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Abstract

At present, the object categorisation literature is still
dominated by the use of individual class detectors. Detect-
ing multiple classes then implies the subsequent application
of multiple such detectors, but such an approach is not scal-
able towards high numbers of classes. This paper presents
an alternative strategy, where multiple classes are detected
in a combined way. This includes a decision tree approach,
where ternary rather than binary nodes are used, and where
nodes share features. This yields an efficient scheme, which
scales much better. The paper proposes a strategy where the
object samples are first distinguished from the background.
Then, in a second stage, the actual object class membership
of each sample is determined. The focus of the paper lies en-
tirely on the first stage, i.e. the distinction from background.
The tree approach for this step is compared against two al-
ternative strategies, one of them being the popular cascade
approach. While classification accuracy tends to be better
or comparable, the speed of the proposed method is system-
atically better. This advantage gets more outspoken as the
number of object classes increases.

1. Motivation

Detecting objects from many different classes in images
is still a challenging task. This is especially true if these
objects can appear against cluttered backgrounds. One is
confronted with the following main difficulties: a) the huge
number of locations and scales at which an object may ap-
pear, b) the usually wide but unknown variety of patterns in
the background, and c) the overall variability of the object
classes to be detected.

At present, the object categorisation literature is still
dominated by the use of individual class detectors, e.g. a
detector only for cars, another one for pedestrians, etc. De-
tecting multiple classes then implies the subsequent appli-
cation of multiple such detectors. This approach does not
scale well towards high numbers of classes.

Faced with these challenges, we propose a single
scheme, that detects several classes in an interwoven fash-
ion. It takes the form of a decision tree. Its computation
time goes up much less than linear with the number of
object classes to be detected. Before describing the con-
struction of such trees, it is useful to list some observations
which have motivated their design.

(O1) Unbalanced Datasets: Without prior knowledge,
object detection involves a brute-force search over the
whole image. A large number of windows have to be
checked for the presence of a target object. In practice, this
number is in the range of several thousands, whereas the
number of object instances is hardly ever more than a few
dozen. Hence, the overall processing cost is mostly deter-
mined by the cost of processing background patterns.

(O2) Richness of the Background Class: In addition
to the problem of unbalance, the background patterns may
consist of just “everything else which is not a target object”.
Hence, the background may include objects of classes clos-
est in appearance to the target classes. Also, the background
patterns will be far from clustered in any feature space. That
makes the separation of an object class from the background
harder than between target object classes.

(O3) Shared features: More often than not, real life ob-
ject classes show high variability among their instances and
lack unique discriminative features. Multiple classes may
share certain features, which nevertheless puts them apart
from many other classes without these features.

(O4) Overlapping distributions: Telling classes apart
is often made difficult by the overlap in their feature dis-
tributions. Basically, patterns can be split into subsets of
‘easy’ and ‘difficult’ patterns, see fig. 1. Moreover, what is
easy or difficult depends on the choice of features. A more
sophisticated classifier – using more intricate or higher
numbers of features – can make more correct decisions than
a simple one, at the expense of its higher computational
cost.

These observations have led us to several design deci-
sions. Given that classes often share features (O3) a deci-
sion tree approach stands to reason. It leads to the gradual
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Figure 1. Most patterns can be classified by
a simple classifier if a third, fuzzy region is
kept undecided.

subdivision of patterns into smaller sets of classes, based
on joint decisions at the nodes. Rather than using binary
decisions at the nodes of the tree, as is usually done, we
use ternary decisions. The inspiration comes from (O4).
Patterns are split into three subsets: two that correspond
to clearcut cases that should go one or the other direction
down the branches of the tree (i.e. the ‘easy’ patterns), and
a third route for the less outspoken cases (i.e. the ‘difficult’
patterns) for which decisions are postponed until analysed
further.

Another important decision we took is to split the detec-
tion of objects from multiple target classes into two stages.
The first aims at splitting off the background, so that it can
be discarded in the second phase, which tells the targetted
object classes apart. This special treatment of the back-
ground class is warranted by (O1) and (O2). In this paper,
we focus on the first stage exclusively, given the available
space. The paper proposes a strategy where the object sam-
ples are first divided into sets that facilitate their distinction
from the background.

It is useful to note that the first stage already delivers a
very useful tool. It will detect the presence of any of a series
of object types that are of interest. For instance, in a surveil-
lance application, it may be important to detect an intruder,
whether s/he is on foot, in a car, or driving a motorbike.
The important thing is to detect all such instances, not to
distinguish them, and then hand over to a human operator
to decide what to do.

2 Relation to the state-of-the-art

The approach presented here is based on the theory of de-
cision trees like CART/ID3/C4.5 [3, 7, 8], and integrates the
principle of cascade classifiers [12, 4], shared features [11]
and the design of hierarchical multi-class detectors [2, 1].
But we go beyond these important, original contributions.

Joint boosting [11] reduces the total number of features
needed for the detection of multiple classes in comparison
to separate, independently trained detectors. It relies on the
actual existence of shared features. However, all the fea-
tures are still calculated for all the classes. Our approach is
aimed at only calculating those needed for the handling of
a pattern. This parsimonious approach leads to higher effi-
ciency and robustness, given the curse of dimensionality.

In [2] a coarse-to-fine approach is described for multi-
class detection. They propose a recursive splitting of the
classes into mutually exclusive subsets. Yet, such a strictly
hierarchical scheme of ever finer partitions cannot be taken
for granted in general. More complex dependencies among
classes are to be expected. In our approach, we allow for
splits that let patterns of the same class follow different
branches.

We use Haar wavelets as features, extracted from fixed-
sized windows which are shifted over the entire image.
Feature selection accelerates the detection and also gives
a rough segmentation of the objects. This has been inspired
by successful earlier work [5, 12, 4]. For the classifiers at
the nodes we use Support Vector Machines [9].

3. Learning algorithm

3.1. Tree stumps as recursive atoms

We build our trees in a recursive fashion. The building
atom is the so-called ‘stump’, shown in fig. 2. It consists
of two layers. The first is the discriminator, which tries
to split the input classes into subsets of these. The second
layer consists of detectors, which try to tell apart their share
of the object patterns from their background patterns. As
can be seen in the figure, the discriminator makes a ternary
decision, with patterns being directed towards a left, middle,
and right branch. The left and right branch are where the
‘easy’ patterns of (O4) in section 1 are collected, and the
middle branch is the repository for the ‘difficult’ ones.

Detector
{0} <=> {1,2}

Discriminator
{1} <=> {3,4}

Detector
{0} <=> {2,3,4}

Detector
{0} <=> {1,2,3,4}

Full Class Set incl. Background: {0,1,2,3,4}

Figure 2. Stump: Simple decision tree atom
consisting of a discriminator and 3 detector
nodes.



The construction of the tree proceeds iteratively. After
deciding on the classes split by the discriminator, and the
features on which this split would have to be based, each of
the detectors are replaced by a new stump, to be designed
next. This process of subsequent detector expansion is il-
lustrated in fig. 3.

Detectors Replaced by
Training New Stumps
at their Place.

Discriminator

Detector

Figure 3. Tree growth by stump iteration.

This way, the tree has been grown to the full as soon as
no further expansions are carried out. The detectors remain-
ing at that point represent its leafs, and the discriminators
generated throughout the iteration procedure yield the other
nodes. In this paper, we develop three layers of stumps max-
imum (i.e. the maximum tree ‘depth’ is 3), after which the
iteration stops. Hence, the detectors of the 3rd generation
of stumps yield the leafs of the tree. Of the 1st and 2nd
generation stumps only the discriminators remain.

3.2. Tree growth

In order to build the tree, a greedy best-first search
method is used as in traditional tree learning algorithms.
That is, the tree is built top-down by training one stump at
a time. For each discriminator, to become a node in the fi-
nal tree, several candidate splits are evaluated and the best
one is inserted. The final nodes will recursively split up the
given class sets into smaller subsets, as usual. However, our
method differs from standard approaches in several ways:

• Our final goal is to optimize the detection speed by
splitting up class sets into smaller subsets that can
be better separated from the background. We do not
optimize some impurity measure (e.g. entropy as in
ID3 [7] and C4.5 [8]), but base our decision for the
best split candidate on the minimization of the mean
detection cost in terms of computation. In fact, we
look for a split-and-detect combination such that the
overall detection cost is reduced as much as possible.
More detail is found in section 3.4

• Instead of testing single features individually as in [11]
and choosing a threshold value, we use a feature selec-
tion technique to find the set of best features for a spe-
cific node. Using these, a SVM classifier is trained.

This allows much more accurate decisions than just
setting a threshold on a single feature.

• Instead of a single split we perform ternary splits in or-
der to be able to use very fast discriminators that only
achieve a rough separation because of their simplicity.
In fact, two thresholds are applied to the SVM output,
based on a conservative exclusion principle. They are
set so that the left branch excludes all classes belong-
ing to the discriminator’s class set on the right and vice
versa. The middle branch represents the “difficult” pat-
terns as mentioned before (see fig. 1), which need more
elaborate treatment.

To summarize the above we present the procedure for
training a single node as pseudocode in algorithm 1. We
use the notation ωk for a single class. The full set of classes
is Ω = {ωk|k ∈ [0,K]} where the classes 1..K refer to
object classes and ω0 is used for the background class. Si

denotes a set of classes which reaches node i and may be
any subset of the full set Si ⊂ Ω. At the beginning the set
of classes is inititalized to the full set S0 = Ω.

For each node a set of candidate splits is evaluated which
depends on the remaining classes at node i. Additionally, a
state vector is maintained to keep track of the splits that have
already been employed. For those particular split variants
we have to use a more expensive discriminator with more
features or eventually make a binary decision in order to
avoid that we get trapped into an infinite recursion.

Algorithm 1 Expand Detector
Given Classes: Si

if [Remaining Number of Examples Below Threshold]
or [Maximum Tree Depth Reached] then

- Return (Keeping Leaf Detector)
else

- Expand Detector into Stump
- Determine Candidate Splits for the Discriminator

(Sleft ⇔ Sright)
for all Candidate Splits do

- Train a Stump (Train Discriminator and the Three
Detectors, Selecting the Best Features at Each
Node)

- Evaluate Stump’s Cost
end for
- Choose Best Stump
- Update State of Processed Split Candidates
- Expand Left Detector (Classes Sn \ Sright)
- Expand Middle Detector (Classes Si)
- Expand Right Detector (Classes Sn \ Sleft)

end if



3.3. Variants of the splitting scheme

The proposed algorithm is in fact very flexible regarding
the types of trees it can produce. In every expansion we
have the possibility to choose any combination of two mu-
tually exclusive class subsets to be discriminated. Depend-
ing on the selected candidate, the resulting tree can take any
shape. Yet, the generation can be steered by imposing re-
strictions on the set of split candidates. In practice we are
even enforced to do so because the size of the candidate
set grows exponentially with the number of classes. So we
have to give additional rules about which classes to sepa-
rate. Needless to say, we would like to avoid ruling out the
formation of powerful trees. There are no clear guidelines
for this however, and we therefore test three variants in the
experimental section.

More specifically, our investigations concentrate on 3
families of split candidates. Variant A incorporates all pos-
sible splits of pairs of single classes (e.g. 2 ⇔ 5), with pat-
terns of other classes going either way. Variant B consists
of splits that involve all classes, inspired by the approach
in [1, 2]. For example, given 5 classes, possible splits would
be 1, 3 ⇔ 2, 4, 5 or 1, 2, 4 ⇔ 3, 5. We call them full splits in
the sequel. As the number of these candidates is immense,
we made a random selection of split options, and then for
each node chose the option with the lowest cost. Variant
C is a special case in the sense that it produces a standard
cascade classifier [12]. It exclusively uses “background-vs-
all” splits (e.g. 0 ⇔ 1, 2, 3, 4, 5 in the case of 5 classes),
varying only the number of features. These 3 variants are
investigated in section 4 in order to find out which is the best
strategy, in particular with respect to a growing number of
classes.

3.4. Split candidate evaluation

For the split candidate evaluation we focus on the mean
computation cost for the resulting stump. This cost depends
on that of the discriminator and the distribution of the pat-
terns over the detectors and their costs. Considering all pos-
sible patterns, there is a specific probability for each detec-
tor that it is reached. The mean cost is then the sum of the
products of probability pi and classifier cost cclassifieri

over
all nodes i:

cstump = cdiscriminator +
∑

detectors:i∈L,M,R

cdetectori
· pi .

(1)
The cost of any of these 4 classifiers (one discriminator plus
3 detectors) can in turn be approximated by the product of
the number of its features nf and the number of Support
Vectors nSV:

cclassifier = nf · nSV . (2)

3.5. Parameter choice for SVM training

SVM learning requires to choose a trade-off between
training error and margin. This is typically represented by a
scalar parameter C which multiplies the values of the slack
variables. Higher values of C fit the separating hyperplane
better to the training data. Lower values produce a smoother
surface but allow more false classifications. The difficulty
is to find a value which provides a good separation between
positives and negatives but does not overfit the data. This
is especially important as we want to set the thresholds to
the difficult patterns tight but conservative. We set C auto-
matically depending on the feature vectors x of the training
set, namely to the expected value of the inverse of the inner
product of them E[ 1

x∗x ]. This is the proposed default value
in the SVM implementation that we used [6]. We found
that it indeed yields a good compromise of accurracy and
smoothness of the separation plane.

4. Experiments

4.1. Setup

In order to investigate our approach, we performed a
number of experiments on a basic tree of depth 3. As men-
tioned in section 3.3 we have investigated different vari-
ants of the splitting scheme, namely pairwise splits (A), full
splits (B) and a detector cascade (C). The experiments in-
volved different configurations of classes in different con-
figurations.

The database used for the experiments is the “MIT-
CSAIL Database [10] of Objects and Scenes”. From this
we considered up to 10 classes, namely “carFrontal”, “car-
Side”, “keyboard”, “light”, “firehydrant”, “trashWhole”,
“mouse”, “mousepad”, “poster”, and “speaker”. These
classes contain a varying amount of patterns ranging from
70 to about 500. The background collection was produced
by random sampling of image frames from other scene im-
ages containing no instances of the object classes in ques-
tion. For the experiments we used a set of 16000 items
collected that way. Fig. 4 illustrates the contents of the
database at the example of one scene image, with the objects
to be detected marked as cutouts. It exhibits the complex-
ity of the problem with the cluttered background producing
an enormous and rich set of patterns to be evaluated. Also,
it shows a selection of further object samples. It is worth
to note the large intra-class variance of the object patterns,
which makes the detection task even harder.

The classifiers used are SVM classifiers with a 2nd de-
gree polynomial kernel. For the discrimination of class sets
we used 32 and 64 features. For the final detector nodes 512
features were used.
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Figure 4. Examples of the image database.

An extended set of Haar Wavelet features at scales 2,3,4
was used as basic feature set. It consists of 1425 features
in total. In order to reduce the number of features involved
we applied two different feature selection techniques. For
the discriminators with 32 and 64 features we employed
an AdaBoost based technique. For the detection with 512
features we followed an SVM gradient based approach [4].
The choice of two different methods was made because the
latter delivers a good overview of all features that are dis-
criminative, but it does not take into account possible redun-
dancies with other features. AdaBoost in contrast explicitly
focuses on complementary features and gives much better
results for small feature sets.

In order to set thresholds on the SVM output of the dis-
criminators, we applied the following method. First, from
the given distribution of a class set (left/right), a point is
determined such that a high percentage of the objects are
classified correctly. Then a safety margin is added based on
the standard deviation σ of the distribution. This procedure
has been chosen to increase the robustness against outliers
in the distribution. Just setting the threshold to the exact
border often produces overly optimistic or pessimistic val-
ues. The actual parameters were empirically determined as
99% for the ratio and 0.75σ for the size of the margin.

4.2. Results

Fig. 5 shows the evaluation cost for all tree variants and
for different sizes of class sets ranging from 2 to 10. It in-
cludes the ratio of the cost between variant C and A. The
outcomes indicate that in the case of 2 and 3 classes the
cost is quite similar for all variants. Furthermore, for an
increasing number of classes the cost increases for all vari-
ants, which is to be expected. But an important aspect is
that this increase behaves differently for the individual vari-
ants. For variants B and C the increase is much larger than

for variant A. Finally, with 10 classes, the cost for variant
C has grown to about 4 times the cost of variant A. This is
also expressed by the ratio curve which shows a decreasing
tendency.
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Figure 5. Development of the cost for differ-
ent tree variants as a function of the num-
ber of classes. A: Single Pair Splits, B: Full
Splits, C: Cascade.

An explanation for this outcome is found by investigat-
ing the distribution on the first tree node (see fig. 6). It
shows that for 3 classes, the cascade is able to drop about
one 3rd of the background. But for an increasing number of
classes this ratio constantly gets smaller. For 10 classes it
has already decreased to only 4%. Or stated the other way
around: About 96% of all cases are still in the processing
pipeline and have to be sent through further – more expen-
sive – classifiers.

A similar behavior applies to variant B. In the case of
3 classes, the discriminator delivers a reliable decision for
about 40% of all cases1. For the remaining 60%, we still
have to take into account all possible hypotheses. With an
increasing number of classes, the amount of difficult cases
increases to about 90% for 10 classes.

For variant A, we typically observe a partitioning of the
patterns among the branches. Usually there are not more
than two 3rd concentrated in one branch. Clearly, the gain
of information is relatively low for a single class pair split
– especially when having many classes in total. But in ad-
dition to splitting two object classes it also partitions the
background set. And that in turn is important because it
is easier to detect objects from only a subset instead of all
possible background items. As the results show, that effect
plays a crucial role.

1Note that the test against background still has to be carried out. But
as there is only a subset of classes to be considered and a subset of all
background patterns we can expect a lower cost for this task.
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Figure 6. Distribution to subsequent
branches at the first split for different
tree variants and numbers of classes.

It is important to note that Variants A and B have the
important advantage over Variant C that they already subdi-
vide patterns into smaller sets of classes, so that subsequent
recognition of the separate classes has already progressed
to a good extent.

Of course, it is not only the total cost which is impor-
tant for a classifier, but also it’s accurracy. We investigated
this aspect by producing ROC curves which provide an
overview of the possible detection and false positive rates.
Fig. 7 shows a comparison for a selection of different set-
tings. The plot shows, that the ROC curves are typically
very close to each other for a specific setting and therefore
the accuracy is in a comparable range.
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Figure 7. Detection performance in terms of
ROC curves for different tree variants and
numbers of classes.

5. Conclusion

We have presented a novel algorithm for growing a de-
cision tree focusing on the fast subdivision of a given set
classes into subsets that are distinguished jointly from the
background. The algorithm optimizes the overall cost of
the detector. We have investigated 3 different variants of
the algorithm. For the resulting decision trees, cost and de-
tection rates have been determined in order to find the best
strategy in view of a growing number of classes. We have
found that using pairwise splits provides the best results as
the cost increase is much lower than for the other variants
and the detection rates will be comparable.

Further work includes the development of smarter meth-
ods for class splits at the nodes and the introduction of vari-
able tree depths.
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