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Abstract. A method for categorizing landmark-local appearances extracted 
from computed tomography (CT) datasets is presented. Anatomical landmarks 
in the human body inevitably have inter-individual variations that cause diffi-
culty in automatic landmark detection processes. The goal of this study is to ca-
tegorize subjects (i.e., training datasets) according to local shape variations of 
such a landmark so that each subgroup has less shape variation and thus the 
machine learning of each landmark detector is much easier. The similarity be-
tween each subject pair is measured based on the non-rigid registration result 
between them. These similarities are used by the spectral clustering process. Af-
ter the clustering, all training datasets in each cluster, as well as synthesized in-
termediate images calculated from all subject-pairs in the cluster, are used to 
train the corresponding subgroup detector. All of these trained detectors com-
pose a detector ensemble to detect the target landmark. Evaluation with clinical 
CT datasets showed great improvement in the detection performance. 
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1 Introduction 

Detection algorithms for anatomical landmark positions have a wide range of applica-
tions in medical image processing. For example, algorithms are frequently used to 
determine the initial condition of statistical shape models for the segmentation of 
various organs. A simple template matching technique has been frequently used in 
practice on the assumption that a landmark has sufficiently small inter-individual 
variations in its local appearance (i.e., the intensities of the voxels around the land-
mark point). However, many practically important anatomical landmarks in the hu-
man body, such as tips of bone structures or bifurcations of vessels, have considerably 
large inter-individual variations in appearance. Although difficult, detection of these 
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appearances. In our previous approach, however, it was assumed that the multimodal 
distribution problem described above affected the framework, because the framework 
relies on a PCA-based appearance model in the first step. 

In this study, we propose a novel method to 1) categorize the given subjects, i.e., 
training CT datasets, according to landmark-local shape variations of the anatomical 
structure, 2) synthesize an appearance (a local volume around the landmark) that has 
the intermediate anatomical shape between any given pair of training datasets, and 3) 
utilize them to improve the detection performance of landmark detectors through 
composing a “detector ensemble,” which consists of detectors, one of which is de-
signed for only a single subgroup of the local appearance of the target landmark. We 
used the detector proposed in our previous work [3] as a baseline and improved its 
performance by replacing the detector with a detector ensemble. 

2 Methods 

The proposed method consists of three components: 1) shape interpolation and simi-
larity evaluation using the diffeomorphic demons registration algorithm [4], 2) clus-
tering of the appearance variation by using the spectral clustering algorithm [5] and 3) 
training of subgroup-specific detectors (Fig. 2). 

2.1 Shape Interpolation and Similarity Evaluation 

2.1.1 Diffeomorphic Demons Registration between Each Appearance Pair 
The diffeomorphic demons algorithm is a non-rigid registration algorithm that ensures 
diffeomorphism of the resulting deformation field [4]. We chose this algorithm be-
cause of its invertibility and relatively low computational cost. Invertibility is critical 
in our application for synthesizing the intermediate shape image. 

Let ܫ௔ሺܘሻ, ܫ௕ሺܘሻ be image functions of the two images to be registered. The vec-
tor ܘ indicates an arbitrary point in the image. Suppose that a 3-D transformation ݏ 
is defined by a displacement vector field ܛሺڄሻ such that point ܘ ൅  ሻ is warped toܘሺܛ
point ܘ. Then an image ܫ௔ ל -௔ by the transforܫ which is the deformed image of , ݏ
mation s, is defined as 

 ሺܫ௔ ל  ሻܘሻሺݏ ൌ ܘ௔൫ܫ  ൅  ሻ൯. (1)ܘሺܛ

We modified the diffeomorphic demons algorithm to be symmetrical for our purpose. 
(Vercauteren et al. introduced another solution using the Baker-Campbell-Hausdorff 
(BCH) approximation [4], but we chose this modification because of its simplicity.) 
The algorithm is as follows: 

Algorithm 1 (Diffeomorphic demons with symmetric forces)  

1. Initialize the speed image ܝሺܘሻ to be ሺ0,0,0ሻT at any point ܘ in the image. 
2. Calculate a pair of the symmetrical deformation field cୟ, cୠ by calculating the  

exponential (in the sense of Lie algebra theory, as described in [4]) of the speed 
image as follows: 
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 ܿ௔ ൌ expሺܝሻ , ܿ௕ ൌ exp ሺെܝሻ (2) 

3. For diffusion-like regularization, apply Gaussian smoothing with kernel size σୢ୧୤୤ 
to the vector fields ܋ୟ and ܋௕. Let the smoothed results be ܛୟ and ܛୠ. 

4. Update the speed image by  

՜ ܝ  ܝ െ ூೌל௦ೌିூ್ל௦್ฮ۸ܘฮమା|ூೌל௖ೌିூ್ל௖್|మ ڄ ܘ۸்  (3) 

Here, ሺܘሻ is omitted and ۸ܘ ൌ െభమ ቀ׏௣்ሺܫ௔ ל ௔ሻݏ ൅ ௕ܫ௣்ሺ׏ ל  ௕ሻቁ is a symmetrizedݏ

Jacobian of the current images. 

5. For fluid-like regularization, apply Gaussian smoothing with kernel size σf୪୳୧ୢ to 
the speed vector fields u. 

6. Iterate steps 2 through 5 for a sufficient number of times. 

This is a fully symmetric version of diffeomorphic demons which deforms each of 
two images simultaneously so as to fit to the other. Note that the deformation cୟ is 
an inverted version of cୠ, and vice versa, in the sense that ܿ௔ ל ܿ௕ ൌ  ܿ௕ ל ܿ௔ ൌ Id 
(the identity transformation). Finally, the intermediate image is calculated as a mean 

of two deformed images, or, 
ଵଶ ൫ሺܫ௔ ל ሻܘ௔ሻሺݏ ൅ ሺܫ௕ ל  .ሻ൯ܘ௕ሻሺݏ

2.1.2 Calculating the Similarity Measure between Each Appearance Pair 
Prior to clustering the landmark-local appearances extracted from the given training 
datasets, the shape similarity measure must be calculated adequately. In this study, the 
shape similarity is estimated by the squared norm of the divergence of the deforma-
tion vector fields ܛୟ and ܛୠ calculated above. That is,  

 Simሺܫ௔, ௕ሻܫ ൌ exp ቄെ ଵଶ ఙೞ೔೘మ ׬ ଵଶ Ωڄ ሺԡ׏ ڄ ୟԡଶܛ ൅ ԡ׏ ڄ  ቅ, (4)ݒୠԡଶሻ݀ܛ

where Ω is the domain of the landmark-local appearance and dv is the volume ele-
ment. The parameter ߪ௦௜௠ was determined empirically in this study (the experimen-
tal data is omitted), as well as σf୪୳୧ୢ and σୢ୧୤୤ in 2.1.1. 

2.2 Clustering the Landmark-Local Appearances 

Spectral clustering methods are algorithms that cluster data samples using eigenvec-
tors of matrices derived from the data. In [5], Ng et al. presented a simple spectral 
clustering algorithm and the theoretical background. The following is a brief descrip-
tion of the algorithm to cluster n given datasets into k clusters: 

Algorithm 2 (Spectral clustering) 

1. Form an affinity matrix ۯ א Թ௡ൈ௡ as its factor ܣ௜௝ equals to the similarity meas-
ure between the i-th and j-th appearances. The diagonal elements ܣ௜௜ are set as  
zero. 
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2. Define a diagonal matrix ۲  so that ܦ௜௜ ൌ ∑ ௜௝௡௝ୀଵܣ , and a matrix ۺ ൌ ۲ିଵ/ଶ۲ିۯ૚/૛.  
3. Find the k largest eigenvectors of L. Let them be ܠଵ, ,ଶܠ … , ܆ ௞. Form a matrixܠ ൌ ሺܠଵ ܠଶ … ௞ሻܠ א Թ௡ൈ௞. 
4. Form the matrix ܇  from ܆  by renormalizing each row of ܆ , i.e., ௜ܻ௝ ൌ

௜ܺ,௝/ට∑  ௜ܺ,௝ଶ௡௝ୀଵ . 

5. Treat each row of ܇ as a sample point in Թ௞, then cluster these sample points into 
k clusters via the K-means algorithm. 

Here, the number of cluster k is a parameter determined in advance. In this study, 
we chose k from 2 to 6 for each landmark by the automatic cluster number determina-
tion method proposed by Zelnik-Manor et al [6]. 

 

Fig. 2. A diagram of non-rigid registration, clustering and training of category-specific detec-
tors. The images are sagittal cross-sections of the target landmark (left nipple). 

2.3 Training of Baseline Detectors and Detector Ensembles 

In this study, 50 training datasets were used to train the detector for each landmark. 
The positions of landmarks were input by a board-certificated radiologist. 

The baseline detector. As previously noted, we used the landmark detection frame-
work presented in [3] for evaluation of the proposed method. A detector is composed 
of two processes, A) PCA-based candidate detection and B) MadaBoost-based like-
lihood estimation. The detector outputs a list of candidate points with their estimated 
likelihoods. More details are available in [3]. Note that the proposed method is not  
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specific to our detector but can be applied to any detection system designed to output 
a list of candidates with likelihoods, because our algorithm only does clustering and 
augmenting of the training datasets prior to detector training. 

The detector ensemble. After the local appearances of each target landmark from all 
training datasets were divided into clusters (described in 2.2.), each subgroup 
(=cluster) detector was trained in the same manner as that of the baseline detector. In 
the training for candidate detection, not only the original datasets but also the synthe-
sized intermediate images in the cluster were used as the training datasets. 

2.4 Experimental Settings 

The proposed method was evaluated with 13 landmarks: inferior tip of the sternum, 
tip of the coccyx, tips of the left/right 12th ribs, umbilicus, superior tips of the 
right/left kidneys, first bifurcation of the intrahepatic portal vein, inferior tip of the 
liver, roots of the celiac and superior mesenteric arteries, and right/left nipples. Most 
of the landmarks were difficult to detect by the baseline detector. 

The evaluation was performed with 10 CT datasets (other than the training data-
sets) without intravenous contrast agent administration. The voxel size of all datasets 
was 0.977ൈ0.977ൈ1.250 mm. 

In the real landmark detection process, the outputs of the subgroup detectors within 
any ensemble were integrated as follows. 1) All subgroup detectors, as well as the 
baseline detector, were applied individually. 2) The resulting candidate lists were 
concatenated and sorted by likelihood. 3) Finally, only the 100 candidates with the 
largest likelihoods were used and the others were discarded. For comparison, the out-
puts of each baseline detector were also truncated to have 100 candidates. 

The performance of each detector (baseline or ensemble) was evaluated by a re-
ceiver operating characteristic (ROC) analysis by changing the cut-off threshold of 
the candidate likelihood. The performance was scored by the criterion of the area 
under the curve (AUC). Each detection result was judged as correct if the detected 
point was within the range of 2 cm from the manually inputted gold standard point. 

3 Experimental Results and Discussions 

The results are shown in Table 1. Examples of the clustering results and the ROC 
curves are shown in Figs. 3 and 4. The AUCs were improved in 11 landmarks 
(84.6%). The average and standard deviation of the improvements was 0.13 േ 0.12. 
Remarkable improvements were seen in landmarks even when corresponding base-
line detectors showed very poor performances. Therefore, we believe that our me-
thod successfully clustered and augmented the training datasets with multimodal 
variation. 

In a related study, Heckemann et al. [7] proposed an automatic segmentation me-
thod by non-rigidly registering multiple labeled images (atlases) into the given unseen  
 



112 S. Hanaoka et al. 

image and integrating the r
lent results and seems to b
compared to their multi-atla
tional cost in processing un
the training process. There
choice for handling the mul

Fig. 3. An example of landma
coronal cross-sections, mappe
eigenmap. The curves indicate
subgroup have an obvious fat
those in the lower subgroup ha

Fig. 4. Two examples of RO

results to form the final result. This method showed exc
be effective for handling multimodal variation. Howev
as approach, our approach has the benefit of less compu
nseen images, in return for a larger cost of registration
efore, we believe that our approach can be an alternat
ltimodal inter-individual variety of organ shapes. 

 

ark appearance variation (inferior tip of the liver). Shown are
ed according to the dimension reduction result by a Laplac
e our spectral clustering result. Note that appearances in the up
t pad between the liver and the abdominal wall muscles, w
ave only a trace amount of fat pad. 

OC curves (inferior tip of the liver and root of the celiac artery

cel-
ver, 
uta-
n in 
tive 

e the 
cian 
pper 

while 

 

y) 



 Automatic Categorization of Anatomical Landmark-Local Appearances 113 

Table 1. The AUC (area under the curve) results of the baseline detector and the detector classifier 

 

4 Conclusion 

A method for clustering and augmenting landmark-local appearances prior to training 
of anatomical landmark detectors was presented. Ensembles of cluster-specific detec-
tors showed large improvements in detection performance, even when detection by 
the baseline detector was significantly difficult. 
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