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Abstract

The recognition of the specific type of a techni-
cal object under consideration is often crucial in
understanding its capabilities and its potential be-
haviour. Reliable automatic object type recogni-
tion from digital imagery is therefore demanded in
many applications like reconnaissance. In this pa-
per the problem of simultaneous estimation of ob-
ject pose and type-characteristic shape parameters
from images is attacked by the use of CAD mod-
els. In order to cope with the usually incomplete
and even erroneous model data set (base models),
we build from these a flexible adaptive model which
forms an orthogonal basis. For this purpose a meta-
model is constructed by volume-based metamor-
phosis from the base models, which are then in-
serted by mesh optimization methods to give the fi-
nal flexible model. The model and pose parameter
estimation is based on the correspondence of image
and model edge elements to avoid illumination in-
fluence. An objective function for robust estimation
is used and optimized with respect to the parame-
ters by a Levenberg-Marquard method. Preliminary
results with civil aircraft show the applicability of
the methods presented.

1 Introduction

In safety-critical aerial surveillance, object detec-
tion and classification systems must have robust
performance with very high reliability. While pre-
dictable automatic screening systems for techni-
cal objects are available, automatic classification
of detected objects still has insufficient reliability.
As a matter of fact, trained aerial image analysts
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are experts and their abilities are unlikely to be
achieved by computer-vision systems in the near
future. On the other hand, in a technical context,
human classification skills concentrate on discrete
features, while continuous or slightly differing fea-
tures, such as aspect ratios or geometric deforma-
tions, are hardly distinguished by human percep-
tion. Hence, fine classification of technical objects
resp. verification of hypotheses demands to be sup-
ported by artificial intelligence.

Earlier work [1] has shown, that desired robust-
ness of classification, can rarely be achieved with-
out incorporating three-dimensional a-priori knowl-
edge about the observed objects.

On the other hand, in classification tasks, the ob-
served object is unknown. One could forego this
problem, by applying pose estimation to all models
which are similar to hypotheses and then deciding
for the model with the highest confidence value. In
practice, this strategy often fails because providing
models with the required geometric precision and
variety is impossible.

Thus, our approach is based on the use of data-
driven and automatically built adaptive linear mod-
els, where each model is elastic and therefore can
represent a number of similar objects, instead of
providing a single model for each object. The shape
and pose parameters are then estimated simultane-
ously by maximization of a robust objective func-
tion, which is describing the correspondence be-
tween model and image features. Since shape pa-
rameters are orthogonal projection coefficients on
the model basis, they are coding the observed ob-
ject uniquely and therefore can serve as features for
classification.

Blanz und Vetter formerly proofed [2, 3], that
adaptive linear models can be powerful tools for re-
construction and identification of human faces and
thus motivated our work. One of the reasons, why
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their approach cannot be applied straight forward to
our problem, is the fact, that their model-building
step requires objects to be star shaped around an
axis or to be at least projectable to a plane. Many
object classes, that are of interest in the context
of aerial surveillance, e.g. commercial and mili-
tary aircraft, do not have this property. Shelton
[4] redesigned the model-building step, leading to
more general object classes. As this approach is
based on calculating point correspondences by en-
ergy minimization, where the energy term is based
on distances between points and surfaces, this will
result in collapsing thin object parts, auch as aircraft
wings.

There are many alternative approaches on meta-
morphosis, which is the key point to be solved in or-
der to automize modelbuilding. In [5] a character-
ization of different metamorphosis techniques can
be found. These include aspects of the two main
methods, namely boundary and volume based ap-
proaches.

Our model construction process uses warping
and combines volume and boundary based meta-
morphosis techniques, which allows modelling of
sharp features as well as thin object parts. No as-
sumption on projective properties of the objects are
made. As mentioned before, our adaptive model
is data-driven, which means, it is generated from
only a small set of commercial off the shelf models,
called the base models. Thus, we do not depend on
a complete or precise data base, but use some rep-
resentatives instead. In order to yield an orthogonal
model, we use principal component analysis.

By now, we restrict our object classes to commer-
cial airplanes, but nevertheless, the approach can be
applied for many other types of technical objects,
as long as the boundaries of the objects are topo-
logically equivalent to a sphere and as the geometry
between base objects does not differ in sence of dis-
crete features.

2 Adaptive Models

In this section, we give a brief description of
our model construction process, starting out with
a definition for our linear adaptive models. In
the following, we denote our base models with
M0, . . . ,MN , N > 0, and all of them are as-
sumed to be given in a boundary representation.

2.1 Definitions

In order to define our elastic model, we need to dis-
tinguish topology T and geometric realization g of
a three-dimensional model M. While the topol-
ogy describes the graph, that yields the information,
how the vertices are connected to edges and trian-
gles, the geometric realization is an indexed set of
three-dimensional vectors, yielding the correspond-
ing geometric position of each vertex.1 We follow
[2] by writing the geometric realization in a sin-
gle shape-vector g = (x0, y0, z0, x1, y1, z1, . . .)

T ,
where indices coincide with vertex indices. Clearly,
the representation of a model M by (T,g) is not
unique, since many topologies can describe the
same surface.

An adaptive model, built from base models
M0, . . . ,MN , is defined by

(T ,
N∑

n=0

λngn), λn ∈ IR (1)

where T is a topology, called meta-topology, and
gn is a geometric realization, such that the tu-
ple (T ,gn) represents the base model Mn, n =
0, . . . , N . This generic model describes infinitely
many geometric realizations, coded by few param-
eters λ0, . . . , λN . In figure 1 an adaptive model for
three base models is shown.

Boeing 747Boeing 737

Boeing 707

Figure 1: Realizations of an adaptive model, that
was built from three base models. The corners of
the triangle show representations of the base models
and the models inbetween are intermediate shape
transformations.

1In [6] one can find a mathematical definition of topology and
geometric realization, based on concepts of algebraic topology.
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Applying principal component analysis (PCA)
on (g0, . . . ,gN ), delivers N orthogonal eigenvec-
tors en and a mean vector ḡ. With these compo-
nents, the notation for our orthogonal version of the
adaptive model is given by

Mδ1,...,δN = (T , ḡ +

N∑

n=1

δnen), δn ∈ IR,

depending on parameter vector θ̃ = (δ1, . . . , δN )T .
In figure 2 the variation along the first eigenvector
of an adaptive model is shown. As clearly can be
seen, the first eigenvector changes the size of the
realizations.

δ1 = −σ1 δ1 = 0 δ1 = σ1

Figure 2: Variation of the first eigenvector of an
adaptive model. The objects are realized by setting
δn = 0, n = 2, . . . , N . σ1 denotes the standard
deviation corresponding to the first eigenvalue and
is obtained from the PCA.

2.2 Construction

Now, that the definition of an adaptive model is
given, we describe the way of its construction. This
requires - according to (1) - the construction of a
meta-topology T and calculation of N geometric
realizations gn. The construction of these compo-
nents is done in two steps, namely (i) construct-
ing a meta-model (T , g̃), which defines the meta-
topology and an initial geometric realization and (ii)
adding the base models by calculating the geomet-
ric realizations gn, n = 0, . . . , N .

For the overall construction process, we make
use of the fact, that for a static model M, whose
boundary is topologically equivalent to the sphere,
there always exists an implicit function, whose iso-
surface coincides with its boundary. For construct-
ing such an implicit function, many approaches ex-
ists. We directly use the signed distance transfor-
mation, since the computationally more attractive
approximations, e.g. by radials sums [7], turned out
not to be appropriate to model sharp features and
thin object parts.

For the inverse process, which is the polygoniza-
tion of a given implicit function, we use a marching
cube implementation [9].

2.2.1 Creating the Meta-Model

Construction of the meta-model is based on typical
volume based metamorphosis, which would work
as follows: Identifing every base model Mn with
an implicit function fn, the mean-model could be
calculated by applying a polygonizer to

1

N + 1

N∑

n=0

fn. (2)

For our object types, this would lead to degenera-
tions of all those object parts, that do not overlap
for most of the base models. Thus, a preprocess-
ing warp similar to [10] is implemented, in order
to transform all our base models into roughly over-
lapping positions. The warp needs a small number
(e.g. 16) of point correspondences {xn1 , . . . ,xnL},
so called anchor points, which are defined by the
user. Actually, this is the only user interaction for
the whole model-building step.

From these anchor points, the set of centroids of
corresponding points
{

1

N + 1

N∑

n=0

xn1 , . . . ,
1

N + 1

N∑

n=0

xnL

}
(3)

is calculated. Now, for every model Mn a
warping transformation wn can be applied on
Mn, that maps base model specific anchor points
{xn1 , . . . ,xnL} onto points definied in (3). Since
this warping process has to be redone later on and
the warps are not analytically invertable, we further
calculate functions ŵn, with source and destination
points being exchanged.

The base models warped by wn are denoted by
Mw

n and corresponding implicit functions by fwn .
Substitution of the functions fn in (2) by fwn might
still lead to great loss of volume, when a marching
cube is applied to the new mean function. This is
due to the fact, that marching cube algorithms do
not necessarily handle model parts, that lie within
the cell raster of the marching cube. Instead of de-
creasing cell size, which would increase the number
of outcoming triangles drastically, we add an offset
c, which is exactly half of the size of the marching
cube, to our mean function. Adding this offset can
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be interpreted as morphological opening, which has
another positive effect, described in the next sec-
tion.

With these definitions, we are now able to define
the meta-model (T , g̃): A marching cube is applied
to our modified mean function

f = c +
1

N + 1

N∑

n=0

fwn (4)

and in a postprocessing step, the triangle size is
adapted to the local curvature. Therefore, we ap-
ply a polygon reduction method [11] on the output
of the marching cube and then do local 1:4 subdi-
visions followed by triangle regularization as pro-
posed in [12]. We use

max
c∈C(T )

nT
5f(c)

‖ 5 f(c)‖ > cos(π/4) (5)

as subdivision criterium for a triangle T , where n is
the normal vector of T and C(T ) denotes the set of
centroids of the four subtriangles, when T is sub-
divided 1:4. For our aircraft objects, the resulting
meta-model has less than 10 000 triangles.

2.2.2 Adding the Base Models

In this section, we describe how a geometric real-
ization gn is computed, such that (T , gn) is a rep-
resentation of base modelMn.

The geometric realization gn is calculated by
smoothly moving the initial positions g̃ towards the
surface of base modelMn. Therefore, we extended
a technique developed for mesh optimization, pub-
lished by Ohtake and Belyaev [13] described be-
low. The input of their algorithm is a model, which
is thought to be the output of a polygonizer, and
a corresponding implicit function. By means of a
dual net, a curvature-weighted vertex resampling
and an optimization of vertex position are investi-
gated. Optimization of vertex position is done by
calculating intersection points of tangential planes.
As a consequence, their algorithm delivers an outer
approximation of the isosurface (triangles are tan-
gential planes of the isosurface), which is the rea-
son, why good approximizations of sharp features
can be obtained.

Since their opimization does not assume the start-
ing vertices to lie on the isosurface, we can use
their optimization, for tracking vertices over isosur-
faces. The latter correspond to a finite number K of

Input:
K number of interpolation steps
Ms source model (T ,gs)
fd destination function

Output:
Md destination model: approximation of iso-

surface of fd with topology T .

Algorithm:
(1) Provide a function fs, which corresponds

to input modelMs.
(2) SetM0 :=Ms.
(3) For k = 1 to K do:

Apply mesh optimization on model
Mk−1 and function

(1− k

K
)fs +

k

K
fd.

Denote the resulting geometric realization
with gk and setMk := (T ,gk).

(4) SetMd :=MK .

Figure 3: Metamorphosis algorithm.

linear interpolants of two implicit functions, where
one of them is representing a given model and the
other one is defining the destination shape. Unlike
[13], we do not apply subdivision during opimiza-
tion, such that the meta-topology T is not changed.
The overall metamorphosis algorithm is stated in
figure 3.

With these preparations, three steps can be for-
mulated, that have to be done in order to calculate
geometry gn (see also figure 4).

1. Apply metamorphosis with K interpolations
on the meta-model (T , g̃) and destination
function c + fwn .

2. Undo base model specific warp, by applying
prior calculated transformation ŵn.

3. Apply metamorphosis on the resulting model
and destination function fn, in order to cancel
the effect of offset c in (4). Denote the result-
ing geometry with gn.

We found out, that it is important to substract offset
c not prior than the last iteration. Otherwise, vertex
resampling will collapse thin object parts.

2.3 Results

As stated in figure 7, our method delivers good re-
productions of base models: The base model fea-
tures are caught completely and vertex positions
have function values less that 10−10 (meters). Re-
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metamorphosis

metamorphosis

meta−model

(T ,gn) : fn c+ fn

c+ fwn(T , g̃) : f

representation for
base modelMn

undo warp

Figure 4: Adding a base model is done by applying
metamorphosis twice and undoing warp. Images
are labeled with the corresponding implicit func-
tions. The resulting model (T , gn) is a represen-
tation for the base modelMn in the meta-topology.

sulting errors, as shown in figure 7 (f), are due to
undersampling, which could have been avoided by
decreasing the subdivision thresh in (5). On the
other hand, as explained in the next section, we use
an objective function, that is robust concerning cor-
rupted model features. For our purpose, it is more
important, that the model segments must not be too
short in order to be realiable. Hence, we reduce the
number of triangles of the adaptive models to ap-
prox. 1 500. Therefore, we extended the strategy
proposed in [11] to multiple geometric realizations.

3 Pose and Shape Estimation

Registration of any three-dimensional model
against an image requires three substantial steps,
namely (i) extraction of image as well as model
features, (ii) defining a cost or objective function
and (iii) a minimization resp. maximization al-
gorithm. In this section, these three components
are described, where no application specific as-
sumptions are made so far. Thresholding and other
tuning parameters will be described in section 4.

3.1 Feature Extraction

Since our model does not include color or inten-
sity values and neither of them can be assumed
to be constant over the complete observed object,
we built our algorithm on edge segment extraction,

which formerly was shown to be a successful strat-
egy in other registration tasks (e.g. [14]).

For image features, we decided to make use of
an efficient implementation, that was developed in
the context of [14], where edge pixel detection is
based on a gradient filter described in [15]. Our im-
plementation is tuned by a single threshold, which
is the minimum absolute value of gradient µ, that
defines a pixel to be an edge pixel. The output of
the feature extraction is a set of image edge seg-
ments (described by the endpoint coordinates), de-
noted byH.

While image segment extraction is a question
of image processing, model segments depend on a
projection chain, which represents the mathemati-
cal model of physical camera properties. The pro-
jection chain is given by a transformation A from
world to camera coordinates and a perspective or
parallel projection P onto the camera plane. While
we assume the projection P to be known, the trans-
formation A has to be estimated in order to calcu-
late the object pose. The latter depends on three
rotation angles ω, ϕ and κ around the axis x, y and
z as well as translation vector (tx, ty, tz)

T .
Using the projection chain and the actual geo-

metric realization of the adaptive model as input,
a hidden line algorithm delivers model segments
in image coordinates. For clarity, model segments
are visible intervals of model edges and only edges
sharper than a fixed thresh τ = π/2 are projected.
In some cases, we do not consider inner edges and
use silhouette only.

The resulting set of model segments is denoted
by L. Since model-fitting includes shape and
pose estimation, the set of all model segments
depends on the extended parameter vector θ =
(δ1, . . . , δN , tx, ty, tz, ω, ϕ, κ)T . Hence, we de-
note the set of all model segments by Lθ .

3.2 Objective Function

In order to cope with many-to-many edge corre-
spondences, the objective function is definied in the
same manner as formerly done by Krüger [14] for
the purpose of robust map-to-image registration. In
the following, his objective function is shortly re-
viewed.

Given the projection li = (qi1,qi2) of a model
segment with endpoints qi1 and qi2 and an im-
age segment hj = (pj1,pj2), we define nj to
be a unit normal vector of image segment hj and
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(a) (b)

Figure 5: Extracted features for the model-fitting
step: (a) image edge segments with minimum abso-
lut value of gradient µ = 3 and (b) model segments.

ej = (pj2 −pj1)/‖pj2 −pj1‖ the normalized di-
rection vector. The distance of the two segments is
defined as a function of overlap oij and the orthog-
onal distances dij , where

oij := | [ 0, ‖pj2 − pj1‖ ]

∩ [ eTj (qi1 − pj1), eTj (qi2 − pj1)] |,
d2
ij := d2

ij1 + d2
ij2

= ‖nTj (pj1−qi1)‖2 + ‖nTj (pj2−qi2)‖2.

Based on Tukey’s biweight ρ [16], which is the
loss function of a hard redescending M-estimator,
Krüger derives the function

ρ̄(d) =

{
(1 − d2)3 |d| ≤ 1

0 |d| > 1

via ρ̄(d) = 1−6ρ(d). For a known scale parameter
σ the goodness of fit is then measured by the prod-
uct oij ρ̄(dij/σ).2 The objective function can now
be formulated in dependence of parameter vector
θ as sum of goodness over all possible correspon-
dences:

χ2(σ, θ) =
∑

(li,hj)∈Lθ×H

oij(θ)ρ̄

(
dij(θ)

σ

)
. (6)

As mentioned in [14], maximizing this function
solves feature matching and parameter estimation
simultaneously and makes no hard distinction be-
tween correct and incorrect correspondences. Fur-
thermore, we strongly take advantage of its robust-
ness concerning both types of segments, model seg-
ments as well as image segments.

2Obviously, the goodness of fit is not symmetric. On the other
hand, only qi1 and qi2 depend on the parameter vector θ, which
leads to nice analytical derivatives that can be evaluated efficiently.

Actually, the usage of ρ̄ can be interpreted as
a model-to-image segment-distance low-pass filter
applied to all image segments. The cut-off and the
steepness of the filter is controlled by scale factor σ.

3.3 Robust Estimation

In [14], it is shown, that under the assumption of
constant overlap, maximizing (6) is equivalent to
solving a re-weighted least-squares problem. Prop-
erties of collinear projection are used and further
assumtions are made, to finally arrive at a linear
least-squares problem. Since our projection chain
is far away from linearity and the starting values of
parameters can be far away from the optimum, we
cannot make these assumptions. Instead, we apply
Levenberg-Marquard [17] directly on (6) and thus
solve the maximization task in a non-linear manner.

In order to apply Levenberg-Marquard, the ob-
jective function has to be turned into a sum of
squares. Thus, we take roots over summands of
(6) and resquare them, which is possible, because
summands are nonnegative. Our objective function
is continuous and analytical derivatives exist, since
overlap is assumed to be constant.

4 Application

In this section, we concentrate on our application,
which is - as mentioned in the introduction - an
aircraft-type classifier for aerial surveillance tasks.
While the model-building step described in sec-
tion 2 could be realized in a global manner, param-
eter estimation cannot be realized without incorpo-
rating application specific assumptions. This is due
to the fact, that model-fitting is an ill-posed prob-
lem, e.g. the scale of the objects (determined by
parameter tz) is highly correlated with the model
parameters, as can be seen in figure 2. Hence, we
assume the size of the aircraft to be roughly known
(e.g. small, medium or large) in order to initialize
the shape parameters. Furthermore, parameter es-
timation has to be done in an application specific
manner, which is described in the following section.

4.1 Application Specific Estimation

Due to the hard redescending property of Tukey’s
biweight, our objective function is not convex, and
thus has local maxima. As can be seen in figure 6,
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this effect is enhanced, when the scaling factor σ is
small. On the other hand, an optimal estimation can
not be obtained with large scales, because too many
outliers influence the objective function. Hence, we
realize every estimation in a coarse-to-fine strategy
by repeated application of the Levenberg-Marquard
optimization, starting with a large scale, which is
successiveley decreased until the desired precision
is obtained. Clearly, the scales have to be choosen
in dependence of objects size in the image plane,
which is up to 500 pixels in our case. Therefore,
we work with five scales σ =

√
2σ′, where σ′ ∈

{2, 5, 10, 50, 100}.

χ2(
√

2σ′, θ)

σ′ = 2

σ′ = 50

δκ [rad]

Figure 6: An objective function for two different
scales (high scale is denoted in a gray contour and
the low scale in black). In order to improve visu-
alization, the lower function is scaled by factor 5.
The functions correspond to figure 5 (b), where all
parameters are fixed as shown there, except for the
rotation angle κ = κ0 +δκ. κ0 is the rotation angle
corresponding to the position shown in figure 5 (b).

For our application, we have to deal with views,
that are close to nadir. Thus, we start our estima-
tion algorithm with a coarse pose estimation, where
only nadirs are evaluated (ω and φ are fixed in a
nadir view). The estimation is realized with a high
threshold for the minimum absolute value of gradi-
ent (µ = 12), silhouette model segments and the
three highest scalings of the objective function. As
stated in figure 5, even for high scales, we have to
avoid stepping into one of the local maxima, that are
due to the cross shape of our objects. Thus, we sam-
ple the parameter space equidistantly, run six corse
estimations with initial rotation angles κi = iπ

3
,

i = 0, . . . , 5, and decide for the one with the high-
est objective value.

After the position is roughly found, a fine estima-
tion is applied. Therefore, a lower threshold for the

image segments is used (µ = 3) as well as the low-
est three scalings of the objective function. Shape
and position are now refined iteratively, where the
first iteration starts with estimating the weights of
two eigenvectors and the number of eigenvectors
incorporated is increased after each iteration. All-
together, this is an automatic algorithm for parame-
ter estimation, where the pose parameters are auto-
matically initialized by subsampling the parameter
space and the shape parameters have to be initial-
ized roughly by the user, as mentioned above.

4.2 Results and Conclusion

With the approach described above, we made first
experiments on a small set of images, using our
adaptive model for aircrafts. Some results are
shown in figure 8, which clearly show the applica-
bility of the method presented. On average, the time
required for parameter estimation was approx. one
minute on a Pentium IV 2 GHz.

Another example is shown in figure 9, which
shows the result of fitting an adaptive model to
a Boeing 747-200F. The model used, has a Boe-
ing 747-400 as base model but none of the ear-
lier versions of the Boeing 747 series was incorpo-
rated. As can be seen, the model catches the differ-
ing shape of the Boeing 747-200F. The fact that the
turned up nose and the shadow of the aircraft does
not mislead the model-fitting, clearly shows the ad-
vantages of combining data-driven linear models
with our robust estimation: The estimation step
workes well, even if parts of the object image fea-
tures are systematically corrupted. The fact that the
model is set up data-driven and elasticity is real-
ized in linear form, prevents the model from getting
stuck on wrong edge information and thus keep the
aircraft in a realiable shape. This is done without
incorporating mathematical constraints, since these
constraints are implicitly given by the base models
and linearity. Obviously, this restriction on elastic-
ity demands the set of base models to be choosen
carefully, such that all desired variations are realiz-
able.

Choosing appropriate base models is even more
important, if the observed objects are deformable:
When aircrafts are off ground, they are significally
deformed, e.g. by lift forces and turned out flaps,
which has to be taken into account, when the base
models are selected. In other words, tuning elastic-
ity in our case is done by choosing an appropriate
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set of base models. The next step towards aircraft
classification is to apply our approach to a large set
of images, in order to determine the error rate of the
model-fitting and to examine the estimated model
parameters concerning their separability.

Database: For the formation of our image
database, we digitized direct prints from the Hes-
sisches Landesvermessungsamt3 with a 1 : 13 000
scale. Digitization was done with a resolution of
2 500 dpi. Thus, the resolution of the digital im-
ages is approx. 0.13 meters per pixel. Our model
database is a set of models offered by Viewpoint
Digital Inc.4 and 3D ModelWorks 5, where each
model has less than 1 000 polygons.
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(c)(b)

(e)

(a)

(d) (f)

Figure 7: Results of model construction: (a) base model with original topology, (b) base model represented
by meta-topology, (c) detail of (b), (d) model in mean realization (θ̃ = o), (e) model reduced to 1 500
triangles in mean realization, and (f) errors due to undersampling.

Figure 8: Results of the application specific pose and shape estimation as explained in section 4 (silhouettes
given as blue contours). The result in the right image indicates, that the adaptive model used, has a lack of
elasticity concerning the length of the fuselage.

(a) (b)

Figure 9: Fitting an adaptive model to a Boeing 747-200F (silhouettes given as white contours): (a) result
of pose estimation, when model parameters are fixed to represent the base model Boeing 747-400 and (b)
result of shape estimation with starting parameters given by (a).
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