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Introduction
Model-based methods consist of three main components:
1) The model, whose possible configurations in the im-
age are described by a parameter vector. 2) The objec-
tive function (OF), which describes how well a model
with certain parameters describes an image. 3) The fit-
ting algorithm, which searches for model parameters
that best match the image, i.e. the minimum (or maxi-
mum) of the objective function.

Fitting algorithms have been the subject of intensive re-
search and evaluation. In contrast, the OF is usually de-
termined ad hoc and heuristically, using the designer’s
intuitions. This is tedious and error-prone.

We consider curve models in which the OF is usually
defined to be a sum of local objective functions that are
evaluated at curve points. Here, a common local OF con-
siders the magnitude of the image edges that overlap the
curve model [?]. Below, Graph d) illustrates its disad-
vantages: it has many local minima, and the global min-
imum does not correspond with best model fit.

Above, graph e) depicts a much better so-called optimal
OF, with no local extrema, and a global minimum at the
best fit. How can such a function be obtained?

Solution Idea: Our novel approach automatically
learns the objective function from examples gener-
ated by an optimal objective function. Since an op-
timal OF is approximated, the learnt OF will also be
(near) optimal.

Procedure Overview
The flowchart below depicts the procedure for learning
objective functions. Many steps are automated and the
remaining manual steps are easier and less error-prone.

Step 1. Annotate Images
Images are manually annotated with preferred model pa-
rameters, which are taken to be the best fit. In these ex-
amples, the optimal OF therefore returns the minimum
(zero) for each curve point (figure below, centre row).

Step 2. Generate Further Examples
The value of the optimal OF is also computed for cases
where the curve point deviates from the annotated loca-
tion. These deviations are along the curve’s perpendicu-
lar (figure below, upper and lower row).

Step 3. Specify Features
Haar-like features of varying shape
and size are used, located on cir-
cles around the curve point. Two of
them are shown in the figure to the
right. They move along with the de-
viated curve point.

Step 4. Generate Training
Data
Applying the feature mapping to all
images and deviations yields a list
of feature values, one for each Haar
feature. Each list also contains the
value computed by the optimal ob-
jective function.

Step 5. Learn Function
The mapping from Haar-like fea-
ture values to the value returned by
the optimal OF is learnt by model
trees [?], for each curve point sepa-
rately. An advantage of model trees
is that they tend to use only relevant
features.

Evaluation
The graphs below visualise the value returned by differ-
ent OFs by varying the x and y parameters of a curve
model in an example image. The learnt OF approximates
the optimal OF well.

Averaged over 700 test images, the learnt OF has four
times less local minima, and the annotated model pa-

rameters represent the minimum three times as often, as
compared to the edge-based OF.

In a further experiment, a face model was fitted to 700
annotated images using both the designed and learnt
OF. The mean distance between preferred and fitted
curve points is 30.1 (edge-based) and 7.8 (learnt) pixels.
This demonstrates that learnt OFs facilitate more precise
model fitting.

Conclusion
The benefits of this novel approach are:
1. Annotating images is easier and less error-prone than

explicitly specifying the objective function manually,
and does not require expert knowledge (Step 1).

2. The relevant features are automatically selected from
many, based on objective measures (Step 5). Speci-
fying a plethora of features requires less contempla-
tion than manually choosing relevant ones (Step 3).

3. Optimal OFs have no local extrema and a minimum
that corresponds with the best fit. If training data
is generated with an optimal OF (Step 2), the learnt
function will also be near optimal (Evaluation).

4. Learnt OFs are more accurate, because the mini-
mum corresponds with the best model fit more often
(Evaluation).

5. Learnt OFs are easier to optimise, because they have
less local minima. This enables fitting algorithms to
achieve better results (Evaluation).

Summarising: The difficult error-prone decisions are
automated and the manual steps are simplified. The
resulting objective function is more accurate and eas-
ier to optimise.
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