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Abstract. Active Shape Models (ASMs) are a classical and widely used
approach for ﬁtting shape models to images. In this paper, we propose a
fully probabilistic interpretation of ASM ﬁtting as Bayesian inference. To
infer the posterior, we use the Metropolis-Hastings algorithm. We then
use the maximum a posteriori sample as the segmentation result. Our
approach has several advantages compared to classical ASM ﬁtting: (1)
We are left with fewer parameters that we need to choose. (2) It is less
prone to get trapped in local minima. (3) It becomes straightforward to
extend the approach to include additional information, such as expert
annotations. (4) It is even simpler to implement than the classical ASM
ﬁtting method.
We apply our algorithm to the SLIVER dataset and show that it
achieves a higher segmentation accuracy than the standard ASM approach. We further demonstrate the ﬂexibility and expressivity of the
framework by integrating experts annotations along parts of the outline to further increase the accuracy. The code used for ﬁtting is based
on open-source software and made available to the community.
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1

Introduction

To automate medical diagnosis, treatments or the planning of interventions,
a segmentation of an organ is a useful preprocessing step. However, analyzing
volumetric computed tomography (CT) images is a diﬃcult task, because human
organs are highly variable in terms of shape and appearance. Possible shifts from
neighboring organs can change the visual appearance of the boundary. An often
used approach to organ segmentation is the Active Shape Model (ASM) [2]
algorithm.
An ASM consists of two main parts. A point distribution model (PDM) is
used to summarize prior knowledge about the shapes of the organs. An instance
of an organ’s shape is fully described using a set of parameters. In addition, the
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ASM has a built-in prior for the appearance of the volume around the organ
boundary. The appearance is modeled at a sparse set, of so-called proﬁle points.
Visual features are extracted in the normal direction and approximated using a
Gaussian distribution. When adapting the shape, better locations for the proﬁle
points are searched. To increase robustness while ﬁtting, new points are removed
when the point or appearance distance is larger than a given threshold. The shape
is updated using the remaining points. To keep the segmented shapes plausible
the model parameters are restricted to a certain interval.
In this paper, we propose a probabilistic interpretation of this model. The
probabilistic formulation has several advantages: (1) It makes many of the
implicit assumptions taken in the ASM explicit. (2) It does not rely on seemingly
arbitrary parameters. (3) We can apply standard inference procedures developed
in the statistics community for ﬁtting the model. (4) It provides a principled way
of extending the algorithm with additional information such as expert annotations.
We propose to use a sampling-based strategy for model ﬁtting based on the
Metropolis-Hastings (MH) algorithm. This leads to a simple, stochastic algorithm, which is less prone to get stuck in local optima and provides an estimate
of the posterior distribution. In this approach, the only parameter to choose is
a proposal distribution for the MH algorithm. While in theory, the exact choice
of this distribution has no inﬂuence on the result, in practice, this can change
the eﬃciency of the algorithm. Our experiments on the SLIVER dataset [5]
show that our method is more robust and leads to better segmentation performance compared to the standard, deterministic search-based approach. Finally,
we demonstrate how we can incorporate expert annotations, and that such additional information signiﬁcantly improves on the segmentation performance.
Prior Work: The ASM approach, as introduced by Cootes and Taylor [1,2], is a
generic approach to model-based image segmentation. It has many components
and parameters, which aﬀect its performance. An overview of diﬀerent possibilities to tune the algorithm is given by van Ginneken et al. [12]. Consequently, a lot
of work has been done. In the following, we concentrate on reviewing some work
addressing speciﬁc limitations of the standard ASM: Wimmer et al. [13] replaces
the Gaussian assumption with a probabilistic likelihood of the boundary proﬁle
based on a k-nearest-neighbor estimate using positive and negative boundary
proﬁles. Norajitra et al. replaced the search for better boundary locations in [10]
with random forests, which, when compared to the line proﬁles, take information
of a larger volume into account. Kirschner et al. [7] use a non-linear shape prior
based on a kernel PCA. They showed the superior performance of the non-linear
model for vertebra, which we think holds also for livers. Note, that our proposed
method for model adaptation is orthogonal to all formerly mentioned changes
and can make use of improved shape or appearance models.
There is also work on advanced ﬁtting strategies in the recent literature about
ASMs. In [3], Esfandiarkhani et al. propose a non-linear ﬁtting scheme. Zhan et
al. present a method related to the inverse gradient descent optimization used
for active appearance models [14]. In contrast to those, our proposed method is
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simple to implement, fully probabilistic and provides a principled mechanism for
integrating additional information.
Van Ginneken et al. proposed an extension of ASM to allow for interactive ﬁtting [4]. In contrast to our method, their method requires the use of
corresponding landmarks, while we can incorporate information, which is given
as line to surface correspondence only. Furthermore, in our approach, the constraint is formulated probabilistically, which allows us to add the user annotation
as uncertain observation, in a principled way.
The most closely related work to ours is the one of Schönborn et al. [11].
They propose to use sampling to adapt a 3D face model to 2D photographs
using computer graphics.

2

Background : Active Shape Models

An Active Shape Model consists of two main components: (1) A Point Distribution Model (PDM), which represents the normal shape variation of the modeled
anatomical structure and (2) an intensity model, which models the intensities
in a neighborhood around dedicated points of the PDM. Before discussing the
main ﬁtting algorithm, we discuss these two main components in more detail.1
Point Distribution Models: The main idea behind a PDM is that given a set of
i = 1, . . . , N typical example surfaces {Γi } of a certain shape, it becomes possible
to learn the mean shape and the normal variability of this shape. For this to be
possible, it is necessary that the example surfaces are in correspondence. This
means that each surface is deﬁned using the same number of boundary points,
Γi = (xi1 , . . . , xin ), and that the points {xik } on each of the surfaces {Γi } are at the
same anatomical location. Assuming that all the surfaces {Γi } are rigidly aligned
N
to each other, we can deﬁne the mean of a boundary point as xk = N1 i=1 xik .
The corresponding mean shape is given as Γ := (x1 , . . . , xn ). Furthermore, we
can compute from the example surfaces {Γi } a set of N −1 principal components,
which represent the directions of main variation in the data. In our model, the
possible locations of a point xk is deﬁned as a linear combination of the principal
components with coeﬃcient vector α = (α1 , . . . , αN −1 ) as follows:
xk (α) := xk +

N
−1


αi uik

i=1

where uik ∈ R3 denotes a displacement direction for the k-th point given by the
i-th principal component. The corresponding shape Γ (α) with coeﬃcients α is
in turn deﬁned as Γ (α) := (x1 (α), . . . , xN (α)).
1

Note that, while the mathematically concepts are equivalent to the classical ASM
papers [1, 2], our exposition of PDMs is based on the notation and interpretation
of Point Distribution Models as Discrete Gaussian processes, as presented by Lüthi
et al. [9].
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A probabilistic model of shape variation is obtained by assuming that the
coeﬃcients αi are independent and normally distributed, αi ∼ N (0, 1). For this
to hold, the eigenvectors forming the basis are scaled by the square root of the
corresponding eigenvalue. The model can then be seen as a multivariate normal
distribution of shapes centered around Γ , the mean shape.
For explaining an organ’s shape in a new image, it is not suﬃcient to model
shape variation, but also the pose needs to be modeled. Thus we deﬁne a
translation parameter t ∈ R3 and a rotation matrix R(φ, ψ, ρ), which itself is
parametrized by the three Euler angles (φ, ψ, ρ). For notational convenience,
we summarize all parameters in a single vector θ = (t, R, α). Using this full
parametrization, the k−th model point becomes


N
−1

i
xk (θ) := R xk +
αi uk + t
i=1

and the notation Γ (θ) is used again to refer to the full surface induced by θ.
Intensity Models: On top of the PDM, an Active Shape Model describes an intensity model. The intensity model summarizes the intensity distribution around
a subset of the N points that deﬁne the model. We refer to these points as
proﬁle points. For every such proﬁle point xk , an ASM models the variation of
some intensity feature ρk ∈ Rd . Usually, it is assumed that ρk follows a normal
distribution ρk ∼ N (μk , Σk ), with a mean μk and covariance matrix Σk . The
parameters are estimated during training time from a set of example images. For
a given point x and image I, we can extract the corresponding feature vector
ρ(x, I) and use the model to evaluate how likely this point is to correspond to
the boundary point xk :


1
T
p(ρ(x, I)) = exp (ρ(x, I) − μk ) Σk−1 (ρ(x, I) − μk )
(1)
Z
Hence we can use this intensity model to select the most likely boundary point
during model ﬁtting.
Active Shape Model Fitting: With these concepts deﬁned, we now formulate the
ASM algorithm in Algorithm 1. Note that once we have found the best matching
points, the optimal rotation and shape parameters on line 10, can be computed
in closed form (see e.g. [1] for details). The seemingly arbitrary constraint on
line 12 involving the threshold κα is usually motivated by assuming that αi
follow a standard normal distribution, which implies that values of αi which are
more than three standard deviations away from the mean are very unlikely. New
point locations are dropped if they are unlikely under the shape model using κS ,
or if they are unlikely under the appearance model using κT .

3

Method

In this section, we introduce our fully probabilistic interpretation of the ASM
ﬁtting. We use the ASM in a Bayesian setting, where our goal is to compute the
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Algorithm 1. Active Shape Model ﬁtting
1: θ0 ← intialization
2: for i = 1 to max-iterations or converged do
3:
for xk ∈ {x1 , . . . , xK } do
4:
generate candidate locations xc , c = 1, . . . , C
5:
ﬁnd best new candidate xk as arg max p(ρk (xc , I))
xc

6:

7:
8:
9:
10:
11:
12:
13:

if || arg min Rxk (α) + t − xk || > κS or
α

(ρk (xk , I) − μk )T Σk−1 (ρk (xk , I) − μk ) > κT then
drop the correspondence pair (xk , xk )
end if
end for
calculate rigid alignment R, t of remaining sets {xk } and {xk }
ﬁnd best α given R, t and remaining sets {xk } and {xk }
αi ← max(min(αi , κα ), −κα )
end for

posterior distribution over the parameters θ given the observed image I, which
we would like to segment. The posterior is deﬁned as:
p(θ|I) = 

p(θ)p(I|θ)
∝ p(θ)p(I|θ).
p(θ)p(I|θ)dθ

(2)

As we will see later, our inference procedure makes it possible to work with
the unnormalized posterior, hence we only have to specify the prior p(θ) and
likelihood function p(I|θ).
Prior Distributions: The prior distribution deﬁnes our assumptions about the
value of the parameters, before we have seen any data. We assume independence
between components of the prior, i.e.
p(θ) = p(t, R, α) = p(t)p(R)p(α).

(3)

For the pose parameters t and R we assume that every possible value is equally
likely, so p(φ) = p(ψ) = p(ρ) = p(t1 ) = p(t2 ) = p(t3 ) = U(−∞, ∞). For the
shape prior, we use the PDM distribution, which states that the coeﬃcients αi
are independent and follow a standard normal distribution αi ∼ N (0, 1).
Likelihood Functions: Let xk ∈ ΓR denote the k-th point of the model, which
has an associated intensity distribution N (μk , Σk ) (Cf. Eq. 1). The likelihood for
a ﬁxed point xk of the model is then given by
1
exp(−(ρ(xk (θ), I)) − μk )T Σk (ρ(xk (θ), I)) − μk )
Z
where Z is a normalization constant. Assuming independence between the
observed values, we can deﬁne the shape likelihood as
p(I|θ, xk ) =

N

p(I|θ) =

p(I|θ, xk )
k=1

(4)
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We can integrate additional constraints in the posterior formulating them as
an additional likelihood. We demonstrate this in terms of a few strokes drawn
by an expert along the perceived boundary of the liver. We integrate the lines
as a discrete set of points {xl }, l = 1, . . . , L using the likelihood
L

p({xl }|θ) =

N (xl |CP (xl , Γ (θ)), σl ).

(5)

l=1

Here, the function CP returns the point from the surface Γ (θ) which is closest
to the point xl .
Approximating the Posterior Distribution: The posterior distribution from
Eq. (2) cannot be expressed in closed form. However, it is possible to draw samples from it, which we can use to ﬁnd shapes that are likely under the posterior
distribution. For this, our method uses the Metropolis-Hastings algorithm. The
main idea is, that instead of sampling from the posterior p(θ|I) directly, we sample from a proposal distribution Q(θ |θ), which proposes a new sample θ given
the current sample θ. This generated proposal is then accepted or rejected using
an acceptance criterion based on the unnormalized posterior probability p(θ|I).
The MH algorithm we propose to use for ASM ﬁtting is shown in Algorithm
2. The individual terms in the ratio a, are given by the shape prior and the
appearance model of the ASM. Note that we do not need to choose any parameter. The only part we have to provide is the proposal distribution Q. Also
note that the denominator in (2), the normalization constant which is usually
intractable, is equal for all θ and hence cancels in the ratio on line 4.
Algorithm 2. Metropolis Hastings sampling
1: θ0 ← arbitrary initialization
2: for i = 1 to S do
3:
θ ← sample from Q(θ |θ)


)p(θ  |I)
)p(θ  )p(I|θ)
4:
a ← q(θ|θ
= q(θ|θ
. {acceptance threshold}
q(θ  |θ)p(θ|I)
q(θ  |θ)p(θ)p(I|θ)
5:
r ← sample from N (0, 1)
6:
if a > r then
7:
θi ← θ
8:
else
9:
θi ← θi−1
10:
end if
11: end for

The most commonly used proposal distribution is a random walk proposal,
deﬁned as Q(θ |θ) ∼ N (θ, σ 2 I). We change this to a block-wise proposal distribution, meaning that we update only either, α, φ, ψ, ρ or t at a time. Further,
we use for each block a mixture of Gaussians with three diﬀerent σ to account
for the initial phase of convergence before we get the samples from the true posterior. When we generate a proposal, a part of the mixture is selected with a
predeﬁned probability ω.
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Experimental Setup

In this section, we experimentally compare our proposed ﬁtting method to the
standard ASM method. For both methods, we use the same basic ASM. The
methods are compared on the SLIVER dataset. In order to retain reproducibility,
we use only the 20 livers from the training set with the provided ground-truth.
We report the errors for the results of the model using all examples, also including
the test item, as well as for all the leave-one-out setups.
We rigidly align the provided data using eight manually-clicked landmarks.
The landmarks are shown in Fig. 1a on the surface of the handcrafted reference.
We register the livers using the model-based registration presented by Lüthi
et al. [9].

(a) landmarks

(b) sampled points (c) profile points

(d) annotations

Fig. 1. We show the reference liver with the annoated 8 landmarks in (a), the 1k
sampled proﬁle anchor points in (b), the locations for the appearance feature extraction
(blue) and the sampled search points (green) for diﬀerent proﬁle anchor points (red)
in (c) and the expert annotations in (d). (Color ﬁgure online)

We model the appearance at 1000 evenly sampled points (see Fig. 1b). The
values of the image gradient are taken at seven points with a spacing of 8 mm to
from the appearance feature (see Fig. 1c). The full appearance model consists of
all 1000 individual local Gaussian appearance models2 .
As we aligned the SLIVER dataset initially before we built the models, we
do not have to align the model to the data at test time. For the standard ASM
ﬁtting, we sample 61 search points over a distance of 60 mm around the current
proﬁle point location (see Fig. 1c). We choose κT = 6, κS = 3 and κα = 3 to
prevent unlikely updates.
For the sampling-based approach, we use the PDM prior from Eq. 3 and
the appearance likelihood from Eq. 4. In the experiment including the expert
annotated lines, we additionally include the line likelihood from Eq. 5 in the
posterior. The expert annotations depicted in Fig. 1d mark parts of the organ
boundary on three axis-aligned slices. We use the introduced multiscale, blockwise Gaussian distribution for generating the proposals (See footnote 2). As
2

The code for the model adaptation is available online at github.com/unibasgravis/probabilistic-ﬁtting-ASM.
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this proposal distribution is symmetric the correction term of the transition
probability ratio cancels on line 4 in the Algorithm 2.
For the standard ASM ﬁtting, we take the last state after a maximum of
1000 iterations or convergence. When sampling, we draw 10k samples and use
the one with the highest posterior value as result. We use a higher number of
samples compared to the standard ﬁtting steps. This is motivated by the fact
that the standard approach looks at the appearance of 61 locations per iteration
while for one sample we evaluate only one. We report the dice coeﬃcient, the
bi-directional average surface distance, and the Hausdorﬀ distance to compare
the results.

5

Results

Simplicity: What is striking is the simplicity of the sampling-based approach. We
can use the exact same model in both approaches. For the standard approach, we
need to deﬁne a search strategy, choose the search distance, the point distance
threshold, the feature distance threshold and the model coeﬃcient threshold. In
contrast, for the sampling, the posterior is completely speciﬁed by the model
itself. We need only to deﬁne the proposal distribution. Further, the standard
approach has a ﬁxed search distance. In contrast, when we generate samples
from the proposal distribution, the model deformations depends on the local
variance of the PDM and hence is locally adaptive.
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Fig. 2. Segmentation accuracy using the model including the test item. This ﬁgure
shows that sampling ﬁnds a better segmentation compared to the standard ASM ﬁtting.
The sampling has the higher dice score as well as the lower bi-directional average
distance value and Hausdorﬀ distance. Including expert annotations further improves
the result.

Full Model: In the Fig. 2, we show the evaluation of the results for the ﬁrst
experiment, where the target shape is contained in the model. For the Dice
coeﬃcient, the bi-directional average surface distance and the Hausdorﬀ-distance
one can observe that the sampling outperforms the standard ﬁtting. Including
also the expert annotations further improves the result.
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Leave-One-Out: The leave-one-out experiments in Fig. 3 show the same trends.
Comparing the values to the last experiment we can observe that the Hausdorﬀ
distance drops much more than the other measures. This was to be expected,
as in this experiment the test item is excluded from the model, but often has a
very speciﬁc local shape compared to the training items. The expert annotations
have a stronger impact on the leave-one-out experiment. Note, also for this
experiment, the used model for a speciﬁc test case is the same for all methods.
We conclude from the experiments that sampling is a better strategy to adapt
an ASM to data. In addition, integrating additional constraints in a straightforward manner, we showed the example of expert annotations along the boundary,
helps to improve the accuracy further.
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Fig. 3. Segmentation accuracy of the leave-one-out experiment. The sampling outperforms the standard ASM ﬁtting approach. Again, the result further improves when
expert annotations are provided.

6

Conclusion

We presented a fully probabilistic interpretation of ASM based segmentation as
Bayesian inference. Using a Metropolis-Hastings sampling approach, we determine the maximum a posteriori segmentation. Our method is simple to implement and leads to better results compared to the standard ASM algorithm. As
all the terms in our posterior formulation are motivated by the model, no arbitrary thresholds are needed. Furthermore, the probabilistic formulation provides
a principled way of integrating additional information, such as expert annotations. For future work, additional constraints, such as regions in the image, which
the ﬁtting result should not enter could be integrated. The crucial component for
the performance of our method is the proposal distribution. The better it reﬂects
the (unknown) target distribution, the more eﬃcient the sampling is while convergence is always guaranteed asymptotically. Smarter choices of the proposal
distribution than the used random walk proposals, which take the image intensities into account, could improve the convergence rate. Such proposals could
be based on random forest regression steps [8], on a global estimated parameter
distribution [6] or even include deep learning.
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