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ABSTRACT

Recognition of anatomical structures is an important step in model based medical image segmentation. It

provides pose estimation of objects and information about “where” roughly the objects are in the image and

distinguishing them from other object-like entities. In,1 we presented a general method of model-based multi-

object recognition to assist in segmentation (delineation) tasks. It exploits the pose relationship that can be

encoded, via the concept of ball scale (b-scale), between the binary training objects and their associated grey

images. The goal was to place the model, in a single shot, close to the right pose (position, orientation, and

scale) in a given image so that the model boundaries fall in the close vicinity of object boundaries in the image.

Unlike position and scale parameters, we observe that orientation parameters require more attention when

estimating the pose of the model as even small differences in orientation parameters can lead to inappropriate

recognition. Motivated from the non-Euclidean nature of the pose information, we propose in this paper the use

of non-Euclidean metrics to estimate orientation of the anatomical structures for more accurate recognition and

segmentation. We statistically analyze and evaluate the following metrics for orientation estimation: Euclidean,

Log-Euclidean, Root-Euclidean, Procrustes Size-and-Shape, and mean Hermitian metrics. The results show that

mean Hermitian and Cholesky decomposition metrics provide more accurate orientation estimates than other

Euclidean and non-Euclidean metrics.
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Object Recognition

1. INTRODUCTION

This paper tackles the anatomical object recognition (or anatomy recognition for short) problem through the

identification of pose, scale, and position of objects automatically. The proposed recognition method is named hi-

erarchical ball-scale based multi-object recognition (HSMOR). As indicated in,1 the HSMOR framework combines

three approaches: first, using coarse to fine recognition strategies to build an efficient model based segmenta-

tion algorithm; second, incorporating a large number of anatomical structures into the recognition algorithm to

yield quick, robust, and accurate segmentations, and third, using scale information to build reliable relationship

between shape and texture patterns that facilitates accurate recognition of single and multiple objects without

using optimization methods. A key component of HSMOR is the choice of metric space to estimate orientation of
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Figure 1. A CT slice of the abdominal region with selected objects (skin, liver, spleen, and left and right kidney) is shown

on the left. Annotated landmarks for the selected objects are shown in the middle. Constructed MA is shown on the

right.

the anatomical structures. In this study, the pose relationship of the objects is particularly considered through

statistical analysis in Euclidean and Non-Euclidean spaces. We study the variability and relationship of the

anatomical objects via covariance matrices (i.e., positive definite symmetric matrices, tensors, or Hermitian) and

principal components analysis (PCA) defined using different metrics.

2. OVERVIEW OF APPROACH

We follow the steps in the study1 in order to construct a multi-object model assembly MA from the images

and then perform b-scale based multi-object recognition utilizing the relationship between shape and intensity

structure systems. First, after aligning image data from all N subjects in the training set into a common

coordinate system via 7-parameter affine registration, the live-wire algorithm2 is used to segment M different

objects from N subjects. Second, segmented objects are used for the automatic extraction of landmarks in a

slice-by-slice manner. From the landmark information for all objects, a model assembly MA is constructed. See

Figure 1 for an example process of extracting landmarks, and a model constructed from training samples.

Next, in multi-object recognition, a similarity group between shape and appearance of anatomical objects is

constructed by extracting hierarchical geometric patterns from grey level images and encoding their appearance

through the ball-scale based object estimation method.1 For each shape and appearance pattern set, a relation-

ship function is constructed based on the proposed similarity group. In this study, the focus is on improving this

similarity group relation via estimating pose of the anatomical objects more accurately. The appearance of the

anatomical objects is encoded via an intensity weighted b-scale algorithm.1

3. RELATIONSHIP BETWEEN SHAPE AND INTENSITY STRUCTURE SYSTEM

To find the translation, scale, and orientation that best align the shape structure system of the model with

the intensity structure system of a given image, we determine the similarity of shape and intensity structure

systems from the images used in the training image set. In order to find the translation difference, geo-spatial

centroids of the objects are computed. In geo-spatial center computation, we use actual intensity information of

the segmented objects apart from the geometric information. For finding scale similarity, we use the bounding

box approach where the real physical size of the segmented objects and the structures derived from thresholded

intensity weighted b-scale images are compared. For orientation analysis, we use PCA to keep track of relative

changes of both shape and intensity structure systems (i.e., principal axes systems). The principal axes systems



(PAS) of the shape and intensity structure systems, denoted PAo and PAb, respectively, have an origin and

three axes representing the inertia axes of the respective structures.

The relationship function F that maps PAb into PAo can be decomposed into the form F = (s, t,R), where

t : (tx, ty, tz) is the translation component, s is the scale component, and R : (Rx, Ry, Rz) represents three

rotations. Since scale, translation, and orientation component are computed independently, F can be split

into three component functions f1, f2, f3, corresponding to scale, translation and rotation, respectively. In the

following subsections, how the scale, translation, and orientation components of F are learnt and estimated is

explained in detail.

3.1 Estimating the Scale Parameter

The bounding box enclosing the objects of interest for each subject in the training set is used to estimate the real

physical size of the objects in question.3 The length of the diagonal is used for estimating the scale parameter.

The mean scale parameter s′ and standard deviation of scale parameter std(s) are used to obtain an interval for

the estimation.

3.2 Estimating the Translation Parameter

This is solely based on forming a linear relationship between the centroids of the objects of interest obtained

from the binary images Ibi in the training set and the thresholded intensity weighted b-scale images obtained

from the training images. These centroids are denoted by ci
o
and ci

b
, respectively. By averaging the translational

vector over N subjects in the training set from cb to co, we get the mean translation vector as

t =
1

N

N∑

i=1

(cio − cib). (1)

For any given test image C, we estimate the centroid of objects in it by

ĉo
C
= cb

C + t. (2)

where cb
C can be determined from the intensity weighted b-scale image of C. We assume that the real centroid

co
C should lie in the region ĉo

C
∓ (variations observed in t). We use appearance based centroids for which shape

points’ coordinates are weighted by the intensity values of the voxels. The goal in this approach is to increase

the correlation of two structures by considering not only shape features, but also texture features.

3.3 Estimation of the Orientation Function

Let the normalized principal axes systems of the shape and intensity structure systems be PAoi and PAbi,

respectively obtained from the ith training image. Since these principal component vectors constitute an or-

thonormal basis, and assuming that the translation between the two systems is eliminated from the estimation

(ci
o
− ci

b
), two systems are related by

PAo = (R)(PAb), (3)

where R is an orthonormal rotation matrix carrying information about the relative positions of shape and

intensity structure systems in terms of their Euler angles.

A set of N segmented training images and their corresponding intensity weighted b-scale images are used to

find their PA systems. We relate them by computing the orthogonal rotation matrices Ri that relate PAoi to



Figure 2. The shape and intensity structure systems, PAo and PAb, are shown in the spherical coordinate system with

their Euler angles drawn in similar colors. An orthonormal rotation denoted Rob rotates the shape structure system into

alignment with the intensity structure system on the sphere.

PAbi for i = 1, ..., N . At the end, we have N rotation matrices describing how PAb is related to PAo for each

subject in the training set. To obtain the basic population statistics over these N subjects, we need to compute

the mean and standard deviation of the N rotation matrices Ri, i = 1, ..., N . However, computing the statistics

of circular (spherical) or directional data is not trivial. Since three-dimensional orientation data are elements

of the group of rotations that generally are given as a sequence of unit quaternions, or as a sequence of Euler

angles, etc., the group of rotations is not a Euclidean space, but rather a differentiable manifold. Therefore, the

notion of mean or average as basic statistical definitions for this particular problem is not obvious in Euclidean

space.

As the PA systems are normalized, the PA systems differ from each other only by orientation as shown

in Figure 2. In the figure, Rob is an orthonormal rotation resulting from the orientation difference, PAo =

(Rbo)(PAb), where two representative Euler angles are drawn in similar colors.

Previously in the Conference Proceedings of SPIE Medical Imaging,1 we proposed estimation of orientation

similarity in tangent space of a Euclidean mean with a Euclidean metric. In this study, in analogy with the mean

in Euclidean space, mean rotation is defined to be the minimizer of the distances defined on non-Euclidean spaces.

Schematically, Figure 2 shows the mean rotation R∗ as a point on the non-Euclidean space (e.g., Riemann) such

that the sum of squared geodesic distances between R∗ and R1, . . . ,RN is the minimum.

3.4 Metrics:

3.4.1 Euclidean Metric:

To estimate mean rotation angles from N rotations, initially we proposed to use Euclidean metrics embedding

the sphere in Euclidean space.1 Tangent space of the directional data (e.g., rotations) is used to estimate mean

rotation. As illustrated in Figure 2, we compute Euler angles of PA systems for each direction. Euler angles

are subject to normalization in tangent space of the rotations to get mean angle for each direction. Intuitively,

however, principal component vectors and their mean angles for N given rotations in tangent space might meet at

a point different from the intrinsic mean for directional data. The resulting mean point is not necessarily unique.

Furthermore, an ambiguity in the exact computation of the mean angle may arise based on the high variability of

the data. Finally, the directional nature of the data does not fit planar space well. Projecting vectors and angles



into tangent space of the data with Euclidean metrics may help to reduce some of these ambiguities, however, a

reliable estimate for orientation of the data is necessary. These findings led to the formulation of non-Euclidean

metrics as described in the following subsections.

3.4.2 Log-Euclidean Metric:

Log-Euclidean metric has been proposed in4, 5 for the statistical analysis of directional data through the use

of Euclidean distance between the logarithms of covariance matrices. Note that principal vectors of a given

PA system are eigenvectors of the covariance matrix. Let H denote a covariance matrix of a PA system, and

H = UΛUT be eigen-decomposition with U ∈ O(3) an orthonormal matrix and Λ is diagonal with strictly

positive entries (eigenvalues). The logarithm of H is given as

log(H) = U(log(Λ))UT , (4)

such that an estimator for mean population covariance matrix can be computed as

ĤL = exp(argmin
H

N∑

i=1

dL(Hi, H)), (5)

where Euclidean distance between any two covariance matrices is defined as

dL(H1, H2) = ‖log(H1)− log(H2)‖, (6)

and ‖.‖ denotes the norm of a matrix. For any given subject, principal directions of the shape structure system

is estimated using the difference between covariance matrices of the mean population (of shape structure systems

of training data) and intensity structure system.

3.4.3 Procrustes Size-and-Shape Metric:

The Procrustes Size-and-Shape metric has been previously used in the analysis of point set configurations where

invariance under translation, rotation and reflection is required.4–6 The non-Euclidean Size-and-Shape distance

between any two covariance matrices H1 and H2 is defined as

ds(H1, H2) = argmin
R∈O(3)

‖L1 − L2R‖, (7)

where Li is a Cholesky decomposition of Hi such that

Hi = LiLi
T , for i=1,2. (8)

The Procrustes solution for finding the mean covariance matrix is given by

ĤP = argmin
R∈O(3)

‖L1 − L2R‖ = UWT , (9)

such that L1
TL2 = WUT , and U,W ∈ O(3). Similarly, for any given subject, the difference between covariance

matrices of the mean covariance matrix and intensity structure system is used to estimate the covariance matrix

of the shape structure system from which principal component vectors are extracted for orientation recognition.



3.4.4 Cholesky Metric:

Since Cholesky decomposition is one way to handle non-linearities of the directional data, it is a suitable re-

parametrization method that can handle estimation of the mean covariance matrix. Simply, covariance matrices

are decomposed into the lower triangular matrices Li such that Li = chol(Hi) and diagonal entries of Li are

positive:

Hi = LiLi
T , for i=1,2. (10)

The Cholesky distance between any two Hermitian matrices is given by

dc(H1, H2) = ‖chol(H1)− chol(L2)‖. (11)

A least squares estimator can be obtained from

Ĥc = ∆c∆cT (12)

where

∆c = argmin
∆

N∑

i=1

‖Li −∆‖2. (13)

3.4.5 Root-Euclidean Metric:

Alternative to the Log-Euclidean metric, matrix square root decomposition is proposed in6 where

H1/2 = U(Λ1/2)UT , (14)

the distance between any two Hermitian matrices is given by

dR(H1, H2) = ‖H
1/2
1 −H

1/2
2 ‖. (15)

A least squares estimator can be obtained from

ĤR = ∆r∆rT (16)

where

∆r = argmin
∆

N∑

i=1

‖H
1/2
i −∆‖2. (17)

3.4.6 Mean Hermitian Metric:

For any two Hermitian matrices H1 and H2, their products (H1H2 and/or H2H1) are also Hermitian.7 Similarly,

for any N Hermitian matrices, their sum (H1 + H2... + HN ) and product in any order (H1H2...HN ) are also

Hermitian. Instead of finding a mean PA system by analyzing Euler angles of the individual PA systems from

N subjects in the training set, it is more natural to find a mean Hermitian matrix Ĥ that produce the mean PA

system directly in Hermitian space. Since summation of Hermitian matrices are also Hermitian, summation of

N Hermitian matrices followed by normalization over N subjects leads to a mean Hermitian matrix. Note that

normalization takes place in a matrix space. The mean Hermitian matrix computation is simple, efficient, and

not prone to round-off errors unlike the direct computation of angles of individual PA systems, and is given by

P̂AS = eig(ĤH), (18)



where

ĤH =

∑N
i=1 Hi

‖
∑N

i=1 Hi‖
, (19)

and eig denotes eigen-decomposition of the matrix. Here, in this metric, we directly compute the mean Hermitian

matrix P̂AS without involving any distance definition.

4. EVALUATION AND RESULTS

In order to assess the relative performance of coarse and fine recognition methods, we conduct leave-one-out-

cross-validation (LOOCV) by exploiting the known pose of all considered objects. The purpose of using LOOCV

is to facilitate objective evaluations of recognition algorithms.

Data: The performance of the proposed methodology has been evaluated on two datasets: male and female

abdominal organs in low resolution CT images. We used whole body PET-CT scans of 10 female and 10 male

patients, who underwent prior abdominal CT imaging for clinical purposes at the University of Pennsylvania

Health System. The voxel size of the CT images is 1.17 mm x 1.17 mm x 1.17 mm (interpolated from 5 mm

slices). The twenty images were selected from our hospital patient image database of routine patient scans. Since

our goal in this effort was to create models of normal anatomy, the images that were as close to normality as

possible were selected. We have selected the following five objects from each subject to be included in MA: skin

boundary, liver, left kidney, right kidney, and spleen.

Table 1 and Table 2 show recognition accuracy in terms of mean orientation errors (in degrees) for the

abdominal data set for different metrics. Note that the minimum mean orientation errors are computed separately

in the directions of heading (x), attitude (y), and bank (z). To facilitate a description of orientation, we

examine the mean orientation in each direction. For each direction, we obtain relatively different results owing

to the variations over the abdominal organs. It is shown in both tables that the best results are obtained by

using Cholesky and Mean Hermitian metrics. Therefore, they are more suitable metrics to handle orientation

information compared to other Euclidean and non-Euclidean metrics. In addition, the proposed mean Hermitian

metric has advantages over Cholesky metrics in terms of having less computational complexity.

5. CONCLUSION

In this paper, we study non-Euclidean metrics that endow the symmetric positive definite matrices (Hermitian)

with an application to multi-object recognition for image segmentation. In particular, we investigate orientation

estimates of anatomical structures in more accurate ways. We showed that Cholesky and Mean Hermitian are

more suitable metrics to handle orientation information among other Euclidean and non-Euclidean metrics. In

each experiment, we report maximum error rates less than 1 degree. The evaluated results indicate that the pose

of objects can be estimated in one shot without search or optimization and high precision of object pose can be

achieved via Non-Euclidean metrics.
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Table 1. Mean Orientation Error (MOE) and standard deviation of orientation errors (STD) are listed. Errors are

computed for each principal direction in degrees.

CT Images: Female Subjects

Metrics MOE±STD MOE±STD MOE±STD

in x (degree) in y (degree) in z (degree)

Euclidean 3.1595±2.16 1.3646±6.85 4.0579±3.89

Log- 0.2289±2.37 1.4214±7.47 0.7971±5.92

Euclidean

Procrustes 4.9125±4.87 7.2300±7.48 27.3494±6.99

Size-and-Shape

Cholesky* 0.2209±2.33 0.0684±7.47 0.8786±5.92

Root- 2.0700±2.30 7.7954±7.55 2.8581±5.81

Euclidean

Mean 0.1866±2.33 0.0408±7.47 0.9802±5.92

Hermitian*

Table 2. Mean Orientation Error (MOE) and standard deviation of orientation errors (STD) are listed. Errors are

computed for each principal direction in degrees.

CT Images: Male Subjects

Metrics MOE±STD MOE±STD MOE±STD

in x (degree) in y (degree) in z (degree)

Euclidean 6.5065±4.13 5.4922±3.71 6.5764±4.89

Log- 6.4445±7.50 6.9024±4.21 17.1762±8.10

Euclidean

Procrustes 3.6415±7.49 7.2432±4.42 13.2400±7.93

Size-and-Shape

Cholesky* 0.9596±8.42 0.0761±4.79 0.4980±7.73

Root- 7.6286±9.33 6.5917±4.11 12.7022±8.16

Euclidean

Mean- 1.1120±8.37 0.4293±4.80 0.8558±7.73

Hermitian*
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