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ABSTRACT

Anatomical landmark detection plays an important role in
cerebrovascular analysis and clinical treatment. However,
due to the complex structure and similar local appearance
around landmarks, the popular heatmap regression based
methods suffer from the landmark confusion problem. In
this work, we propose an adversarial learning framework for
cerebrovascular landmark detection in MRA images by lever-
aging cross-modality information. Specifically, we exploit an
unpaired large-scale CTA dataset to complement the limited
MRA training data. The generator is modified as a U-Net
based heatmap regression network, and the discriminator is
trained using both MRA and CTA datasets to distinguish be-
tween multi-channel heatmap groundtruth and prediction. A
relative coordinate matrix and a distance map are introduced
to enhance landmark location distribution. Extensive exper-
iments demonstrate the superior and robust performance of
our method, even with very limited MRA training data.

Index Terms— Cerebrovascular landmark detection, ad-
versarial learning framework, cross-modality information

1. INTRODUCTION

Cerebrovascular disease is one of the leading causes of dis-
ability and fatality worldwide [1]. Anatomical landmark de-
tection is a key technology in cerebrovascular analysis, which
represents the vascular hierarchical structure explicitly and
provides a prerequisite for subsequent medical image pro-
cessing, such as vessel centerline extraction [2] and image
registration [3]. In this paper, we focus on the Circle of Willis
(CoW) in cerebral magnetic resonance angiography (MRA)
images, which undertakes important physiological functions
and can normally be divided into 20 arterial segments accord-
ing to 19 bifurcation landmarks [4] (see Fig. 1(a) and (b)).
Although there are many approaches dedicated to cerebrovas-
cular research [5, 6, 7], accurate and robust cerebrovascular
landmark localization remains a challenging problem.

A major challenge in cerebrovascular landmark detection
is the confusion among multiple landmarks due to similar lo-

Fig. 1. Illustration of (a) anatomical landmarks, (b) arterial
segments, and (c) landmark confusion problem exemplified
by one landmark. The heatmap groundtruth and prediction
are shown in 2D form using maximum intensity projection.

cal appearance. That is, in popular heatmap regression based
methods [8, 9, 10], the heatmap prediction of a certain land-
mark may have responses at several bifurcation positions (see
Fig. 1(c)). These false positive responses may lead to mis-
detection of the target landmark to other bifurcation posi-
tions and result in anatomically impossible landmark config-
urations. Furthermore, widespread physiological variations
in the population [11] and disease-related effects may change
the local appearance around landmarks, which are difficult to
determine. Even expert annotators rely on professional ex-
pertise and clinical experience, such as statistical length of
arterial segment and bilateral symmetry, to deal with complex
cases. Therefore, it is essential to incorporate global structural
information and anatomical prior knowledge into cerebrovas-
cular landmark detection framework.

On the other hand, one of the fundamental challenges in
medical image analysis is data scarcity [12]. Limited training



data may not cover sufficient variation patterns, leading to bi-
ased network training. In this paper, we propose to exploit
a large-scale CTA dataset to assist landmark detection on a
small-scale MRA dataset. Despite the large differences in ap-
pearance, these two modalities share many anatomical char-
acteristics, such as vascular structure and landmark layout.
The key insight is to leverage unpaired multi-modal images
and capture the cross-modality information.

Recently, generative adversarial networks (GANs) [13]
have gained considerable attention and achieved promising
performance in medical image segmentation [14], synthe-
sis [15] and reconstruction [16]. Taking inspiration from
Kanazawa et al. [17], we propose an adversarial learning
framework to accomplish cerebrovascular landmark detec-
tion. Specifically, as shown in Fig. 2, we modify the gener-
ator as a U-Net [18] based multi-channel heatmap regression
network. A discriminator is trained using both MRA and CTA
datasets to learn the data-driven anatomical prior and global
structural information implicitly. Note that only landmark
heatmaps are sent to the discriminator to avoid image domain
differences between different modalities. In addition, we
introduce a coordinate system and a distance map to empha-
size the spatial statistic pattern of landmark distribution. The
discriminator is expected to distinguish between the heatmap
groundtruth and prediction, encouraging the generator to
output anatomically plausible landmark predictions.

In summary, our main contributions are three-fold: (1)
we propose an adversarial learning framework to accomplish
cerebrovascular landmark detection in MRA images, which
leverages an unpaired CTA dataset to learn cross-modality in-
formation. (2) Only the multi-channel heatmaps are fed into
the discriminator to exclude modality-dependent effects. A
relative coordinate matrix and a distance map are introduced
to enhance the positional prior. The discriminator acts as
a data-driven supervision, which learns the global structural
information and guides the generator to output anatomically
plausible predictions. (3) Extensive experiments demonstrate
the effectiveness and robustness of the proposed method, even
with very limited MRA training data.

2. METHOD

2.1. Data Preparation

Sufficient training data is fundamental in modeling data man-
ifold for deep neural networks. However, data scarcity has
been a long-standing challenge in medical image domain
[12]. To tackle the challenge posed by small-scale MRA
images (70 training scans), we exploit a separate large-scale
CTA dataset (500 scans) to introduce much more complex
structure variations. The image of a certain modality can be
disentangled into modality-variation features such as imaging
pattern and grayscale distribution, and patient-variation fea-
tures such as vascular structure and landmark layout, with the

Fig. 2. The overview of the adversarial learning framework.
The multi-channel heatmaps are projected into a single vol-
ume by channel-wise summation for better visualization.

latter shared among different modalities of the same patient.
Therefore, after removing the modality-dependent features,
the large-scale CTA dataset can complement the limited MRA
training data to guide the network to learn the landmark sta-
tistical distribution. It is noteworthy to mention that we do
not rely on paired MRA-CTA images, which are difficult to
obtain clinically, and only the landmark annotations of CTA
dataset are used. To keep the images of different modalities
in the same coordinate system, we additionally exploit a pair
of MRA-CTA scans acquired from a single patient, which
have been aligned using manually annotated vascular binary
segmentation. Then, the entire MRA and CTA datasets are
registered to the single-person template of the corresponding
modality respectively based on intensity.

2.2. Adversarial Framework

Standard generative adversarial network consists of a genera-
tor G and a discriminator D. As shown in Fig. 2, we replace
the generator with a U-shape heatmap regression network.
This voxel-to-voxel method [8] has been proven more effec-
tive than regressing landmark coordinates directly, which ex-
tracts location information and maintains similar data form as
input. Specifically, the coordinates of each landmark are con-
verted to a separate heatmap channel, where a Gaussian dis-
tribution is centered at the landmark position. The heatmap
temperature Hi(x) on voxel x ranging in [0; 1] represents the
probability of the ith landmark, which is determined accord-
ing to the standard deviation � and the Euclidean distance
from voxel x to landmark xi. Formally, the multi-channel
heatmap for 19 landmarks is defined as follows:

Hi(x) = e�
1

2δ2 (x�xi)2

; i = 1; 2; :::; 19: (1)

To solve the gradient vanishing problem, the plain con-
volutional layer in the original U-Net [18] is replaced with



residual block [19], which contains two convolutional oper-
ators and a shortcut connection. The long skip connections
between encoder and decoder enable flexible feature fusion
and preserve more local details for preciser detection. During
inference, the voxel with the maximum probability is chosen
as the predicted position of the corresponding landmark.

Given the similar local appearance, the generator network
is prone to be confused among different landmarks. In the
heatmap prediction of a certain landmark, highlighted areas
may also appear on other landmark positions, which results
in mislocalization of the target landmark and anatomically
impossible landmark prediction. Thus, we exploit a discrim-
inator to introduce adversarial regularization. The heatmap
groundtruth and generator prediction are fed into the discrim-
inator. Following the CNN architecture, the discriminator acts
as a binary classifier and outputs a scalar indicating whether
the input heatmap corresponds to real data or not. To over-
come the modality differences in image domain, the original
image is excluded from the discriminator input, such that both
MRA training data and large-scale CTA dataset can be uti-
lized for supervision, which cover sufficient morphological
and structural variations. Furthermore, to enhance the posi-
tion information, a normalized coordinate matrix and a dis-
tance map relative to the volume center are fed into the dis-
criminator. In this way, a well-trained discriminator can cap-
ture the global structural prior implicitly, and the generator is
discouraged from predicting heatmap according to anatomi-
cally implausible landmark configuration.

2.3. Training Strategy and Loss Functions

To accelerate convergence, we adopted a sequential training
scheme composed of initial pretraining of the generator net-
work and joint training of the entire framework. In the pre-
training phase, only MRA training data is utilized. Given an
input MRA image I , L2 loss between heatmap groundtruth
H and prediction G(I) is used for supervision. To tackle the
class imbalance problem, i.e., the Gaussian spot occupies a
small proportion of the output volume, we weight the L2 loss
using the exponential form ofH , which can be formulated as:

Lheat = EI;H�PMRA(I;H)

[
w k(H �G(I))k2

2

]
; w = �H :

(2)
where P� denotes data distribution, and the base � is set to
1000 empirically. In the joint training phase, both the MRA
and CTA datasets are included. Following the standard prac-
tice [13], the generator G and discriminator D are trained
alternatively. The loss function of generator G consists of
heatmap loss and adversarial loss, with a weight �adv con-
trolling the trade-off:

LG = Lheat � �advEI�PMRA(I) [logD(G(I))] : (3)

Note that the coordinate matrix and distance map in the input
of D are omitted for simplicity. Given a fixed G, the discrim-

Table 1. Quantitative results evaluated by MRE, associated
SD, and SDR, with the best performance shown in bold. “D-
MRA” and “D-MRA-CTA” denote the adversarial learning
framework trained with only MRA dataset and with both
MRA and CTA images. The superscript “y” indicates the in-
troduction of the coordinate matrix and distance map.
Method MRE (SD)

(mm)
SDR (%)

2mm 3mm 4mm 5mm 6mm
Payer et al. [8] 1.83 (0.66) 75.82 84.05 89.80 92.76 95.23
Noothout et al. [20] 2.10 (0.39) 57.24 79.61 92.11 95.39 97.04
Baseline 3.08 (1.80) 82.40 85.69 88.82 90.13 91.12
D-MRA 1.88 (1.19) 82.89 89.64 92.60 94.41 95.23
D-MRA† 1.73 (1.01) 85.53 90.46 93.59 94.24 95.23
D-MRA-CTA 1.53 (0.89) 86.02 90.79 93.75 95.07 95.56
D-MRA-CTA† (Ours) 1.45 (0.72) 86.18 91.61 93.75 95.56 96.22
75% training data 1.83 (1.34) 83.22 89.31 92.93 94.41 95.07
50% training data 2.23 (1.22) 79.11 87.01 90.63 92.43 93.75

inator D is updated by minimizing:

LD =� EH�PMRA
⋃

PCTA(H) [logD(H)]

� EI�PMRA(I) [log(1�D(G(I)))] :
(4)

3. EXPERIMENTS

3.1. Datasets and Implement Details

We exploited a public MRA dataset and an in-house CTA
dataset to train and evaluate our method. The public MRA
dataset contains 102 healthy scans selected from the UNC
dataset (https://public.kitware.com/Wiki/TubeTK/Data, with
a total of 109 scans), where the images with incomplete ICA-
C5 segments due to incomplete scanning range (2 scans),
missing unilateral ACA-A segment (3 scans), and strong
noise interference (2 scans) were excluded. We randomly
selected 70 scans as the training set, with the remaining 32
scans for testing. The CTA dataset consists of 500 scans col-
lected clinically with acute ischemic stroke. Note that these
two datasets differ not only in imaging modalities, but also in
population and health status. Nineteen predefined landmarks
were annotated manually on both datasets by one of the au-
thors and verified by an experienced neurosurgeon. All the
scans were spatially normalized to 0:513� 0:513� 0:8 mm3

and automatically cropped to 192 � 160 � 96 according to
the mean distribution of landmark annotations.

Considering that image registration has been conducted,
only tiny random translation was applied for data augmenta-
tion. We trained all the networks using an Adam optimizer
with a learning rate of 0.0001. The method was implemented
in PyTorch on a single NVIDIA GeForce RTX 3090 GPU.

3.2. Results

We utilized the mean radial error (MRE) and the success-
ful detection rate (SDR) as metrics to evaluate our method.

https://public.kitware.com/Wiki/TubeTK/Data


Fig. 3. Mean radial errors (MREs) of all landmarks in test set.
See Fig. 1 for the meaning of landmark index.

The MRE calculates the mean Euclidean distance (in mm)
between groundtruth and predicted landmark positions. The
associated standard deviation (SD) is also reported. The SDR
measures the successful detection percentage whithin prede-
fined precision threshold. Five precision thresholds (2 mm, 3
mm, 4 mm, 5 mm, and 6 mm) were used in our experiments.
The quantitative results are presented in Table 1.

We compared the proposed method with two state-of-the-
art deep learning method for anatomical landmark detection
[8, 20]. Payer et al. [8] proposed a spatial configuration com-
ponent to learn the landmark distribution implicitly, while
Noothout et al. [20] performed classification and regres-
sion in parallel and developed a global-to-local localization
framework. Our method achieves the lowest detection error
of 1.45�0.72 mm, showing significant improvements by 0.38
mm (21% reduction) and 0.65 mm (31% reduction) than [8]
and [20], respectively. The method proposed in [20] prevents
large outlier predictions through the classification branch and
thus obtains the lowest SD of MRE and the highest SDR
within 6 mm threshold. In contrast, our method maintains
superior and robust performance in SDR within different pre-
cision thresholds. The MREs for each landmark are shown in
Fig. 3. Some landmarks are inherently more difficult due to
variable vessel shape and interference of branches, such as the
bifurcation landmarks between MCA-M1 and M2 segments
(i.e., landmark 5 and 6) and between PCA-P2A and P2P seg-
ments (i.e., landmark 12 and 13). Three typical samples are
illustrated in Fig. 4 for qualitative comparison.

To verify the effectiveness of each component, we con-
ducted ablation experiments. The heatmap regression net-
work is indicated as the baseline, then the discriminator,
coordinate matrix and distance map are gradually added to
the framework. In particular, we compared the discriminator
trained with only MRA training data and with both MRA
and CTA datasets. Compared to the baseline, the proposed
method provides a significant improvement by 1.2 mm in
MRE when training using only MRA images. By leveraging
the CTA dataset, the detection error is reduced by 0.35 mm,
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Fig. 4. Visual comparison of different methods. The land-
mark groundtruth and predicted positions are shown in red
and green dots respectively, with the blue dashed arrows indi-
cating large detection errors. Some landmarks are not drawn
due to occlusion. Each row corresponds to one example.

with the SDRs improving accordingly. This indicates that
the discriminator learns the structural information and guides
the output of the generator to approach the real landmark
distribution. Introducing the coordinate system and distance
map further boosts the overall performance.

Furthermore, we compared the performance of models
with different scales of MRA training data. In the proposed
adversarial framework, the discriminator captures the cross-
modality information to suppress erroneous responses of the
generator. Therefore, only a small amount of MRA data is re-
quired for the heatmap regression network to learn local fea-
tures. As shown in Table 1, even in challenging experimental
setting (50% reduction of training data, 35 scans), the perfor-
mance shows just a slight decrease by 0.78 mm in MRE.

4. CONCLUSION

In this paper, we presented an adversarial learning frame-
work for cerebrovascular landmark detection in MRA images,
which leverages datasets from different modalities and mod-
els cross-modality information. The discriminator is trained
to distinguish between the heatmap groundtruth and predic-
tion, which learns the global structural knowledge implicitly
and encourages the generator to output anatomically plausible
predictions. The relative coordinate matrix and distance map
further enhance the validity of landmark distribution. The ex-
perimental results indicate that our method achieves state-of-
the-art performance and provides a significant improvement.
Although only tested using a large number of CTA samples
to assist landmark detection in MRA image, we believe that
the proposed method is also effective in the reverse scenario.
It is interesting to extend the proposed framework to other
multi-modal landmark detection problems.
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