produced from both the X-ray and DRR images matches

closely for similar structural content in both image.

(4)
Lafe = Ex∼Is [logDf (E(x))]

+ Ex∼Ir [logDf (1− E(x))]

Barlow Twins for Style Invariance We use the Barlow

Twins(BT) [55] module which was originally proposed for

representation learning with recent advancements showing

improvements in multi-modal representation learning [2].

We propose to use the original BT [55] for our feature adap-

tation imparting style invariance. The BT loss (Eq. 5) is

computed using bone projection style DRR Im and style

augmented version Isam of it. We compute the encoded fea-

ture maps Fm, Fsa
m for both the images Im and Isam respec-

tively. The encoded feature map is projected to a z-dim

embedding vector Zm and Zsa
m using the feature projector

as proposed in [55]. Cross-correlation Cpred is computed

between the embedded feature vectors Zm and Zsa
m . Barlow

twins loss [55] (Eq. 5) which consists of invariance term and

redundancy reduction term is used for training the encoder

making it learn a feature representation that is invariant to

the input style.

(5)Lbt =
∑

i

(1−Cii
pred)

2 + wred

∑

i

∑

i ̸=j

(Cij
pred)

2,

where wred is the weighting factor for the redundancy loss

term [55] which is set to 0.005.

End-to-end training with simulated DIRN Unsuper-

vised feature adaptation for real X-ray images and differ-

ent input styles can be achieved using the AFE and BT

modules respectively. However, the features are not con-

strained to be optimal for the registration task (simulated

DIRN). We propose to constrain the solution space for fea-

ture adaptation by training all the three modules (simulated

DIRN, AFE, and BT) together in an end-to-end manner us-

ing shared weights for the encoder between the modules.

Since AFE and BT does not require any paired registra-

tion data, we can perform task-specific unsupervised feature

space domain adaption. We describe the training strategy

used to train our network with Eq. 6 in Section 3.3.

(6)L = Ldirn + wafeLafe + wdirnLbt,

where wafe and wbt are the weighting factors for the

AFE and BT modules which are set to 0.2 and 0.05 respec-

tively.

3.2.2 Pixel Space Domain Adaptation

In pixel space adaptation, our goal is to make the pixel

distribution of real X-ray images match to the simulated

images encountered during training. We train our pixel

space domain adaptation component separately, where we

use an unsupervised image-to-image style transfer network.

A common method to perform such style transfer is to use

CycleGAN [60]. However, CycleGANs need to learn both

forward and inverse mapping without any specific structural

loss to preserve the structural content of the style trans-

ferred images. We instead use the recently proposed Con-

trastive Unpaired Translation (CUT) [35] avoiding the need

for learning forward and inverse mapping while also ensur-

ing that the structural content is preserved with the patch

NCE (PNCE) loss. We depict our X-ray to DRR style trans-

fer using the CUT network in Figure 5. The PNCE loss is

computed using the input X-ray image and generated DRR
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Figure 5: Unsupervised X-ray to DRR style transfer using

Contrastive Unpaired Translation [35]

on multiple feature levels of the encoder [35]. A discrimina-

tor is used to distinguish between the real DRR images and

the fake DRR images generated from input X-ray. The net-

work is trained using Eq. 7 with adversarial learning, where

the goal of the generator is to produce DRR-styled images

conditioned on the input X-ray images.

(7)Lcut = Lgan + Lpnce + Lid
pnce

The Lgan is the Generative Adversarial Network (GAN)

loss [10] for matching the distribution for the generated

DRR with real DRR images. The Lpnce loss is the con-

trastive loss computed between the X-ray and generated

fake DRR image patches ensuring the content of the style

transferred image is preserved [35]. The identity Lpnce is a

learnable domain specific identity loss computed using the

real DRR images [35]. The CUT network is trained sepa-

rately for X-ray to DRR transfer and is applied as a style

transfer module during the inference to transfer the real X-

ray images to DRR-styled images for our self-supervised

2D/3D registration network.

3.3. Training and Inference

We pre-train simulated DIRN using the registration loss

(Eq. 3) similar to [20]. We use simulated training with a

fixed bone projection style DRR for 50 epochs and com-

bine it with style augmented data for domain randomiza-

tion for 50 epochs. We then fine-tune for feature space do-

main adaptation 3.2 using the combined loss (Eq. 6) in an

end-to-end manner for 20 epochs. A cyclical learning rate

between 1e-4 to 1e-6 is used during the simulated DIRN

training phase. During fine-tuning for feature space adapta-

tion a lower learning rate of 5e-6 is used for all DIRN mod-

ules except the image encoder. This is to make sure that our

task performance is retained, while our encoder adapts for

the different feature adaptations we perform using BT and

AFE loss. The learning rate of other components (including

the encoder) is set at 1e-4. We use a batch size of 16 for both

pre-training and fine-tuning. We use Adam optimizer [22]

to optimize all the network parameters. We update the fea-

ture discriminator of the AFE after each DIRN update. Dur-

ing inference except for the learned encoder weights, other

feature adaptation modules are not used as depicted in Fig-

ure 4.

We train our pixel space domain adaptation network sep-

arately on unpaired X-ray and DRR image datasets. We

train the CUT network for 50 epochs using a learning rate

at 1e-4 and batch size of 2 with Adam optimizer [22]. The

trained generator network from CUT is then used during

the inference as depicted in Figure 4. We train our networks

using PyTorch [36]. Our models are trained using a single

NVIDIA V100 Tesla GPU with 16GB memory. The infer-

ence is run on NVIDIA Titan X GPU with 12 GB memory

with 10 iterations of DIRN for a registration sample. Fur-

ther implementation details are provided in the supplemen-

tary material.

4. Experiments and Results

4.1. Experimental Setup

We describe the dataset used for training and evalua-

tion in Section 4.1.1 followed by the evaluation measures

in Section 4.1.2 and the baseline methods against which we

benchmark in Section 4.1.3.

4.1.1 Dataset

We use clinical Cone Beam CT (CBCT) reconstruction

dataset consisting of the X-ray images with ground truth

registration used for reconstruction along with the recon-

structed 3D CBCT volumes. Our dataset is from the verte-

bra region, consisting of both thoracic and lumbar regions

with 55 CBCT volumes acquired from 55 patients. The

voxel spacing varies between 0.49 mm to 0.99 mm in all

three dimensions. Due to the variations in the slice thick-

ness, the number of X-ray images varies between 190 to 390

images per volume. The X-ray images have a resolution of

616 × 480 (width × height) with a pixel spacing of 0.616

mm. We split our dataset into 43 patients for training, 6 pa-

tients for validation, and 6 patients for testing. We report all

the results on the held-out test data set. A visualization of

samples from our dataset is provided in the supplementary

material.

In the case of supervised scenario (used for training su-

pervised DIRN [20] for comparison), we create random ini-

tial transformations from the ground truth registration of the

X-ray images with the initial registration error in the range

of [0, 30] mm. A training sample consists of Irf , Tinit,

T̂, Im = R(V,Tinit) and w. In the self-supervised sce-

nario, we retain the same random start position from T̂ of

Irf and just replace it with If , which can be rendered us-

ing T̂. We additionally have style augmented version of

DRR images (Figure 2) for domain randomization. In to-
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tal, we have 80,000 samples for training and validation for

both supervised and self-supervised scenarios. To train the

pixel space domain adaptation network and adversarial fea-

ture encoder we use a dataset of 16000 unpaired real X-ray

and bone projection style DRR images from the vertebra re-

gion for the same set of patients. Our test data set consists

of 3600 samples from Anterior Posterior (AP) and lateral

(LAT) views (as its the common views encountered during

interventions [25, 30]) for the 6 patients with initial regis-

tration error in the range of [0, 60] mm similar to [20]. We

use real X-ray images for all evaluations.

4.1.2 Evaluation Measures

We use the standardized evaluation measure [23] of mean

Re-Projection Distance (mRPD) and the success ratio (SR)

of mRPD ≤ 5.0 mm [33]. The mRPD indicates the overlay

misalignment error and SR indicates the ratio of the num-

ber of samples to the total samples for which the mRPD ≤
5.0 mm. The initial registration error is measured using the

mean Target Registration Error (mTRE) [38, 40] indicates

the 3D euclidean distance between the start position and the

ground truth registration varies between [0, 60] mm.

4.1.3 Baseline methods

We compare our proposed technique with both

optimization-based and learning-based 2D/3D registration.

For the optimization-based technique, we use DPPC [50]

as it showed state-of-the-art results compared to other

optimization-based techniques [52, 50]. For learning-based

2D/3D registration, we directly compare with DIRN [20],

as we build our self-supervised registration framework

on top of it. As an annotation-free baseline, we use the

simulated DIRN with domain randomization [11] which

is commonly used in state-of-the-art registration networks

that are trained only with simulated images [11]. We

use the same training, validation, and test data for all the

methods and the best hyper-parameter settings proposed in

the respective original works.

4.2. Results

We validate our unsupervised pixel space domain adap-

tation performance against standard supervised style trans-

fer using pix2pix [18] in Section 4.2.1. Following, we

present the ablation of the pixel and feature space domain

adaptation components of our proposed network in Sec-

tion 4.2.2. We then compare our method with other state-

of-the-art techniques in Section 4.2.3

4.2.1 Pixel space domain adaptation

We compare our pixel space adaptation using CUT net-

work [35] with supervised pix2pix network [18] for reg-

mRPD [mm] ↓ SR [%] ↑

Simulated 2.97 ± 0.99 66.2

+ Unsupervised 2.35 ± 1.1 85.8

+ Supervised 2.25 ± 1.0 86.8

Table 1: Comparison of our unsupervised pixel space do-

main adaptation using CUT [35] with supervised style

transfer using pix2pix [18].

Real 

X-ray

Style 

Transfer

(a)

(b)

Real 

DRR 

Figure 6: X-ray to DRR style transfer using (a) unsuper-

vised CUT network (b) supervised pix2pix network along

with real DRR. Each column indicates a test data sample.

mRPD [mm] ↓ SR [%] ↑

Simulated 2.97 ± 0.99 66.2

+ Feature 2.30 ± 1.26 72.2

+ Pixel 2.35 ± 1.1 85.8

+ Feature + Pixel 1.83 ± 1.16 90.1

Table 2: Ablation of the different components of our self-

supervised framework.

istration performance (Table 1) and X-ray to DRR style

transfer (Figure 6). Our proposed unsupervised pixel space

domain adaptation matches closely to the supervised style

transfer network both in registration performance (Table 1)

and the image appearance (Figure 6) indicating we are close

to the maximum performance achievable for domain adap-

tation using style transfer.

4.2.2 Ablation of domain adaptation components

We compare the different components of our

self-supervised 2D/3D registration framework and how

each component drives the performance. In Table 2,

we show the quantitative results comparing the different

components of our registration framework. We start with

our baseline scenario, where we use simulated training of
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X-ray
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Figure 7: Visual comparison of overlays produced using

(a) optimization-based [52, 50] (b) simulated DIRN (in-

cludes domain randomization [11]) (c) ours (d) supervised

(DIRN) [20]. Each row indicates a test data sample.

mRPD [mm] ↓ SR[%] ↑

Optimization-based [52] 0.59 ± 0.26 62.2

Simulated 2.97 ± 0.99 66.2

Ours 1.83 ± 1.16 90.1

Supervised [20] 0.65 ± 0.50 99.4

Table 3: Comparison of our proposed method with other

state-of-the-art techniques.

DRR with domain randomization as proposed in [11]. We

add the feature space domain adaptation technique to train

our network and this already shows a 6% increase in SR

compared to the simulated baseline. Adding the pixel space

domain adaptation technique with the simulated baseline

increases the SR by 19.6%. Our proposed self-supervised

registration which consists of both pixel and feature space

domain adaptation improves the SR by 23.9% from the

simulated baseline. The registration error is also reduced

from 2.97± 0.99 mm to 1.83± 1.16 mm. Further analysis

of simulated baseline and the visualization of registration

error distribution is provided in the supplementary material.

4.2.3 Comparison with state-of-the-art registration

methods

We now compare with the different baseline methods which

have shown state-of-the-art performance for different regis-

tration scenarios. Figure 7 shows the qualitative compari-

son of the overlays produced before and after registration.

An arrow is marked on overlays produced using different

methods to better illustrate the differences. The quantita-

tive evaluation from Table 3 shows our proposed method

achieves a SR of 90.1% and has minimal performance drop

compared to supervised method. The optimization-based

technique lacks robustness to large initial misalignment re-

sulting in lower SR compared to our proposed method. Fig-

ure 7 shows that overlays produced with our method is more

accurate than simulated baseline and matches closely to the

supervised DIRN [20].

5. Discussion

Our novel unsupervised feature space domain adapta-

tion couples Barlow Twins and Adversarial Feature En-

coder, allowing us to increase the SR by 6% compared

to the simulated baseline without any additional parame-

ters during inference (Table 2). Our unsupervised pixel

space domain adaptation using CUT network [35] closely

matches the performance of the supervised pix2pix-based

style transfer network. The additional overhead is min-

imal for the style transfer network as it requires only a

single forward pass of the generator during application.

Also, unlike the CycleGAN [60], we can directly learn

the forward mapping between X-ray to DRR with struc-

ture consistency enforced by PatchNCE loss. Due to the

strict design requirement of having structural consistency

for style transfer, we skip the comparison with the Cycle-

GAN as they do not satisfy it. CUT [35] also outperforms

it significantly for unsupervised image-to-image translation

in [35]. We compare against the state-of-the-art 2D/3D

registration techniques and clearly show that our proposed

method achieves significant improvements to the SR com-

pared to other annotation-free methods [50] and closely

matches the supervised learning-based technique [20]. Our

proposed method also shows significant improvement in

mRPD compared to the simulated baseline. However, one

limitation of our proposed technique is the higher regis-

tration error compared to optimization-based and super-

vised registration methods. Optimization-based refinement

step [50, 28, 30, 25] can be applied if lower registration er-

ror is necessary for the application.

6. Conclusion

Our self-supervised framework enables training

learning-based 2D/3D registration without the need for an-

notated paired datasets. We are one of the first to pro-

pose self-supervised 2D/3D registration targeted for dense

correspondence-based 2D/3D registration networks [20,

19, 40], which are highly sensitive to the small changes

in the image content. We combine the novel tech-

niques from domain adaptation, self-supervised represen-

tation learning, and image-to-image translation to build a

complete framework for self-supervised learning of dense

correspondence-based 2D/3D registration networks. We

achieve a high SR of 90.1% on real X-ray images with a

23.9% increase in SR compared to annotation-free alterna-

tives. The mRPD is also reduced from 2.97± 0.99 mm for

the simulated baseline to 1.83± 1.16 mm for our proposed

method.
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