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Abstract. Generalized Hough Transform-based methods have been suc-
cessfully applied to object detection. Such methods have the following
disadvantages: (i) manual labeling of training data ; (ii) the off-line con-
struction of codebook. To overcome these limitations, we propose an un-
supervised moving object detection algorithm with on-line Generalized
Hough Transform. Our contributions are two-fold: (i) an unsupervised
training data selection algorithm based on Multiple Instance Learning
(MIL); (ii) an on-line Extremely Randomized Trees construction algo-
rithm for on-line codebook adaptation. We evaluate the proposed al-
gorithm on three video datasets. The experimental results show that
the proposed algorithm achieves comparable performance to the super-
vised detection method with manual labeling. They also show that the
proposed algorithm outperforms the previously proposed unsupervised
learning algorithm.

1 Introduction

The detection of moving objects in videos, especially pedestrians or vehicles,
is an important task in many vision applications, such as video compression,
video surveillance, and content-based video retrieval. Numerous approaches have
been proposed in the literature for object detection. Currently the predominant
approach for object detection is the sliding window approach [1], [2], in which a
learned classifier examines the image features over locations and scales to predict
the presence of objects in subwindows. Though it has been demonstrated effective
in many cases, it can be easily affected by background clutters and occlusions.
To cope with the occlusion problem, part-based approaches [3], [4] which model
objects as collections of parts are proposed.

The Generalized Hough Transform based methods [5], [6] can be categorized
as part-based approaches. Each of them requires a class-specific codebook to
cast probabilistic votes for object hypotheses. The codebook can be generated
using generative clustering methods [5], and discriminative clustering methods
[6]. Each cluster centroid corresponds to one codebook instance. At runtime,
feature descriptors from the testing data are matched against the codebook
instances, and valid matches then cast probabilistic votes for object hypotheses.
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The additive nature of Generalized Hough Transform makes the detector robust
to partial occlusions. However, these methods have the following disadvantages:
(i) manual labeling of training data is required for the codebook construction;
(ii) the codebook is constructed in an off-line manner, which cannot adapt to
new data after the construction ends.

Several approaches have been proposed to tackle the problem of manual label-
ing of training data. The idea of co-training is proposed to incrementally generate
a large amount of labeled data automatically from a small manually labeled set [7].
Given a small hand labeled set, a pair of classifiers are trained on two independent
“views” of the data [7]. Co-training then generates the additional training data
from the unlabeled data, by using each classifier’s prediction to enlarge the other
classifier’s training set [8]. Alternatively, Wu et al. uses a small labeled training set
to train an automatic labeler, which is then used to collect the training samples for
the on-line boosting in [9]. Both approaches require hand labeled sets for initializa-
tion. To overcome the limitation of hand labeling, the idea of automatic labeling
is proposed. Nair et al employs the motion based object detector as the labeler
in [10]. However, motion based object detector is not robust, and can be affected
by shadows, reflections and illumination changes. To improve such labeler, Roth et
al. uses the PCA-based reconstructive model [11], to verify the motion detection
results. As for the codebook construction for the Generalized Hough Transform,
tree-based codebooks have become popular recently. The Extremely Randomized
Trees [6], and the Random Forests [12] have been demonstrated to improve the
performance of the Generalized Hough Transform. Such trees are usually learned
offline, however Saffari et al. recently propose an on-line algorithm to enable the
on-line learning of Random Forests [13].

In this paper, we propose an unsupervised moving object detection algorithm,
with on-line Generalized Hough Transform. Our contributions are two-fold: (i)
an unsupervised on-line training data selection algorithm based on Multiple In-
stance Learning (MIL); (ii) an on-line Extremely Randomized Trees construction
algorithm for on-line codebook adaptation. The most related algorithm to our
automatic training data selection algorithm is the co-training algorithm [7], and
also the conservative learning algorithm [11]. Unlike the co-training algorithm,
our algorithm does not require any hand labeling. In the conservative learning
algorithm, a reconstructive model is employed to verify the motion detection re-
sults. Only the sufficiently consistent motion detections would be used to build
the reconstructive model, and hence it might result in a biased training set. In
contrast, our algorithm employs an instance selection scheme to produce a train-
ing set with less selection bias. For our proposed on-line Extremely Randomized
Trees algorithm, the most related work is the on-line Random Forest algorithm
by Saffari et al. in [13]. Different from the on-line Random Forest, our on-line
Extremely Randomized Trees do not require the bootstrapping, and hence it is
more computationally efficient.

The rest of the paper is organized as follows: the proposed work is described in
Section 2, followed by the experimental results in Section 3. Our final conclusions
are presented in Section 4.
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2 Proposed Work

In this section, we present our unsupervised moving object detection algorithm
with on-line Generalized Hough Transform. We design our automatic labeler
based on Multiple Instance Learning for training sample selection. Given a set
of noisy detection results from the background subtraction, the automatic labeler
selects training samples automatically and unbiasedly. The on-line learning al-
gorithm then uses the selected samples for codebook adaptation.

2.1 Automatic On-line Instance Selection

We present our automatic labeler design in this section. An automatic labeler
is actually an object detector, which selects sub-windows that contain objects.
Generally speaking, there are two issues in the design of a labeler for object de-
tection. One issue is the labeler’s error, which can be categorized as the alignment
error and the labeling error. An alignment error occurs when the sub-window se-
lected by the labeler contains an object with inaccurate size of positions, whereas
a labeling error occurs when the selected sub-window contains no object. The
other issue is the labeler’s bias. The labeler should not introduce any bias into
the produced training data, otherwise it may mislead the detector. For instance,
if the labeler systematically fails to collect some certain type of training sample,
the detector would not be able to recognize the corresponding object. We will
show how our design can cope with these two issues.

We begin our design with background subtraction. Given a video, background
subtraction generates a set of foreground blobs, which comprise the training sam-
ples for selection. Since background subtraction is not robust against environ-
mental factors, alignment and labeling error might occur. To handle the errors,
we introduce the Multiple Instance Learning (MIL) to our labeler design. In MIL,
the training data comes in the form of “bags”, where all the instances in one bag
share a label. A positive bag means it contains at least one positive instance,
whereas a negative bag means all the instances are negative. The advantage of
MIL is that, it can handle both the ambiguity and noises in the instance labeling.
In our problem, each foreground blob corresponds to a positive bag. Given one
foreground blob, in order to locate the possible locations of individual persons,
a smoothed histogram of foreground heights over the x-axis is computed. We as-
sume that the tops of objects correspond to the peaks of the histogram. After the
peaks are located, we crop the corresponding instances using bounding boxes.
Figure 1a depicts the image frame, and Figure 1b demonstrates the detected
foreground blob and its bag formulation. In Figure 1b, the blue rectangle is the
foreground blob, while the red rectangles correspond to the instances inside the
bag. As shown in Figure 1b, the foreground blobs contains two pedestrians, but
there are more than two instances found in the corresponding bag due to the
noisy motion detection result.

To deal with the noisy detection, we propose to use the following scheme to
select instances from all the bags. Let B = {B+

1 , B+
2 , ..., B+

n } be the set of all
positive bags. The goal of the selection is to select the instance Bgh that has
high confidence Conf(Bgh), which is defined in the follows:
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(a) (b)

Fig. 1. The formation of a positive bag. (a) The image frame. (b) The detected fore-
ground and its bag formulation. The blue rectangle is the foreground blob, while the
red rectangles correspond to the instances inside the corresponding bag. This figure is
best viewed in color mode.

Conf(Bgh) =
∏

k

Pr(Bgh|B+
k ), 1 ≤ k ≤ n, k �= g, (1)

where Pr(Bgh|B+
k ) is estimated based on the Noisy-OR model [14]:

Pr(Bgh|B+
k ) ∝ {1−

∏

j

[1− Pr(Bgh|B+
kj)]}. (2)

We can design different estimations for Pr(Bgh|B+
kj) based on different data.

For the task of object detection, we intend to evaluate the similarity between
two object blob silhouettes, and Pr(Bgh|B+

kj) is estimated as Pr(Bgh|B+
kj) ∝

exp{−D(Bgh, B+
kj)}, where D(Bgh, B+

kj) measures the distance between the sil-
houettes Bgh and B+

kj . In this paper, we design the distance based on distance
transform. To make sure our method is as general as possible, only positive bags
are required for the computation of the evidence. In the situations when the neg-
ative bags are also available, we can use the Evidence Confidence metric proposed
in [15].

The aforementioned instance selection scheme is a batch process. To enable
the on-line selection, we propose an on-line algorithm for the above selection
algorithm. We choose to realize the on-line learning by selecting the instances
from every R frames, where R is a pre-defined value to determine the size of the
interval. The proposed on-line learning algorithm is presented in Algorithm 1.

2.2 On-line Extremely Randomized Trees

Given a set of selected instances, we attach shape context descriptors to the sam-
pled points from the corresponding silhouettes. The obtained descriptors are used
to construct a codebook of shapes for object silhouettes. The codebooks for the
Generalized Hough Transform are usually generated using unsupervised k-means
clustering [5], [16]. We call them generative codebooks as there is no discrimina-
tion involved. Recently discriminative codebook generation methods are proposed
[12], [6]. The generated codebooks are considered as discriminative codebooks as
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Algorithm 1. Automatic On-line Instance Selection

INPUTS:
Ft - The extracted foreground from frame t to frame t + R, where R is a
pre-defined value
K - The number of instances to select from all the instances
OUTPUTS:
A set of instances Bij for training the randomized trees

1: Form the positive bags B = {B+
1 , B+

2 , ..., B+
n } based on Ft

2: Compute the confidence for all the instances Bij

3: Select the top K instances Bij with the highest confidence

they are trained in a supervised way. The supervision enables the codebook entries
to cast more reliable probabilistic votes. In [12], a Random Hough Forest is con-
structed using both positive and negative image patches, with an objective func-
tion that measures the class and offset uncertainty. On the other hand, a set of
Extremely Randomized Trees are constructed in [6], and the trees are grown using
an objective function that combines the discrimination and regression. The dis-
criminative codebooks are shown to outperform the generative codebook in the
experiments. As a result, we use the discriminative codebook in our paper.

We choose the Extremely Randomized Tress [17] as our discriminative code-
book. The randomized trees algorithm [17] constructs an ensemble of decision
or regression trees. And each tree is grown by splitting each node into two child
nodes, using the random split that achieves the best decision or regression perfor-
mance based on the whole training set. The randomized trees algorithm is firstly
proposed for classification, and Okada employs it as the codebook for the Hough
voting [6]. Each primitive image feature passes through each randomized tree
until it reaches one of the leaf node. The leaf node contains information about
the discrimination of the image feature(whether it belongs to an object or not),
and possible object locations are collected during the training. The response of
one image feature is an ensemble of the responses from all the trees. Using the
responses, each feature can cast probabilistic votes for object hypotheses. The
randomized tree construction algorithms in [17], [6] are all based on the whole
training set. It is not appropriate to use them under our problem settings, as we
want to be able to update the trees in an on-line fashion. Inspired by the on-line
random forest algorithm in [13], we propose an on-line learning algorithm for
constructing the randomized trees here. It is noted that the randomized trees
are different from random forests as there is no bootstrapping involved in the
randomized trees [17].

We build each randomized tree as a decision tree, which contains the decision
nodes and the leaf nodes. Unlike the leaf node, each decision node retains no
object location but only a split condition s = {fd, θd}, where fd and θd are
a randomly chosen attribute from the image feature vector, and its threshold
respectively. The split s is the best split chosen from a set of random splits
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S = {s1, s2, ..., sN} based on some quality measure. In our paper, the information
gain is chosen as the quality measure. Denote M as the set of image features
in the current node. Let ML and MR be the images features in the left child
node and right child node respectively, according to the split s. The information
gain of split s is IGs(M) = |ML|

|M| E(ML) + |MR|
|M| E(MR)−E(M), where E(M) =

−∑C
i=1 pi log(pi) is the entropy for C classes.

When in off-line mode, all the data is available, and therefore a robust estimate
can be made at each decision node. In the on-line mode, however, the data is
gathered over time, and hence, when to split depends on the following factors: i)
whether there is enough data for the robust estimate of statistics; ii) whether the
split is good enough in terms of the quality measure. Based on the these factors,
two hyper-parameters are introduced for the on-line learning of a random tree:
i) the minimum number of training data (i.e., shape context descriptors) γ to
gather before making a split; ii) the minimum information gain δ for a node to
split. And therefore, a node can be split into two child nodes only if |M | > γ
and ∃s ∈ S, IGs(M) > δ. The values of γ and δ are set in a similarly way to
method mentioned in [13].

The on-line learning algorithm for the randomized trees construction is pre-
sented in Algorithm 2. The input to algorithm is either a positive or negative
training sample 〈 x, y 〉, which contains a feature descriptor x and its label
y ∈ {1, 0}. In this paper we use the shape context as the feature descriptor.
The positive feature descriptors describe the sampled points from the selected
instance Bij from Algorithm 1, whereas the negative descriptors describe the

Algorithm 2. On-line Extremely Randomized Trees

INPUTS:
〈 x, y 〉 - a training sample from a sampled keypoint
γ - The minimum number of training data to gather before making a split
δ - The minimum information gain for a node to split
T={t1, t2, ..., tn} - A set of Extremely Randomized Trees
OUTPUTS:
T ′={t′1, t′2, ..., t′n} - The updated Extremely Randomized Trees

1: for Each Extremely Randomized Tree ti do
2: lj ← locateLeaf(x, ti)
3: lj ← appendData( lj , 〈x, y〉)
4: if |lj | > γ then
5: S ← createSplts( lj)
6: if ∃s ∈ S, IGs(lj) > δ then
7: createLeftChild( lj , s)
8: createRightChild( lj , s)
9: end if

10: end if
11: end for
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sample points from the background edges. Positive samples also retain the off-
sets to the centroids of an object, so that the constructed randomized tree can
be used for probabilistic voting, which is detailed in Section 2.3. When updat-
ing a tree, a training sample firstly passes each randomized tree until it reaches
the leaf node. After appending the new feature to the leaf node, we calculate
whether it is necessary to split the current leaf. In the case of a split, the data
retained in the old leaf node will be propagated to its child nodes, and the old
leaf node becomes a decision node.

2.3 Object Detection

We begin the moving object detection with identifying moving edges between
adjacent frames. We apply Canny edge detection [18] to obtain the edge map
for each frame. Moving edges are then extracted by comparing edges between
adjacent frames. We then sample keypoints from the moving edges, and attach
shape context descriptor to each sampled keypoints. Let F = {f1, f2, ...fn} be
the shape context descriptors obtained from the current frame, F will be then
fed into the randomized trees T = {t1, t2, ..., tn} to cast probabilistic votes for
an object o and its location x. The probabilistic vote p(o, x|fi, T ) from feature
fi can be decomposed as p(o|fi, T )p(x|o, fi, T ). The first term p(o|fi, T ) is a
probabilistic output from the ensemble of trees. Denote Mfi,tj as the set of
training features belong to the leaf node to which fi reaches in tree tj . Let
the number of training features in Mfi,tj be Nfi,tj = |Mfi,tj |, and that of the
positive features be Np

fi,tj
= |Mp

fi,tj
|. The purity of the leaf node can be defined

as γfi,tj =
Np

fi,tj

Nfi,tj
. We only consider the trees with leaf nodes whose purity is

higher than a predefined threshold. Assume the number of such trees to be
No

fi
, and p(o|fi, T ) is defined as p(o|fi, T ) =

No
fi

NT
, where NT is the number of

randomized trees.

Algorithm 3. Moving Object Detection with On-line Generalized Hough Transform

AUTOMATIC LABELING AND ON-LINE LEARNING

for every R frames do
Perform background subtraction, and group foreground pixels into blobs
Use the Algorithm 1 to select instances from the foreground blobs
Attach descriptors to sample edge points from instances and background
Use the descriptors to update the randomized trees based on Algorithm 2

end for

ON-LINE MOVING OBJECT DETECTION

for Each frame do
Identify moving edges
Attach descriptors to the sample edge points from the moving edges
Use the randomized trees to cast probabilistic votes based on the descriptors

end for
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The second term p(x|o, fi, T ) describes the distribution of possible object
centroid location in regard to fi supposing fi being part of the object. The
distribution is estimated using a non-parametric density estimation using all the
trees:

p(x|o, fi, T ) ∝
NT∑

j=1

{γfi,tj

∑

k∈M
p
fi,tj

K(
x− xp

k(fi)

b(xp
k)

)}, (3)

where K(.) is a window function, b(.) is its bandwidth, and xp
k(fi) corresponds

to the object centroid location relative to the feature fi based on the positive
training feature xp

k.
The complete unsupervised moving object detection algorithm is summarized

in Algorithm 3. The proposed algorithm updates the randomized trees using the
collected training samples from every R frames, and then the updated trees are
used to cast probabilistic votes for object hypotheses based on the moving edge
detection results.

3 Experiments

Experimental Setup. We evaluate the performance of the proposed framework
on moving object detection using three video datasets. The first two of them,
including the PETS2006 benchmark set1 and the i-LIDS dataset2, are indoor
video surveillance on pedestrian activities. The third dataset contains outdoor
traffic surveillance video captured in a highway during daytime.

Evaluation Metric. We follow the evaluation criteria employed in [5] that
covers three categories, and they are relative distance, cover, and overlap. The
relative distance measures the distance between the center of a bounding box
and that of the ground truth. The cover and overlap measure how much area of
the ground truth bounding box is covered by the detection hypothesis, and vice
versa. A hypothesis is classified as a true positive if the relative distance ≤ 0.5
and both cover and overlap are above 50%.

3.1 The PETS2006 Dataset

We evaluate the two components of the proposed framework using the PETS2006
dataset. We extract four sequences from the dataset, and use one sequence for
training, and the rest three for testing. The number of moving objects in the
testing sequences are 842, 312 and 413 respectively.

The Automatic On-line Instance Selection. To evaluate our automatic
labeler, we collect two training sets from the training sequence using manual se-
lection and the proposed labeler respectively. We then use them to train two sets
of batch Extremely Randomized Trees [6] respectively. The obtained random-
ized trees are tested on the testing sequences based on the detection algorithm

1 http://www.cvg.rdg.ac.uk/PETS2006/data.html
2 http://www.elec.qmul.ac.uk/staffinfo/andrea/avss2007.html
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detailed on Section 2.3. The precision recall curves of both sets of trees are de-
picted in Figure 2a. As shown in the figure, the randomized trees trained on the
automatic labeled set achieve comparable performance with the trees trained on
the hand labeled set. It is noted that, the former even outperforms the latter on
the third testing sequence. This might be due to the selection bias of the manual
labeling. Sample detection results can be found in Figure 3.

The On-line Extremely Randomized Trees. We compare the proposed on-
line learning algorithm for the randomized trees with the corresponding batch
learning algorithm [6]. Given the same training set, we construct two sets of
randomized trees using the on-line and batch learning algorithm respectively.
These two sets of randomized trees are then tested on the testing sequences.
Figure 2b depicts the precision recall curves of both sets of randomized trees on
the testing sequences. It can be seen from the curves that, the on-line learning
algorithm reaches comparable or even better precision than the batch learning
algorithm at the same recall value. These indicate that the proposed on-line
learning algorithm for the randomized trees adapts to the incoming data better
than the batch learning algorithm.
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Fig. 2. The precision recall curves on the PETS2006 dataset: (a) the curves correspond
to manual and automatic labeling, (b) the curves correspond to batch and on-line
learning

3.2 The i-LIDS Dataset

As our second experiment, we compare the proposed algorithm with the un-
supervised on-line conservative learning algorithm in [11]. The labelers of both
algorithms are based on the simple background subtraction results from the
training video. In [11], a reconstructive model based on appearance and shape
is employed to verify the foreground blobs. In this experiment, only the shape



154 J. Xu et al.

(a) Sequence 1 (b) Sequence 2 (c) Sequence 3

Fig. 3. Sample detection results of randomized trees based on manual and automatic
labeling. For each pair of results, the manual labeling-based detection is shown on the
left, and the automatic labeling-based detection is shown on the right.

information is used for a fair comparison of both frameworks. The conservative
labeler only considers the foreground blobs whose aspect ratio are within the
predefined limits. For instance, Figure 1 depicts one frame in the training set,
and also the corresponding foreground blob. The aspect ratio of the blob exceeds
the predefined limit, and hence is not considered by the conservative learning.
The conservative learning algorithm might fail to capture the multi-modal na-
ture of the data due to its conservativeness. On the other hand, our proposed
labeler does not have such requirement, and also accepts this blob for instance
selection. As a result, the proposed algorithm would have less selection bias. For
the object detection, we use the proposed on-line randomized trees for object
detector for both algorithms.

We extract three sequences from the i-LIDS dataset, and each of them con-
tains 250, 202, and 262 objects respectively. We compare both algorithms on
these sequences, and their performances are shown in the precision recall Curves
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Fig. 4. The performance of the proposed algorithm and the conservative learning
algorithm on the i-LIDS dataset

(a) Sequence 1 (b) Sequence 2 (c) Sequence 3

Fig. 5. Sample detection results on the i-LIDS dataset. For each pair of results, the
detection obtained by the proposed algorithm is shown in the left, and that obtained
by the conservative learning is shown on the right.
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in Figure 4. It can been observed from the figure that, the proposed algorithm
outperforms the conservative learning framework. Our framework reaches higher
precision in all testing sequences. This indicates that the proposed framework
captures the multi-modal nature of pedestrian silhouettes better than the con-
servative framework. Sample detection results can be found in Figure 7.

3.3 The Traffic Dataset

As our last experiment, we compare the proposed algorithm with the unsu-
pervised on-line conservative learning algorithm in [11] for vehicle detection.
Similarly, only shape information is used here, and we also use the on-line ran-
domized trees for object detection. The performance of both learning algorithms
are shown in Figure 6. It is seen in the figure that, the proposed algorithm
slightly outperforms the conservative learning algorithm. This result indicates
that the silhouettes of the vehicles might follow a unimodal distribution, since
most vehicles in the videos are vans and trucks. Sample detection results can be
found in Figure 7.
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Fig. 6. The performance of the proposed algorithm and the conservative learning
algorithm on the traffic set

(a) Sequence 1 (b) Sequence 2 (c) Sequence 3

Fig. 7. Sample detection results on the traffic dataset. For each pair of results, the
detection made by the proposed algorithm is shown in the left, and that made by the
conservative learning algorithm is shown on the right.

4 Conclusions

We have presented a novel algorithm for on-line unsupervised learning of object
detection system. The basic idea is to start with a simple motion detection
system, and then select the optimal foreground blobs based on the Multiple
Instance Learning. Subsequently the selected blobs are used to construct a set
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of Extremely Randomized Trees in an on-line manner. We have evaluated the
algorithm on three video datasets. The experimental results demonstrate that
our algorithm outperforms the on-line conservative learning algorithm.
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