
Fully Automatic X-Ray Image Segmentation

via Joint Estimation of Image Displacements

Cheng Chen1, Weiguo Xie1, Jochen Franke2, Paul A. Grützner2,
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Abstract. We propose a new method for fully-automatic landmark de-
tection and shape segmentation in X-ray images. Our algorithm works
by estimating the displacements from image patches to the (unknown)
landmark positions and then integrating them via voting. The funda-
mental contribution is that, we jointly estimate the displacements from
all patches to multiple landmarks together, by considering not only the
training data but also geometric constraints on the test image. The
various constraints constitute a convex objective function that can be
solved efficiently. Validated on three challenging datasets, our method
achieves high accuracy in landmark detection, and, combined with sta-
tistical shape model, gives a better performance in shape segmentation
compared to the state-of-the-art methods.

1 Introduction

Segmenting anatomical regions such as the femur and the pelvis in the clini-
cal X-ray images provides invaluable information for computer aided diagnosis
[1,2], surgery planning and image-guided intervention [3], and three-dimensional
(3D) model reconstruction [4,5]. Manual landmarking and segmentation are both
time-consuming and error-prone. Therefore, automatic landmark detection and
shape segmentation techniques have been an active research topic in medical
image analysis [5]-[10].

Landmarking and segmentation X-Rays has to deal with many challenges
such as poor image illumination, unknown image projection and unexpected
appearance caused by trauma or implants. Many algorithms have been proposed,
such as methods based on local image features [1,3] and model-based methods
[5,6]. A large body of methods rely on machine learning techniques, such as the
shape regression machine proposed in [7] and the marginal space learning method
in [8]. Perhaps the most popular method up to now is the voting scheme based on
random forest (RF) regression [9,10], which estimates the displacements from a
set of sampled image patches to the landmark by random forest (RF) regression,
and then the landmark position is estimated by aggregating the votes made by
all the patches. In [2], Lindner et al. combine this method with a constrained
local model (CLM) for automatic segmentation of proximal femur.
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Fig. 1. Schematic illustration of the semi-supervised joint estimation of image displace-
ments. Left: training data. Right: test data.

There are two key components behind the success of RF voting based method.
The first is the strategy of positioning landmarks by estimating its relative dis-
placements with regard to other image parts (e.g. patches). This is reasonable
since medical image is highly structured. The second is the discriminative power
of the RF model. In this paper, we focus on improving the estimation the dis-
placements from image patches to landmarks. In previous methods based on
RF regression, the displacement from each patch to each landmark is estimated
independently by the pre-trained RF model, i.e. the displacements are deter-
mined solely by the training data. Our method is fundamentally different, as we
estimate the displacements from all patches to multiple landmarks all together.
This joint estimation scheme allows us to exploit the mutual interactions among
the displacements that are being estimated by considering the geometric con-
straints. In this way, our joint displacement estimation method achieves better
accuracy. We tested our method on three large and challenging datasets: Com-
pleteFemur, ProximalFemur and Pelvis. The experimental results show that our
method achieves better performance compared to the state-of-the-art methods.

2 Landmark Detection by Joint Displacement Estimation

2.1 Problem Formulation

Training Data. Assume that we are interested in L landmarks, and the ground-
truth position of these landmarks are known in a set of training images. As shown
in Fig. 1 (left), x̃l ∈ R

2 is the position of the lth landmark. Furthermore, we
randomly sample a number of square patches around all the landmarks. For the
kth patch, we denote c̃k ∈ R

2 as its center position, f̃k ∈ R
df as its visual feature,

and d̃l
k = x̃l − c̃k ∈ R

2 is the displacement from the kth patch center to the

lth landmark. We totally sample K̃ patches over all the training images, and we

denote F̃ = [f̃1, ..., f̃K̃ ] ∈ R
df×K̃ as the matrix of features of all training patches,

and D̃ ∈ R
2L×K̃ , whose element D̃ij = d̃i

j , as the matrix of displacements.

Test Data. During test, we have a new image, on which we want to estimate the
positions of the L landmarks, as shown in Fig. 1 (right). We randomly sample



Fully Automatic X-Ray Image Segmentation 229

K patches, where ck ∈ R
2 and fk ∈ R

df are the center position and the visual
feature of the kth patch that we sampled. We denote F = [f1, ..., fk] ∈ R

df×K as
the matrix of features of all test patches.

Strategy. To estimate the position of the L landmarks on the test image, we
first want to estimate {dl

k}k=1...K,l=1...L, which is the displacement from each
patch to each landmark. Then, {ck+dl

k}k=1...K will be the set of votes of the lth
landmark’s position from all the test patches, from which we can compute the
response image by a voting scheme (details on response image will be presented
in Section 2.4). Therefore, if we denote D ∈ R

2L×K , whose element Dij = di
j ,

as the matrix of displacements in the test image, our goal is to estimate D.

2.2 Objective Function

First, we construct a compound displacement matrix:

D̂ =
[
D̃ D

]
=

⎡

⎢
⎣

d̃1
1 · · · d̃1

K̃
d1
1 · · · d1

K

...
. . .

...
...

. . .
...

d̃L
1 · · · d̃L

K̃
dL
1 · · · dL

K

⎤

⎥
⎦ ∈ R

2L×(K̃+K) (1)

The left part (the first K̃ columns) of D̂ contains the displacements in the
training images, and the right part (the last K columns) is the displacements in

the test image. Note that we have D = D̂Q if we define Q =

[
0K̃×K

IK

]
, where

In is the n× n identity matrix, and 0m×n is the m× n zero matrix.
Treating D̂ as a variable, our problem can be converted to finding the optimal

D̂. Then, the optimal D can be computed by D = D̂Q. To this end, we design
an objective with regard to D̂:

E(D̂) = Eg(D̂) + αEs(D̂) + βEp(D̂) + γEl(D̂) (2)

Ground-Truth Penalty Eg(D̂). The left part of D̂ should be close to the

ground-truth displacements in the training data, which is encoded in D̃. There-
fore, we want to minimize the Ground-truth Penalty:

Eg(D̂) =
1

2LK̃

∥
∥
∥
∥D̂

[
IK̃

0K×K̃

]
− D̃

∥
∥
∥
∥

2

F

=
1

2LK̃

∥
∥
∥D̂P− D̃

∥
∥
∥
2

F
(3)

where ‖.‖F is the Frobenius norm, and P =

[
IK̃

0K×K̃

]
.

Smooth Mapping Penalty Es(D̂). First, we construct a compound feature

matrix F̂ = [ f̃ f ] ∈ R
df×(K̃+K). Now, each column of F̂ is the feature of a

patch, and each column of D̂ is the displacement vector (to all landmarks) of a

patch. Then, ‖coli(F̂)−colj(F̂)‖L2 is the L2 feature distance of a pair of patches
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(i, j), where coli(F̂) denotes the ith column of F̂. From all pairwise distances,

we construct a binary affinity matrix S ∈ {0, 1}(K̃+K)(K̃+K), where Sij = 1 if
and only if the ith and the jth patches are mutually k(k = 20) nearest neighbors
in the feature space. Note that the edges in the affinity matrix might link two
training pathes, two test patches, or a training patch and a test patch.

The mapping from the feature space to the displacement space should be
smooth. That is, for every pair of patches (i, j), if they are similar in the feature
space, their displacements to landmarks should also be similar. We define the
Smooth Mapping Penalty Es(D̂) as the violation from this assumption:

Es(D̂) =
1

2L
∑

i�=j

∑

i�=j

Sij

∥
∥
∥coli(D̂)− colj(D̂)

∥
∥
∥
2

L2
(4)

For each pair of patches, Es introduces a high penalty if the two patches
are similar in the feature space (i.e. Sij = 1) but their displacements are very

different (i.e.
∥
∥
∥coli(D̂)− colj(D̂)

∥
∥
∥
L2

is large). If we construct M as the (trace

normalized) laplacian matrix [11] of S, Es can be compactly written as:

Es(D̂) =
1

L
Tr

(
D̂MD̂�

)
(5)

Patch Offset Penalty Ep(D̂). Each column of D is the displacements from a
single patch in the test image to all the landmarks. If we take the subtraction
of two columns coli−j(D) = coli(D) − colj(D), it can be written as: coli−jD =

D(eKi − eKj ) =

⎡

⎣
d1
i − d1

j

· · ·
dL
i − dL

j

⎤

⎦, where eKi is a K dimensional column vector whose

ith element is 1 and all other elements are 0s. From Fig. 1 (right), we can see
that d1

i − d1
j = ... = dL

i − dL
j = cj − ci, because (d1

i ,d
1
j), ..., (d

L
i ,d

L
j ) form

triangles with the same edge cj −ci. Therefore, we impose a penalty Ei−j
p (D) =

∥
∥D(eKi − eKj )− c̄j−i

∥
∥2
F
, where c̄j−i is the L times vertical replicate of cj − ci.

We can include a penalty for each pair (i, j) of columns. For efficiency reasons,
we eliminate redundancies and useK−1 pairs to define the Patch Offset Penalty:

Ep(D̂) =
1

2LK

L−1∑

i=1

Ei−(i+1)
p (D) =

1

2LK

∥
∥
∥D̂QU− C̄

∥
∥
∥
2

F
(6)

where U =
[
eK1 − eK2 , ..., eKK−1 − eKK

]
and C̄ =

[
c̄2−1 ... c̄K−(K−1)

]
.

Landmark Offset Penalty El(D̂). Now we investigate the subtraction of rows
inD. For each pair of rows (i, j), we can write rowi−j(D) = rowi(D)−rowj(D) =
(e2Li − e2Lj )�D. Note that D has 2L rows with interleaving coordinates in two

axis as each di
j is two dimensional. For any even number i between 1 and 2L,

we have

[
row(i−1)−(i+1)(D)
row(i)−(i+2)(D)

]
= [d

i/2
1 − d

i/2+1
1 , ...,d

i/2
K − d

i/2+1
K ]. Note that,
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(
d
i/2
1 ,d

i/2+1
1

)
, ...,

(
d
i/2
K ,d

i/2+1
K

)
all form triangles with edge xi/2+1−xi/2 (Fig.

1 (right)). Therefore, although the value xi/2+1 −xi/2 is not known, we however
know that elements of rowi−(i+2)(D) should be identical, i.e. with zero variance:

Var
(
rowi−(i+2)(D)

)
=

(
e2Li − e2Li+2

)�
DHkH

�
k D

� (
e2Li − e2Li+2

)
= 0 (7)

where Hk is the K×K centering matrix Hk = Ik− 1
K1K×K , where 1K×K is the

K ×K matrix whose elements are all 1s. Eq. (7) holds for every pair, and since
variance is always non-negative, this is equivalent to say that the summation of
all variances is also zero, and we define Landmark Offset Penalty:

El(D̂) =
1

2LK

2L−2∑

i=1

Var
(
rowi−(i+2)(D)

)
=

1

2LK
Tr

(
VD̂QHkH

�
k Q

�D̂�V�
)

(8)
where V = [e2L1 − e2L3 , e2L2 − e2L4 , ..., e2L2L−2 − e2L2L ]�.

2.3 Optimization

Substituting Eqs. (3),(5),(6) and (8) into Eq. (2), we get the final objective
function. We can prove that Eq. (2) is convex, and the derivative is:

∂E(D̂)
/
∂D̂ = D̂A+ BD̂C + G (9)

where A = 1
LK̃

PP� + 2α
L M+ β

LKQUU�Q�, B = γ
LKV�V, C = QHkH

�
k Q

�,

G = − D̃P�

LK̃
− βC̄U�Q�

LK . We use gradient descend for the global optimum D̂.
Note that in our optimization process we jointly optimize the training data

D̃ and the test data D. We could also take another way where the we optimize
only D. However, the advantage of our approach is that we can exploit the
complex and relations between each training and test patch which is reflected in
the matrix S in the term Es.

2.4 Constructing Response Image

After we find the optimum D̂, we haveD = D̂Q, and {ck+dl
k}k=1...K will be the

set of votes for the position of the lth landmark. From these votes we perform
kernel density estimation, which gives us the probability of landmark at each
pixel location of the image (this is called the response image of the landmark).
The response images of all landmarks will be used later for shape segmentation.

3 Shape Segmentation via Statistical Shape Model

Our shape segmentation algorithm works by combining the landmark detec-
tion with a statistical shape model. First, we detect a small set of global land-
marks by exhaustively search in the image in different scales and rotations.
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According to the position of these global landmarks, the image is scaled, trans-
lated and rotated to compensate for the global transformation. Then, the land-
marks defining the shape are detected. During this step, we divide the whole
shape into multiple subshapes consisting of several nearby successive landmarks.
The method introduced in Section 2 is performed on each subshape. Then, shape
segmentation is performed using response images of landmarks along with a sta-
tistical shape model. Instead of using the classical Active Shape Model [13] via
PCA, we adopt the shape model based on sparse representation technique intro-
duced in [14].

4 Experiments

Data: We tested our method on three tasks: segmentation of complete femur,
proximal femur and pelvis. The X-ray data come from our clinical partner:

– CompleteFemur: 80 training images, 109 test images.
– ProximalFemur: 100 training images, 188 test images.
– Pelvis: 100 training images, 163 test images.

Note that a considerable part of the images are post-operative x-ray radiographs
after trauma or joint replacement surgery, which significantly increases the chal-
lenge due to large variation of femur/pelvis appearance and the presence of im-
plants (as can be seen in Fig. 2). As a indication, we made a manual counting,
which shows that 32% of the test images contain implants.

Implementation Details: Each shape is divided into subshapes of 4 successive
landmarks (i.e. L=4 in Section 2). The landmark detection algorithm in Section
2 is performed on each subshape, and then the segmentation of the whole shape
is derived as in Section 3. In Section 2, for the patch visual feature, we use
multi-level HoG (Histogram of Oriented Gradient [12]) feature with block sizes
1 × 1 and 2 × 2. Each block is divided into 2 × 2 cells and for each cell an 18
dimensional HoG feature is extracted by histogramming the gradient direction
of each pixel. Therefore, feature dimension df = 360. For each subshape, we

sample K̃ = 2000 training patches and K = 2000 test patches. For the objective
function, we use α = 0.1, β = 0.1, γ = 0.1.

4.1 Results

Fig. 2 shows the qualitative result for all the three segmentation tasks. We can
see that despite the challenges such as significant variation of appearance, poor
image contrast and implants, our method achieves good results. For quantitative
evaluation, we manually annotate the contour on all the test images, and the
segmentation error is then calculated by the average point-to-curve distance
between the landmarks of the segmented shape and the annotated contour. The
error is then converted from pixel unit to physical unit (mm) as the pixel spacing
of our radiograph is known. Table 1 shows the result. Note that to calculate the
success rate, the failure cases are manually identified.
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Fig. 2. Segmentation result on (a): CompleteFemur; (b): ProximalFemur; (c): Pelvis

Table 1. Quantitative evaluation. Numbers are in unit mm.

Anatomy Success rate Median Minimum Maximum Mean Standard deviation.

CompleteFemur 100% 1.2 0.7 3.4 1.3 0.4

ProximalFemur 98.4% 1.3 0.6 3.8 1.4 0.6

Pelvis 98.8% 1.9 1.0 4.3 2.2 0.8

Table 2. Comparison of our method with RF method. Numbers are in unit mm.

CompleteFemur ProximalFemur Pelvis

Mean Std Mean Std Mean Std

Our method 1.3 0.42 1.4 0.62 2.2 0.80

RF method 1.8 0.55 1.3 0.54 2.5 0.78

p-value 0.00005 0.31 0.05

Our method processes one image of resolution 3000×3000 in about 2 minutes,
with an unoptimized Matlab implementation on a computer with 3.0GHz CPU.

We compare our method with the random forest (RF) regression method. We
use the same parameter for both methods when applicable (e.g. the same patch
feature, the same number of training/test patches). For RF, we use 5 trees per
forest1. The results are shown in Table 2, which shows the average error and
standard deviation (in mm) of the two methods as well as the p-value. From the
table we see that our method have comparable performance in proximal femur
segmentation, and outperforms RF in complete femur and pelvis segmentation.

5 Conclusions

We have proposed a new method for fully-automatic landmark detection and
shape segmentation in X-ray images. Our method works by jointly estimating

1 We also tried more than 5 trees and no notable improvement was found.
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the displacements from test patches to landmarks by considering both training
data and geometric constraints. Experiments show that our method improves
the landmark detection accuracy, and, combined with statistical shape model,
can accurately segment shapes on the challenging datasets. In the future, we
would like to integrate the shape model into our joint regression framework.
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