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Abstract. As an important upstream task for many medical applica-
tions, supervised landmark localization still requires non-negligible an-
notation costs to achieve desirable performance. Besides, due to cumber-
some collection procedures, the limited size of medical landmark datasets
impacts the effectiveness of large-scale self-supervised pre-training meth-
ods. To address these challenges, we propose a two-stage framework for
one-shot medical landmark localization, which first infers landmarks by
unsupervised registration from the labeled exemplar to unlabeled tar-
gets, and then utilizes these noisy pseudo labels to train robust detec-
tors. To handle the significant structure variations, we learn an end-
to-end cascade of global alignment and local deformations, under the
guidance of novel loss functions which incorporate edge information. In
stage II, we explore self-consistency for selecting reliable pseudo labels
and cross-consistency for semi-supervised learning. Our method achieves
state-of-the-art performances on public datasets of different body parts,
which demonstrates its general applicability. Code is available at https:
//github.com/GoldExcalibur/EdgeTrans4Mark.

Keywords: Medical Landmark Localization, One-Shot Learning

1 Introduction

Landmark localization is an essential step for many medical image applications,
such as dental radiography [1,2], bone age assessment [3,4], vertebra labeling [5]
and per-operative measurements [6]. Although fully supervised methods [7,8,9]
achieve the state-of-the-art results, the required manual annotations take consid-
erable cost and time. In contrast, given few exemplars and proper instructions,
experts are ready to generalize these landmark concepts to unseen targets and

https://github.com/GoldExcalibur/EdgeTrans4Mark
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Fig. 1. Overview of the proposed framework. In stage I, unsupervised registration
is learned through an end-to-end cascade of global alignment and subsequent local
deformations, which aims to predict pseudo landmarks p̃u by registering the labeled
exemplar Il to unlabeled targets Iu. Inferred noisy landmarks are further refined in
stage II, where two robust landmark detectors f; g are co-trained, by utilizing both
self-consistency for sample selection and cross-consistency for semi-supervised learning

annotate them accurately. This motivates us to explore the challenging task of
one-shot medical landmark localization.

Besides the scarce supervision, significant differences in spatial structures be-
tween images for landmark datasets also increase the difficulty of this task. While
they can be quite different in scale, orientation, or intensity due to patient posi-
tioning or imaging quality as in hand radiography [3], there are also substantial
variations in local structures, such as the front teeth in dental radiography [1].
Furthermore, because of cumbersome acquisition procedures, medical landmark
datasets are too expensive to collect in large numbers. Thus, the amount of
unlabeled data available is often limited.

Considering these challenges, landmark localization in the low data regime is
in urgent need and explored by [10,11,12]. 3FabRec [10] is a method for few-shot
face alignment. They first train an autoencoder for face reconstruction and then
retask the decoder to heatmap prediction through fine-tuning on labeled sets.
However, when having access to only one exemplar and hundreds of data as in our
work, qualities of reconstructed images are too poor to perform landmark local-
ization. Motivated by the recent success of contrastive learning, CC2D [11] pro-
poses to detect target landmarks by first solving a self-supervised patch match-
ing task and uses these pseudo labels to retrain new detectors. However, their
method overlooks the global spatial relationships of landmarks and is prone to
yield inaccurate predictions once overfitting to the local appearance of specific
instances. Conversely, DAG [8] employs graph convolution network (GCN) to
capture topological constraints of landmarks. Few-shot DAG [12] extends DAG
to the few-shot (e.g., five-shot) setting. They report impressive results on several
datasets but fail to converge under the extreme one-shot setting.

In order to fully exploit the exemplar and available data, we propose to prop-
agate the landmarks from exemplar to unlabeled images through registration,
which not only considers global anatomical constraints, but also performs precise
matching of local structures. In fact, the dense correspondence between instances
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learned by registration can be directly leveraged by landmark localization. Be-
sides, registration can be learned e�ciently without the need of a large amount
of data to produce reasonable results. As shown in Fig. 1, our novel two-stage
framework �rst learns unsupervised registration from the labeled exemplar to
unlabeled targets for inferring pseudo landmarks, and then trains robust land-
mark detectors by exploiting consistency between clean annotations and noisy
pseudo labels. For better adaptation to landmark localization, we make several
non-trivial contributions to solve the following challenges.

First, there might be a chicken-and-egg issue if you want to infer landmarks
for unseen targets through registration, since registration itself usually requires
detected landmarks, either for alignment in pre-processing steps [13], or to guide
the learning process as extra structural information [14]. To avoid this dilemma,
we decompose the total spatial transform into an end-to-end cascade of global
alignment and local deformations. To facilitate the registration learning, pow-
erful attention blocks [15] are employed, including self-attention for capturing
long-range dependencies and cross-attention for fusing multi-resolution features.

Second, classical reconstruction terms for registration, which mainly consider
image similarity based on the distribution of pixel values, are insu�cient to con-
strain the structural consistency of landmarks. Hence we propose novel loss func-
tions that incorporate edge information and landmark locations. Speci�cally, our
reconstruction term further involves the masked similarities of edge structures
around interested landmarks. Besides, since di�erent anatomical parts tend to
have di�erent displacements, it is bene�cial to relax the smoothness constraints
of deformation �eld around boundaries.

Last, under the interference of certain nuisances (e.g., background, abnormal
appearance), deformation learned by the low-level registration task can not per-
fectly capture the high-level semantic correspondence of landmarks. Thus, an
essential second stage is introduced to re�ne noisy predictions with large biases.
We train robust landmark detectors, utilizing self-consistency between di�er-
ent views of the same model for sample selection and cross-consistency between
di�erent views of di�erent models for semi-supervised learning.

We conduct experiments on public medical landmark datasets of di�erent
body parts, including head, hand and chest. Our method consistently outper-
forms other baselines with notable margins and further narrows the gap with
the supervised upper bound. To summarize, our contributions are three-fold:

1. We propose an unsupervised training strategy for inferring pseudo land-
marks through registration, which learns an end-to-end cascade of global
alignment and local deformations, with the guidance of novel loss functions
incorporating edge information.

2. We introduce an e�ective scheme for training robust landmark detectors
with noisy labels, which utilizes self-consistency for selecting reliable pseudo
labels and cross-consistency for semi-supervised learning.

3. We conduct experiments on public medical landmark datasets of di�erent
body parts. Results show our method stably advances the state-of-the-art
for all three applications.
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2 Related Work

We brie
y review most related works, including one-shot, few-shot and semi-
supervised methods for landmark localization, and medical image registration.

2.1 One-shot and few-shot landmark localization

As mentioned, CC2D [11] is motivated by contrastive learning: features for the
original patch and its randomly augmented counterparts at the same location
are matched using cosine similarity. With the learned matching network and
template patches, pseudo-labels are inferred for retraining a multi-task UNet [16]
from scratch. Despite their promising results on the cephalometric dataset [1],
CC2D overlooks valuable global structure constraints [8], making it di�cult to
handle multiple similar local structures, such as �ngertips. Another interesting
work, 3FabRec [10] achieves impressive performance for few-shot face alignment.
They �rst train an adversarial autoencoder for unsupervised face reconstruction,
then �ne-tune with interleaved layers to the landmark detection task with few
labels. 3FabRec demonstrates great bene�ts of dense pixel-level pre-training for
landmark localization. However, for medical applications where the amount of
data is orders of magnitude less, it is rather di�cult to achieve satisfactory
results through pre-training of image reconstruction.

2.2 Semi-supervised landmark localization

Recent advances can be divided into two streams: consistency-based approaches
[17,18] and synthetic image based approaches [19,20]. The equivariant landmark
transformation (ELT) constraint [17] is built on the intuition that, given a trans-
formed image, the model should produce similarly transformed landmarks. Se-
mantic Consistency [18] encourages learning similar features for landmarks with
the same semantics across images. Synthetic image approaches focus on gener-
ating desired training data. StyleAlign [19] �rst disentangles face images to style
and structure space, then transfers randomly sampled styles to images with
known structures, greatly enriching training space.

2.3 Learning-based deformable image registration

Our work is closely related to learning-based image registration [21,13,22,14]. [14]
proposes to utilize detected landmarks as extra structural information to guide
the training of registration. VoxelMorph [13] proposes to use a convolutional
neural network (CNN) g to learn the registration �eld � unsupervisedly, by
optimizing the image similarity between the �xed and moving images, and the
smoothness of� . [13] requires image pairs to be a�nely aligned in the pre-
processing step and then focus on the nonlinear correspondence. [13] can further
be extended as in DataAug [23] for one-shot medical segmentation, by learning
independent spatial and appearance transform for data augmentation.
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Fig. 2. The architecture of registration model consists of a CNN backbone and cas-
cades of attention blocks. Red lines denote the 
ow for global alignment, while blue
lines denote the 
ow for local deformation. Besides the image similarity, L esim is intro-
duced to further penalize local similarities of edge structures around inferred pseudo
landmarks, masked by their gaussian heatmaps. L esmooth relaxes the smoothness con-
straint around boundaries, to avoid mutual interference between di�erent regions (e.g.,
anatomical parts, background & foreground)

3 Method

Let I l ; I u be two images de�ned over a 2-D spatial domain
 . I l 2 RH � W is
the labeled exemplar with N annotated landmarks pl = f (x j

l ; yj
l )jj = 1 ; � � � ; N g,

and I u is the unlabeled target. I l and I u share similar appearance distribution,
and landmarks pl are de�ned at locations with particular anatomical structures.
Our goal is to learn a spatial transformation from I l to I u through registration,
so that we can infer reliable landmarks for I u based onpl , according to the
equivariant property of landmarks.

3.1 Reformulation of Classical Registration Framework

First, in order to adapt to the downstream landmark localization, we reformulate
the classical framework for unsupervised registration as follows:

Â; �̂ = arg min
A;�

L total (I src ; I dst j ~psrc ); A = g� (I src ; I dst ); � = g� (I A
src ; I dst ) (1)

L total = L global (I A
src ; I dst ) + L local (I �

src ; I dst j ~p�
src ) + L esmooth (� j I �

src ) (2)

I A
src = A 
 I src ; I �

src = � 
 I A
src ; ~pA

src = A � ~psrc ; ~p�
src = ~pA

src + � (~pA
src ) (3)

where we learn an end-to-end cascade of global a�ne alignmentA 2 R2� 3 and
local deformation � 2 RH � W � 2. During training, hI src ; I dst i is a pair of images
randomly sampled from the mini-batch. For inference,I src is �xed as the exem-
plar I l and we setI dst as the unlabeled targetI u to predict pseudo landmarks
~pu . The local similarity L local is conditioned on ~p�

src (Eq. 3), where ~psrc is an
exponential moving average ofe-th epoch prediction ~pe

src after certain epochM :

~psrc = � ~psrc + (1 � � )~pe
src ; e >= M (4)
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