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Abstract

Variations of the Implicit Shape Models (ISM) have been extensively used for part-
based object detection. Such methods model the information object parts provide about
the location of the center and the size of the object in question. Recent object detection
techniques employ the generalized Hough transform using random forests, constructing
the trees using existing generic criteria for this purpose. In this work, we propose a
discriminative criterion for the tree construction, that aims explicitly at maximizing the
response at the true object locations in the Hough space while suppressing it at all other
locations. To do so, we exploit the knowledge of the object locations in the training im-
ages. During training, the Hough images are computed at each node for every training
image using the votes from the corresponding training patches. This enables us to uti-
lize a new criterion that discriminates the object locations from the background in the
actual Hough space in comparison to the methods that employ classical tree construction
criteria. The proposed algorithm results in Hough images with high responses at the ob-
ject locations and fewer false positives. We present results on several publicly available
datasets to demonstrate the effectiveness of the algorithm.

1 Introduction
Numerous approaches have been used for object detection in recent years. Among these, the
Implicit Shape Model (ISM) introduced by Leibe [10, 11] forms the basis for many object
detection algorithms that use a part-based approach. During training, the ISM learns a model
of the spatial occurrence distributions of local patches with respect to anchor points, such as
the object center. During testing, this learned model is used to cast probabilistic votes to the
location of the center of the object based on the generalized Hough transform technique [5].
Many approaches that use ISM have been proposed [1, 3, 7, 13]. In [3], global shape cues
are combined with the local shape cues for pedestrian detection. In [1], boundary fragments
are used instead of the appearance of the patches. Malik et al. [13] proposed a method that
computes weights for the ISM using a max-margin transform. The ISM codebook in [10, 11]
is built in an unsupervised way using clustering algorithms. A drawback of such methods is
that, matching the patches with the codewords during testing is computationally expensive
due to the large number of codewords. To overcome this, Gall et al. [7] proposed a Hough
forest approach for object detection that employs a tree based approach to learn the patches in

© 2010. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.

Citation
Citation
{Leibe and Schiele} 2003

Citation
Citation
{Leibe, Leonardis, and Schiele} 2004

Citation
Citation
{D.H.Ballard} 1981

Citation
Citation
{A.protect unhbox voidb@x penalty @M  {}Opelt and Zisserman} 2006

Citation
Citation
{B.protect unhbox voidb@x penalty @M  {}Leibe and Schiele} 2005

Citation
Citation
{Gall and Lempitsky} 2009

Citation
Citation
{Maji and Malik} 2009

Citation
Citation
{B.protect unhbox voidb@x penalty @M  {}Leibe and Schiele} 2005

Citation
Citation
{A.protect unhbox voidb@x penalty @M  {}Opelt and Zisserman} 2006

Citation
Citation
{Maji and Malik} 2009

Citation
Citation
{Leibe and Schiele} 2003

Citation
Citation
{Leibe, Leonardis, and Schiele} 2004

Citation
Citation
{Gall and Lempitsky} 2009



2 VIJAY KUMAR B G, IOANNIS PATRAS:

a supervised manner. In addition, the computational complexity of matching a patch against
a tree is logarithmic to the number of leaves, something that make the approach efficient at
runtime.

Random forests introduced by Breiman [9] constitute one of the most popular tree based
clustering algorithms known for its simplicity, speed and performance. Random forests use
an ensemble of trees for classification and regression tasks. Their computational efficiency
was demonstrated by Lepetit et al. [12] who used them for realtime keypoint recognition.
Moosman et al. [14] used extremely randomized trees for building fast discriminative visual
codebooks. Schroff et al. [15] carried-out segmentation using random forest classifiers.

The Random forests algorithms described above are used primarily for classification
problems where the class labels are used for supervised construction of trees and the class
information is stored at the leaves of the trees. Gall et al. [7] used Random forests for object
detection where the class as well as the spatial information of the patches are learned in a
supervised manner. The leaves of the trees form a discriminative codebook and store the
spatial information along with the class information. This spatial information encodes the
location of the center of the object and is used to cast probabilistic Hough votes to the center
of the object. Fanelli et al. [6] followed a similar Hough forest approach for the localization
of the mouth in facial images. In [6, 7], the tree construction process attempts to minimize
the class label uncertainty and offset (spatial information) uncertainty towards the leaves. To
achieve this, several random tests are performed at each node and the best test that minimizes
the offset uncertainty or class label uncertainty is chosen. The class label uncertainty at
a node is measured by the entropy of class labels in a node and the offset uncertainty is
measured by the distribution of the offsets. Hence, the offset uncertainty measure does not
consider the resulting Hough voting space to evaluate tests.

In this paper, we propose an offset uncertainty measure that is defined on the Hough
images of the training set. This is in contrast to the Hough forest algorithms in [6, 7] that use
a classical regression tree measure, namely the RSS (Residual Sum of Squares) on the leaf
nodes, to compute offset uncertainty [17]. In our method, we compute Hough spaces for all
the training images when evaluating how good the test split is. The Hough voting spaces are
incrementally constructed when building the tree by an algorithm that has a slight overhead
(10%) in comparison to the classical one. Our objective is to discriminate the location of
the object centers from the background. In order to achieve that we choose the test that
has the maximum ratio of votes at objects’ center to votes at other locations. The main
contribution of the paper is a framework for choosing an optimal test which discriminates
the object from background at each node. With this, we achieve application specific Hough
forests for object detection that can outperform the general Hough forest technique. The
framework also allows us to incorporate different evaluation criterion for training according
to the desired output.

The rest of the paper is organized as follows. In Section 2, we give brief introduction of
the use of Hough forests for object detection and describe the training procedure. In Section
3, we describe the computation of the intermediate Hough spaces for the training images
and the proposed uncertainty criterion using these Hough spaces. In Section 4, we demon-
strate the performance of the algorithm on standard datasets and compare it with existing
algorithms. Finally, we draw conclusions in Section 5.
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2 Overview of Hough Forests
In this section, we describe the Hough forest technique for object detection [6, 7]. The
technique uses random forests to model the mapping between the appearance of the patch and
its Hough vote. During training, we aim at learning the probability p(x|P), which encodes
the information that a patch with attributes P at location y, provides about the location x
of the object in question. During testing, a patch at location y casts probabilistic votes
p(x|Pt(y),y) at the Hough space where a significant local maxima indicates the presence of
an object. In what follows, we will summarize the training and voting procedure for Hough
forest technique of [7].

2.1 Training
During training, a set of random trees are constructed using the patches of the training im-
ages. Let F = {f j}M

j=1 denote M feature channels of the patch P and f j is the feature vector of
the jth feature channel (e.g. for color images, j = 1 .. 3 are indexes to the color components.
Let us denote with c ∈ {0,1} the class label, that is background or foreground and d ∈ R2

the offset between the center of the bounding box and the center of the patch. Once a tree is
constructed, any patch P can be propagated through it and end upto one of its leaves, follow-
ing the path from the root to the leaves according to a test that takes place at each node. The
tree expands by performing several random tests at each node and passing the patches to the
child nodes based on the result of the tests. The test t for a patch P is given by

t(P) =

 0 if f j(p) < f j(q)+ τ,

1 otherwise
(1)

where p, q are the coordinates of the randomly chosen indexes in the feature channel f j and
τ is a randomly chosen threshold. The training is performed in a supervised manner by
utilizing the class label and offset information of the patches. Once constructed, each leaf
node L stores the class information CL and the offset information DL = {d} of the patches
that end upto it. The class information CL is the proportion of the object patches (i.e patches
with label 1) and DL is the set of offsets for the patches that end up to the leaf node. Each
non-leaf node is assigned a test by choosing the best test from a pool of tests. The tests
are chosen such that the uncertainties in class labels and offsets are reduced towards leaves.
This is accomplished by using two measures namely the class uncertainty Ec and the offset
uncertainty Eo. The class uncertainty measure at a node N is given by

Ec(N) =−|N|
(
CN log(CN)+(1−CN) log(1−CN)

)
(2)

where CN is the proportion of object patches at the node N. The offset uncertainty measure
is given by

Eo(N) = ∑
di∈DN

(di−d)2, (3)

where d is the mean of the offset vectors in DN . At each node, the values of p, q,τ are
randomly chosen for each test and the patches are passed to child nodes according to the test
in Eq. 1. The best test among the K tests is chosen as

argmin
k

[
E∗(Nk

l )+E∗(Nk
r )
]

(4)
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where Nk
l and Nk

r are the child nodes for the kth test and ∗ is chosen randomly between c or o
at each node. The construction of a tree stops when either the depth of the tree reaches Dmax
or the number of patches in a node drops below a certain threshold.

2.2 Object Detection
During testing, a number of patches of the input test image located at different locations y
cast probabilistic votes to the location of the object center. Here, the input image is divided
into rectangular overlapping patches which are passed through ensemble of trees. Let Pt(y)
denote a test patch with center y which ends up in a leaf node L. It uses the class information
CL and the offset information DL stored during training to cast votes to the center of the
object. The probabilistic votes casted by the patch Pt(y) to the center of the object x are
given by

p(x|Pt(y),y) =
[

1
|DL| ∑

d∈DL

1
2πσ2 exp

(
− ‖(y−x)−d‖2

2σ2

)]
CL (5)

The votes for the forest are obtained by averaging p(x|Pt(y),y) over all trees. The final
Hough image is computed by combining the votes from all patches for the image in ques-
tion. The hypothesis is obtained by choosing local maxima in the Hough image that have
responses above a certain threshold.

Figure 1: Computation of intermediate Hough spaces at node N

3 Hough Spaces
In this section we first discuss the construction of intermediate Hough spaces and propose a
new offset uncertainty criteria for choosing the test at a node based on the constructed Hough
spaces. The method in [7] follows a classical tree construction approach by calculating the
variance of offsets in the child nodes for the computation of the offset uncertainty measure.
This approach tends to reduce the impurity of the offset vectors towards the leaf nodes but
it does not consider the actual Hough space. Since the object center location is known for
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training set images, it can be utilized to verify the predicted object centers which in turn, can
be used to evaluate the quality of the tests during training. In this paper, we propose an offset
uncertainty measure by determining intermediate Hough spaces for training images at each
node for each test and choose a test that maximizes the ratio of the votes at the center of the
objects over the votes at other locations.

3.1 Computation of Intermediate Hough Spaces
The value at a pixel x of the Hough image is computed by accumulating the votes from all
the patches in the original image and averaging over all the trees. To compute the Hough
image, the whole procedure needs to be repeated for all the pixels in the Hough image, a
procedure that is computationally expensive. Alternatively, the Hough space can also be
computed by passing a patch P(y) through the trees to determine a leaf node L and adding
CL
|DL| to the location {y−d|d ∈ DL}. Then smoothing with a Gaussian kernel gives the result
of Eq. 5

Here we compute intermediate Hough spaces at each node. More specifically, for each
non-leaf node N we calculate the parameters CN and DN where CN is the proportion of the
object patches in N and DN = {d} is the set of offsets in N. The object patches arriving at
node N cast votes to the Hough space using the set of offsets in N. This is demonstrated
in Fig. 1. Let V j

i (x) denote the intermediate Hough space for the jth training image and i
denote the test index. Let P(y j) be a patch from the jth training image arriving at node N.
This patch casts votes to the jth Hough image V j(x) at locations x = y−d where d ∈ DN .
This procedure is repeated for all the patches arriving at N.

Figure 2: Output image (first), Hough space for the proposed method (middle)[max values:
0.289, 0.299], Hough space for [7] (last) [max values: 0.222, 0.222]

3.2 Proposed Offset Uncertainty Criteria
The Hough forest tree construction process is governed by Eq. 2 and Eq. 3. The class un-
certainty criteria attempts to reduce the uncertainties in the class labels towards leaves. The
offset uncertainty criteria attempts to reduce the uncertainty in the location of the casted
votes. In this work, we propose an offset uncertainty criteria which attempts to maximize the
votes at the center of the object locations in the combined Hough image while suppressing
responses at other locations. The combined Hough votes for the kth test are computed by con-
sidering the votes from the intermediate Hough spaces of all the training images, ∑x V j

k (x).
The objective is to discriminate the location of the object from the background. Let x j

c be the
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location of the center of the object in the jth Hough image. Let X j
c denote an area with few

pixels around the center x j
c of the object. The proposed offset uncertainty criteria Eho is then

given by

Eho =
∑

T
j=1 ∑x∈X j

c
V (x)

∑
T
j=1 ∑x6=X j

c
V (x)

(6)

where at the denominator is the accumulated votes at other parts of all the training images.
The above uncertainty criteria is computed for the left and right child nodes of a node and the
test that maximizes Eho is chosen at the node under consideration. More specifically, we use
the class label uncertainty (Eq. 2) along with the proposed offset uncertainty criterion (Eq. 6)
to construct the trees. At each node, a test is chosen from a pool of tests by evaluating the
criterion

T1 : argmin
k

[
Ec(Nk

l )+Ec(Nk
r )
]

(7)

or

T2 : argmax
k

[
Eho(Nk

l )+Eho(Nk
r )
]

(8)

where Nk
l and Nk

r are the left and right child nodes for kth test and a test T1 or T2 is chosen
randomly. Similar to the approach discussed in Section 2.2, during testing we detect objects
at local maxima of the Hough image that are above a threshold.

The proposed uncertainty criterion is based on the response in the output space. Further,
additional object specific constraints can be imposed to evaluate the tests thereby improv-
ing the performance of the forest. In contrast to the classical offset uncertainty measure
(Eq. 3) which ignores the class information, the proposed uncertainty measure utilizes the
class information CN at a node to compute the intermediate Hough space. Since the centers
and offsets of the patches for the training images are known apriori, the location of the re-
sulting votes can be pre-computed. This reduces the computational cost during training and
significantly improves the tree construction speed.

Figure 3: Detected objects (blue), miss detection (green), false positives (red) for TUD
dataset

The proposed method computes the Hough space for each test at each node and hence
can be computationally expensive. In order to reduce the computational complexity, we
observe that the training patches arriving at a node in question cast votes using the offsets of
the training patches at the node in question. Since the patch centers and offsets for training
patches are known apriori, the voting location for each patch-offset combination can be pre-
computed. By pre-computing the voting locations, the computation time is significantly
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reduced. The proposed method requires 10% more computation time as compared to the
classical Hough forests.

4 Experimental Results
We evaluated the performance of the proposed method on three datasets, namely the UIUC-
cars, the TUD-pedestrians and the INRIA-pedestrians dataset. In all cases we used 25000
positive and 25000 negative patches for training. We set the maximum depth of the trees to 20
and the threshold for the number of examples/patches in a leaf node to 20. This means that a
node is not split if either the maximum depth is reached, or if the number of examples/patches
in the node in question are below the threshold. During tree construction, we evaluated 1500
tests at each node and in each case selected the one that minimizes the proposed criterion.
We constructed 15 trees for each forest in each dataset and followed a boosting approach
to learn hard examples, in which the training examples/patches for a given tree are selected
based on the classification result that is obtained using the previously constructed trees. More
specifically, hard examples (i.e. misclassified patches) are duplicated in the initial training
set. We repeat this procedure every other five trees. For all datasets we consider the size of
the bounding box fixed and deal with scale variations by resizing each test image to a number
of scales (4 in our experiments), each one of which we pass through the forest in order to
obtain a spatial Hough space. Then, a meanshift algorithm is applied in the 3D scalespace in
order to obtain hypotheses about the location and scale of the objects.

For the TUD and INRIA datasets, we used 16 feature channels namely the RGB color
channels, the magnitude of the horizontal and vertical gradients, the magnitude of second-
order derivatives in both horizontal and vertical directions, and the 9 HOG channel descrip-
tors. The HOG descriptors were obtained by accumulating the normalized magnitude in 9
orientation directions computed over a 5×5 window centered around each pixel. To handle
variations in clothing, illumination, articulation of parts, the channels were filtered with a
max-filter on 5×5 windows centered around a pixel.

We first present results on the UIUC-cars dataset. The training set for this dataset consists
of 550 positive examples of images depicting side views of cars and 500 negative images
each of size 100× 40 pixels. To construct the trees we used 500 positive and 400 negative
images from the dataset. We used the three feature channels, namely the gray level values
and the absolute values of the horizontal and the vertical gradients. The test set consists of
170 images of the objects with same scale. The criterion suggested by the publisher was
used for evaluation. The proposed method achieves 98.5% Equal Error Rate (EER) for the
UIUCSingle, and therefore performs better than our implementation of the Hough forest [7]
which achieves 98% EER for UIUCSingle and is in par with the state-of-the-art methods
which achieve the same EER Lampert et al. [8].

For the same dataset, we demonstrate the effect of width of the area around the ground
truth location of the object center of the intermediate Hough spaces xc on the final Hough
image. Xc in Eq. 6 denotes an area of a few pixels around the actual center of the object.
To determine the effect of width of Xc on the final Hough image, we constructed Hough
forests by varying the size of the area Xc. In Fig. 4 we present the final Hough images for
‖Xc1‖< ‖Xc2‖< ‖Xc3‖ for three test images. It can be seen in the figure that the Hough image
that are obtained using a small area size (i.e. ‖Xc1‖) produces high responses at the object
locations in the final Hough image and low responses (i.e. small ambiguity/spread) at other
locations. As the area increases from ‖Xc1‖= 52 to ‖Xc3‖ the response at the object location
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Figure 4: First column: Test images. Second, third and fourth columns: Hough image for
|Xc1|= 52, |Xc2|= 370 and |Xc3|= 862 respectively

decrease and the ambiguity in the location of the center increases. The average values of the
maximum responses over all training set images are 0.0192,0.0188 and 0.0184 for Xc1 ,
Xc2 and Xc3 respectively while the average responses at other areas are 0.0061,0.0063 and
0.0065 respectively. In all of our experiments we choose |Xc1|= 52, a value that defines an
area equal to the 13/100 of the size of the object bounding box.

We then demonstrate the performance of the algorithm on the more challenging TUD-
pedestrian dataset [2]. The training set for this dataset consists of 400 images with pedestri-
ans. We trained the Hough forest using positive examples that were constructed by extract-
ing the object bounding boxes and resizing them to fixed dimensions. We constructed 400
negative examples/images by randomly sampling patches from the background areas in the
images. The test set consists of 250 images containing 311 fully visible people who exhibit
significant variation in clothing and articulation. The evaluation criteria used to measured
the detection quality are, cover, overlap and relative distance. Cover and overlap measure
how much the ground truth bounding box is covered by the detected bounding box and vice
versa. Relative distance measures the distance between the center of the bounding boxes. We
inscribe an ellipse in the ground truth bounding box and relate the measured distance to the
radious of the ellipse at the corresponding angle [16]. In our experiments, only hypothesis
that have cover and overlap more that 50% and relative distance less that 0.5 are accepted as
the correct detection.

Fig. 2 depicts the Hough space obtained with our own implementation of the approach
in [7] and of the proposed method. It is clear that with the proposed method the number
of votes at the center are significantly higher than the number of votes at the background,
a fact that indicates higher discrimination capability. Fig. 5 compares quantitatively the
performance of the proposed method and the Hough forest algorithm [7]. The proposed
method clearly outperforms [7], at high precision values and exhibits similar performance
elsewhere. In particular, the proposed method shows 7% improvement over Hough forests
at a precision value of 0.93. From the recall-precision curve, it is evident that the proposed
method outperforms the Hough forest algorithm for the TUD-pedestrian dataset.

We next demonstrate the performance of the algorithm on INRIA-pedestrian dataset [4].
We used 2416 positive and 2416 negative images for training. The negative images were
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obtained by sampling the person-free training images. The test set consists of 288 cropped
and pre-scaled images with objects and 453 images without the object. Fig. 5 shows the
recall vs False Positives per Window curves for the proposed and Hough forest algorithms.
It is clear that the propose method outperforms the classical Hough forests particularly at
low false positives per window.

Figure 5: Recall-precision curves for TUD (first column) and INRIA (second column)

5 Conclusion

We introduced a novel framework for object detection using Hough forests that uses the
knowledge of the objects’ center locations in training images to efficiently construct the
trees. During training, we compute at each node the Hough space for each of the training
images and use this Hough space to evaluate the tests at the node in question. The test
with maximum ratio of votes at the center to the other parts of the combined Hough space
is chosen as the candidate test for that node. In that way, we obtain Hough spaces that
succesfully discriminate the object from the background. We demonstrated the efficiency
of the proposed algorithm through several experiments. We tested the novel framework on
standard datasets and have experimentally shown that it outperforms the classical Hough
forests.
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