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Abstract. Accurate 3D pelvic landmark localization is essential for hip
morphology assessment and surgical planning. However, most models are
trained on a single modality and therefore suffer substantial performance
degradation when applied to a different modality due to severe domain
shift. To alleviate this performance drop, unsupervised domain adap-
tation (UDA) methods based on image synthesis have been explored.
Nevertheless, sparse landmark annotations make it difficult for existing
synthesis methods to enforce semantic consistency between translated
and real images, which limits the effectiveness of UDA. To address this
limitation, we propose a UDA framework for 3D pelvic landmark lo-
calization using semantically consistent landmark-conditioned synthesis.
Specifically, building on a CycleGAN backbone, we introduce landmark-
conditioned adversarial learning (LCAL), which incorporates class- and
laterality-conditioned local discriminators to promote semantically con-
sistent image synthesis in regions surrounding each landmark. For lo-
calization, we employ modality-specific detectors to encourage consis-
tent localization predictions across synthesized images of the same sub-
ject with different styles. Additionally, we propose a pseudo-label en-
sembling mechanism (PLEM) that produces reliable pseudo-labels by
jointly considering localization confidence and cross-prediction spatial
consistency, providing effective supervision in the target domain. Ex-
periments on an unpaired hip CT-MR dataset demonstrate that our
method outperforms other state-of-the-art UDA approaches on both
CT-to-MR and MR-to-CT adaptation tasks. The code is available at
https://github.com/KangqingYe/LCS-UDA.
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Fig. 1. Illustration of the CT-MR domain shift: intensity histograms (a), example CT
and MR images (b-c), and landmark annotations (d).

1 Introduction

Accurate landmark localization in 3D pelvic images is a fundamental prereq-
uisite for hip joint morphology assessment, thereby supporting diagnosis and
preoperative planning for developmental hip dysplasia [16, 10]. With the ad-
vancement of deep learning, many automatic methods have been developed for
3D landmark localization, including regressing Gaussian heatmaps for landmark
prediction [17, 5, 26], using a coarse-to-fine strategy to improve performance [27,
25], and incorporating auxiliary tasks to enforce geometric priors [8, 2].

Despite recent progress, most existing methods are designed for a single-
domain setting, and their performance often degrades when applied to a different
imaging modality (e.g., CT→MR). The degradation is mainly caused by domain
shift, including differences in appearance and imaging characteristics [20]. Fig. 1
illustrates the intensity distributions and visual appearances of pelvic CT and
MR images, along with a 3D visualization of landmark annotations. In prac-
tice, CT images are typically used to quantify acetabular morphology because of
their excellent bone depiction quality [4], whereas MR images are used to assess
soft-tissue pathology due to their superior soft-tissue contrast [12]. Consequently,
annotating landmarks on osseous structures is generally more difficult and costly
in MR images than in CT images [14]. To reduce the reliance on manual anno-
tations, unsupervised domain adaptation (UDA) [1] for localization has been
proposed, aiming to transfer knowledge from labeled source data to unlabeled
target data.

Existing UDA approaches mainly involve three strategies: feature alignment,
image synthesis, and pseudo-label-based learning [7]. Jin et al. [6] combined
confidence-based pseudo-label selection and adversarial learning to facilitate
feature alignment, and proposed a UDA localization method for X-ray images
from different devices. However, the method’s performance depends strongly on
pseudo-label quality in the target domain. Large domain discrepancies between
CT and MR may result in noisy pseudo-labels, causing significant performance
degradation. In contrast, image synthesis methods [23, 21] generate target-style
images from labeled source data and train localization models using correspond-
ing source labels. For example, Zeng et al. [23] used CycleGAN for CT-MR
synthesis and enforced segmentation consistency across real, synthesized, and
reconstructed images to preserve semantic structures during translation. Nev-
ertheless, preserving semantic consistency during image synthesis remains chal-
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Fig. 2. A schematic illustration of our method. It consists of two modules: an im-
age synthesis module with landmark-conditioned adversarial learning (LCAL) and a
landmark localization module with the pseudo-label ensembling mechanism (PLEM).

lenging, especially with sparse landmark annotations. Diffusion-based synthesis
has also been explored, but it is largely restricted to 2D slices due to com-
putational cost [9, 24], and the few 3D extensions require paired data [15] or
segmentations [3], neither of which is applicable to our setting. Moreover, these
methods typically do not refine pseudo-labels in the target domain.

To address these limitations, we propose a UDA framework that integrates
an image synthesis module with a landmark localization module. The image
synthesis module builds on CycleGAN and introduces landmark-conditioned ad-
versarial learning (LCAL), which applies class- and laterality-conditioned local
discriminators to regions around each landmark to encourage semantically con-
sistent synthesis. The landmark localization module uses two modality-specific
detectors to enforce localization consistency across real, synthesized, and re-
constructed images. We further propose a pseudo-label ensembling mechanism
(PLEM) that refines target pseudo-labels using both localization confidence
and spatial consistency across predictions, providing reliable supervision for the
target domain. We validate our method on an unpaired hip CT-MR dataset.
The results demonstrate the effectiveness of our method on both CT→MR and
MR→CT adaptation tasks.

2 Method

In UDA landmark localization, we are given labeled source-domain images xs

with corresponding labels ys and unlabeled target-domain images xt. This work
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aims to train a localization model that can achieve satisfactory performance on
the target domain without access to target labels.

Our method consists of an image synthesis module and a landmark local-
ization module, as shown in Fig. 2. In the image synthesis module, we adopt
a standard CycleGAN backbone and introduce LCAL to facilitate semantically
consistent synthesis. The landmark localization module includes two modality-
specific landmark detectors (one per domain). These detectors are trained using
source labels ys ∈ RK×3 for images generated from the source images, and using
pseudo-labels ytpl ∈ RK×3 for images generated from the target images, where
K is the number of landmarks. The pseudo-labels ytpl and the corresponding
validity mask Mpl ∈ {0, 1}K are produced by PLEM.

2.1 Image Synthesis Module

The synthesis module is based on CycleGAN, with two generators (Gs→t, Gt→s)

and two global discriminators (Dglo
s , Dglo

t ). Given a real source image xs
real, we

synthesize xt
syn = Gs→t(x

s
real), and reconstruct xs

rec = Gt→s(x
t
syn) to enforce

cycle consistency. Similarly, for a real target image xt
real, we obtain xs

syn =

Gt→s(x
t
real) and xt

rec = Gs→t(x
s
syn). For clarity, we define Lglo

G as the gener-
ator loss, Lglo

Ds
and Lglo

Dt
as the global discriminator losses for the source and

target domains, respectively, and Lcyc as the cycle-consistency loss. In addition
to the global adversarial learning in CycleGAN, we introduce LCAL to focus on
improving generation quality in local regions surrounding landmarks.

Landmark-conditioned Adversarial Learning We introduce two local dis-
criminators Dloc

s and Dloc
t for the source and target domains, respectively. To

encourage semantically consistent synthesis around landmarks, we condition the
local discriminator on the landmark class k ∈ {1, 2, ...,K}, making the adver-
sarial supervision landmark-specific.

Since such supervision should be driven by the local context around each
landmark, we apply each discriminator to a local patch cropped around the k-th
landmark. For Dloc

s , we crop patches from xs
real and xs

syn, denoted by x̄s
real(k)

and x̄s
syn(k) for the k-th landmark, respectively. However, unlabeled target im-

ages contain pseudo-labels for only a subset of landmarks. Using these incom-
plete pseudo-labels would result in training imbalance across iterations, which
destabilizes training. To define crop centers for all landmarks, we assign proxy
labels to landmarks without pseudo-labels using an anatomical prior [22, 19].
Although images are unpaired, all volumes are rigidly aligned to a common co-
ordinate system. Therefore, anatomical structures are approximately consistent
across subjects, and landmark coordinates are broadly comparable. We define
the target crop center ȳtk as:

ȳtk =

{
yt,kpl , if Mk

pl = 1,

ysk, otherwise.
(1)
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Let C(x, y) denote a cubic cropping operator that extracts a local patch of
size sc centered at y + rc, where rc is a random offset. The inputs to Dloc

s are
x̄s
real(k) = C(xs

real, y
s
k) and x̄s

syn(k) = C(xs
syn, ȳ

t
k). Similarly, the inputs to Dloc

t

are x̄t
real(k) = C(xt

real, ȳ
t
k) and x̄t

syn(k) = C(xt
syn, y

s
k).

To encode the landmark class while accounting for left-right symmetry, we
decompose each landmark class k into a laterality-agnostic landmark class k̄ ∈
{1, 2, ..., K

2 } and a laterality indicator b ∈ {−1, 1} (e.g., b = +1 for left and
b = −1 for right). The landmark-class embedding e(k) is defined as:

e(k) = ē(k̄) + b · v, (2)

where ē(·) is a learnable embedding table and v ∈ Rd is a learnable vector of
dimension d representing laterality information.

Following the projection discriminator [13], the local discriminator encodes
the input image x̄ using a small convolutional neural network with global pooling
to obtain a feature vector d ∈ Rd, and outputs the conditional score:

Dloc(x̄, k) = σ(w⊤d+ e(k)⊤d), (3)

where w ∈ Rd is a learnable weight vector and σ denotes the sigmoid function.
We train Dloc

s and Dloc
t using adversarial learning. For each domain m ∈ {s, t}

and each landmark k, the discriminator maximizes LLCAL
Dm

and the generators
minimize LLCAL

G :

LLCAL
Dm

=

K∑
k=1

(
logDloc

m

(
x̄m
real(k), k

)
+ log

(
1−Dloc

m

(
x̄m
syn(k), k

)))
,

LLCAL
G =

∑
m∈{s,t}

K∑
k=1

[
− logDloc

m

(
x̄m
syn(k), k

)]
.

(4)

2.2 Landmark Localization Module

We employ two landmark detectors, one for the source domain (Fs) and one for
the target domain (Ft). Each detector is supervised using Gaussian heatmaps
h. Predicted coordinates ŷ = {ŷk}Kk=1 are obtained by taking the argmax of the
predicted heatmaps ĥ = {ĥk}Kk=1. To enforce consistent localization predictions
across real images and their synthesized and reconstructed counterparts, we
define the source-domain supervised loss as:

Lsup =
1

K

K∑
k=1

(∥∥∥ĥs,k
real − hs,k

∥∥∥2
2
+
∥∥∥ĥt,k

syn − hs,k
∥∥∥2
2
+

∥∥∥ĥs,k
rec − hs,k

∥∥∥2
2

)
. (5)

For target images, their generated counterparts are supervised using pseudo-
labels produced by PLEM.
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Pseudo-label Ensembling Mechanism To obtain reliable pseudo-labels for
target images, we ensemble two predictions for each target image: one from the
real target image, ŷt,kreal, and the other from the corresponding synthesized image
ŷs,ksyn. As pseudo-labels may be noisy due to domain shift and synthesis errors, we
retain pseudo-labels that are both confident and spatially consistent. Confidence
is defined as the maximum response of each predicted heatmap.

We define a confidence mask Mk
c and a spatial consistency mask Mk

d , and
then obtain the final validity mask Mk

pl = Mk
c ·Mk

d :

Mk
c = I

[
max(ĥt,k

real) > τc

]
· I
[
max(ĥs,k

syn) > τc

]
,Mk

d = I
[∥∥∥ŷt,kreal − ŷs,ksyn

∥∥∥
2
< τd

]
,

(6)
where I[·] is the indicator function. The pseudo-labels are obtained by averaging
the two predictions: yt,kpl = 1

2

(
ŷt,kreal + ŷs,ksyn

)
.

Following the weak-to-strong consistency learning [18], we generate an aug-
mented target image xt

aug via a spatial augmentation transform T . Let ht,k
pl

denote the heatmap generated from yt,kpl . With predictions ĥt,k
rec on xt

rec and ĥt,k
aug

on xt
aug, we adopt a masked MSE loss so that only valid landmarks contribute:

LPLEM =
1∑K

k=1 M
k
pl

K∑
k=1

Mk
pl

(∥∥∥ĥt,k
rec − ht,k

pl

∥∥∥2
2
+

∥∥∥ĥt,k
aug − T

(
ht,k
pl

)∥∥∥2
2

)
. (7)

2.3 Training strategy

We adopt a three-stage training schedule for stability: (1) train generators and
discriminators using the standard CycleGAN objective and LCAL; (2) freeze the
synthesis networks and train the landmark detectors using Lsup and LPLEM; (3)
train the entire network. The discriminator maximizes LD and the generators
and landmark detectors minimize Ltotal:

LD = Lglo
Ds

+ Lglo
Dt

+ LLCAL
Ds

+ LLCAL
Dt

,

Ltotal = Lglo
G + λcycLcyc + λLCALLLCAL

G + Lsup + LPLEM.
(8)

3 Experiments

3.1 Dataset and Evaluation Metric

We constructed an unpaired hip CT-MR dataset after local institution review
board (IRB) approval (Approval No. 16-07-13, the teaching and research man-
agement of Inselspital, University of Bern, Switzerland). The dataset contained
70 CT images and 68 MR images. Each image was annotated with 54 anatom-
ical landmarks for morphology assessment [11]. We randomly selected 14 and 7
CT-MR pairs for testing and validation respectively, while the remaining 49 CT
and 47 MR images were used for training (in an unpaired manner). All images
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Table 1. Results of our methods and other approaches under UDA settings.

Method Type Methods
CT→MR MR→CT

MRE↓ SDR (%)↑ MRE↓ SDR (%)↑
(mm) 3mm 5mm 10mm (mm) 3mm 5mm 10mm

Lower bound No adaptation 94.75 1.5 5.8 15.2 24.18 13.0 33.1 76.5
Upper bound Fully supervised 3.36 52.0 84.4 99.1 2.78 66.7 90.0 98.9

UDA

CycleGAN [28] 4.13 33.9 73.9 97.6 4.61 21.2 63.5 97.8
ICMSC [23] 3.92 36.4 76.1 98.7 4.24 28.8 72.1 98.5
UDA-landmark [6] 93.03 2.4 6.6 20.4 19.16 11.0 29.9 77.1
UMSCS [21] 4.27 29.4 71.3 97.8 4.33 26.5 70.4 97.6
Ours 3.53 46.0 83.3 99.1 3.85 36.0 80.6 98.4

were resampled to a uniform voxel spacing of 1.5× 1.5× 1.5 mm3 and cropped
to a size of 250× 159× 160 following paper [19].

We adopted two commonly used metrics [6, 8] as follows: (1) Mean Radial
Error (MRE), the mean Euclidean distance between the predicted and ground-
truth landmarks; and (2) Successful Detection Rate (SDR), the percentage of
landmarks correctly detected within thresholds of 3.0 mm, 5.0 mm, and 10.0 mm
from the ground-truth.

3.2 Implementation Details

We used SCN [17] as the landmark detector. Input patches of 80×80×80 voxels
were extracted. For LCAL, local patches of side length sc = 40 were cropped
with random offsets rc ∈ [−3, 3]3. We set λcyc = 10, λLCAL = 0.5, d = 512,
τc = 0.9, and τd = 3 empirically. The spatial augmentation T included random
rotation within [−10◦, 10◦] and random scaling within [0.9, 1.1]. We trained the
three stages for 200, 200, and 600 epochs, respectively, using the Adam optimizer
with a cosine-annealed learning rate from 2× 10−4 to 2× 10−5. All experiments
were conducted on an NVIDIA RTX 4090 GPU.

3.3 Comparison with SOTA Approaches

We compared our method with the following state-of-the-art (SOTA) UDA ap-
proaches on two tasks: CT→MR and MR→CT. CycleGAN [28] translated source
images to the target style, and then trained a landmark detector on the synthetic
images. UDA-landmark [6], originally proposed for X-ray images, was adapted
to our 3D setting. We also included two CycleGAN-based UDA segmentation
methods, ICMSC [23] and UMSCS [21]. For fairness, all methods used the same
landmark detector architecture. We additionally reported a source-only baseline
(trained on the source domain and directly tested on the target domain) as a
lower bound, and a model trained with target ground-truth landmarks as an
upper bound.

The comparison results are shown in Table 1. Our method consistently out-
performed other competing approaches on both tasks, achieving an MRE of 3.53
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Fig. 3. (a) Visualization results from our method and the second-best method on the
CT→MR task, with ground-truth landmarks (green) and predicted landmarks (red).
(b) Ablation results of LCAL. “w/o cond.” denotes local discriminators without class or
laterality conditioning; “w/o lat.” removes laterality conditioning while retaining class
conditioning. (c) Ablation results of PLEM. (d) Images synthesized by CycleGAN and
our method. The osseous segmentation of the input image is shown in red.

mm on the CT→MR task, and an MRE of 3.85 mm on the MR→CT task. The
qualitative results of our method and the second-best method ICMSC on the
task CT→MR are shown in Fig. 3(a).

3.4 Ablation Studies

We conducted ablation studies to evaluate the impact of LCAL and PLEM, as
shown in Table 2. To assess the contribution of PLEM, we replaced the ensembled
pseudo-labels ytpl with ŷtreal while keeping other settings unchanged. Removing
both LCAL and PLEM resulted in the lowest performance, indicating that both
components are essential.

We further analyzed the components of LCAL and PLEM on the CT→MR
task. For LCAL, class- and laterality-conditioned local discriminators achieved
the best accuracy compared with variants without class conditioning or laterality
conditioning, as shown in Fig. 3(b). For PLEM, we evaluated the contribution of
masks Mc and Md. The variant using both masks performed the best (Fig. 3(c)),
suggesting complementary filtering based on confidence and spatial consistency.
Finally, we visualized and compared the synthesized images produced by Cy-
cleGAN and our method. As shown in Fig. 3(d), CycleGAN altered anatomical
structures around landmarks (e.g., the acetabular notch), whereas our method
better preserved semantic consistency between translated and real images.



Landmark-Conditioned Unsupervised Domain Adaptation 9

Table 2. Ablation results on the key components of our method.

LCAL PLEM
CT→MR MR→CT

MRE↓ SDR (%)↑ MRE↓ SDR (%)↑
(mm) 3mm 5mm 10mm (mm) 3mm 5mm 10mm
4.39 29.8 66.7 97.5 5.23 12.8 54.0 96.4

✓ 4.04 36.0 71.4 98.5 4.66 23.4 62.1 97.5
✓ 4.00 33.1 75.1 98.5 4.45 19.7 70.0 98.3

✓ ✓ 3.53 46.0 83.3 99.1 3.85 36.0 80.6 98.4

4 Conclusion

In this paper, we presented a novel UDA framework for 3D landmark localiza-
tion that integrated landmark-conditioned image synthesis with pseudo-label en-
sembling. LCAL promoted semantically consistent synthesis around landmarks,
while PLEM provided reliable target-domain supervision, which together led to
improved cross-modality localization. Experiments on an unpaired hip CT-MR
dataset demonstrated the effectiveness of our approach, providing a practical
solution for UDA landmark localization.

Disclosure of Interests. The authors declare no conflict of interest.
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