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Abstract
This thesis investigates the problem of object localization in still images and is sepa-

rated into three individual parts.
The first part proposes a new set of feature descriptors, motivated by the problem of

pedestrian detection. Sliding window classifiers, notably using the Histogram-of-Gradient
(HOG) features proposed by Dalal & Triggs are the state-of-the-art for this task, and we
base our method on this approach. We propose a novel feature extraction scheme which
computes implicit ‘soft segmentations’ of image regions into foreground/background.
The method yields stronger object/background edges than gray-scale gradient alone, sup-
presses textural and shading variations, and captures local coherence of object appearance.
The main contributions of this part are: (i) incorporation of segmentation cues into object
detection; (ii) integration with classifier learning c.f . a post-processing filter and (iii) high
computational efficiency.

The second part of the thesis considers deformable part-based models (DPM) as pro-
posed by Felzenszwalb et al. These models have demonstrated state-of-the-art results
in object localization and offer a high degree of learnt invariance by utilizing viewpoint-
dependent mixture components and movable parts in each mixture component. One might
hope to increase the accuracy of the DPM by increasing the number of mixture compo-
nents and parts to give a more faithful model, but limited training data prevents this from
being effective. We propose an extension to the DPM which allows for sharing of object
part models among multiple mixture components as well as object classes. This results
in more compact models and allows training examples to be shared by multiple compo-
nents, ameliorating the effect of a limited size training set. We (i) reformulate the DPM
to incorporate part sharing, and (ii) propose a novel energy function allowing for coupled
training of mixture components and object classes.

An ‘elephant in the room’ for most current methods is the lack of explicit modeling of
partial visibility due to occlusion by other objects or truncation by the image boundary. In
the third part of this thesis, we propose a method which explicitly models partial visibility
by treating it as a latent variable. As a second contribution we propose a novel non-
maximum suppression scheme which takes into account partial visibility of objects while,
in contrast to other methods, providing a globally optimal solution. Our method gives
more detailed scene interpretations, in that we are able to identify the visible parts of an
object.

We evaluate all methods on the PASCAL VOC 2010 dataset. In addition, we report
state-of-the-art results on the INRIAPerson pedestrian detection dataset for the first part,
considerably exceeding those of the original HOG detector.
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CHAPTER 1

INTRODUCTION

This thesis investigates the task of object detection in still images, also referred to as object
localization. The task can be described as enabling a computer to locate all instances of
a specific object class (e.g. ‘car’, ‘bicycle’, ‘sheep’ or ‘person’) in a given image. This
involves the learning of a statistical model using a representation of object appearance,
which captures salient properties of the object classes in question.

Object detectors have many areas of application and form an important component
in the current research on higher-level scene understanding of images. The ability to
detect the class, presence and location of objects in an image supports more detailed
interpretations of the scene e.g. understanding the interactions between objects or peo-
ple and objects. This leads to the ability to analyze and understand activities in images
and videos [24, 122]. Object detection therefore also directly contributes to the field of
robotics in helping robots to understand and interpret the world around them [88]. In com-
puter vision, object detectors are often also used for tracking, i.e. the process of locating
and following objects in a video scene, by initializing the tracker with the help of an ob-
ject detector [68] or by using ‘tracking-by-detection’ approaches [4, 28]. In the research
area of human pose estimation, which deals with the determination of a configuration of
a person in an image or video, object detectors are actively used to detect individual body
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Chapter 1 2 Introduction

parts [104, 5, 65, 66]. Object detection is also employed in the industrial sector e.g. in
‘smart cars’ [51] to detect people and ensure pedestrian safety or in digital cameras to de-
tect faces [138] and perform automatic camera calibration. Furthermore, object detectors
can be employed to perform image and video search by, for example, presenting an im-
age containing a specific object to the computer and letting it retrieve images containing
similar objects from a large database [119, 118] or assisting the user in identifying the
object.

In the following section we describe the challenges of object detection in natural im-
ages. One dataset in which these challenges are particularly evident is the PASCAL VOC
2010 dataset [30] which is introduced in Section 1.2 and used for experimental evalua-
tion throughout this thesis. In Section 1.3 we explain sliding window detectors, a method
which we use as a basis for the work presented in this thesis. The chapter closes with an
overview of the thesis and a summary of our contributions.

1.1 Challenges

Object detection remains an active area of research due to the many challenges that need
to be addressed. In this section we provide a summary of the main challenges and briefly
outline our contributions in addressing some of these. We illustrate each of these chal-
lenges using examples of natural images in Figure 1.1. These images are a subset of the
images provided by the PASCAL VOC 2010 dataset [30], which will be introduced in
detail later.

Intra-class Variation

A significant challenge in object detection arises due to intra-class variation in appearance
of an object class. Most object classes exhibit large intra-class variation due to three main
reasons: (i) pose/structure; (ii) viewpoint and (iii) object surface characteristics.

Examples of wide variations in pose are often found in images containing people,
thus introducing wide intra-class variance for the ‘person’ class. This is illustrated in
Figure 1.1 (a)–(f) in which people appear in many different poses. The poses of animals
can also be highly articulated, leading to drastic changes in appearance. Figure 1.1 (g)–(i)
shows example images of the ‘bird’ and ‘cat’ classes.

Rigid object classes also tend to exhibit differences in appearances due to structural
variation as shown by the different types of cars in Figure 1.1 (a, b). Different viewpoints
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(a) car, person, bicycle (b) car, person (c) bicycle, person

(d) horse, person (e) bicycle, person (f) person

(g) cat, dog (h) cat (i) cat, chair

(j) bird (k) bird (l) bird

Figure 1.1: Example images of the PASCAL VOC 2010 [30] dataset. Bounding box
colors correspond to the different object classes. Large viewpoint changes for all object
classes are commonplace and objects are often significantly occluded, either by objects of
a similar class (b, f) or another class (c, e). In addition, objects are very often truncated by
the image boundary (b, e, h). Examples (g)-(i) show different animal object classes and
we observe a large variety of poses and a significant difference in intra-class appearance.
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also contribute to substantial intra-class variance. For example, Figure 1.1 (h) and (i)
illustrate how different viewpoints can affect the appearance of the ‘cat’ object class. Fig-
ure 1.1 (a, c, d) shows instances of the ‘bicycle’ class captured from different viewpoints.

Object detectors require the ability to deal with this wide range of poses and view-
points. To address this problem we adopt the approach of Deformable Part-based Models
(DPM) [38] in Chapter 3. DPMs break up the appearance of an object class into ‘sub-
classes’ which correspond to different viewpoints (e.g. front facing and side-view cars) or
differences in pose/structure of an object class e.g. different configurations of a person.
In each of these sub-classes the DPM uses a flexible part-based model to capture small
variation in appearance. However, traditional DPMs [38] find it hard to cope with limited
training data per sub class and model complexity as the number of sub-classes increases.
In this thesis we propose an efficient way of handling this problem by sharing components
of the model among sub-classes and even across object classes [97].

Even for similar pose and viewpoint, variability in instance-specific characteristics
e.g. clothing of people, fur of animals or the paint of cars further contribute to intra-class
variance. This can be observed in Figure 1.1 (d, e) in which people appear in a similar pose
but with substantial differences in clothing. For animals, different subspecies can cause
further complications in the effective modeling of the variance of appearance within each
class. Figure 1.1 (j, k, l) shows examples of three different kinds of birds, illustrating the
large variation of instance-specific appearance for that object class.

In Chapter 2 we propose a method of incorporating instance-specific object character-
istics to enhance the object representation [96]. This results in a more efficient modeling
of the variances induced by object-specific characteristics.

Inter-class Similarity in Appearance

Despite obvious differences in appearance for some object classes (e.g. ‘car’ compared to
‘bird’) many object classes share similar characteristics. For example, both motorbikes
and bicycles can be considered as examples of a more general ‘two-wheeler’ class and
therefore often appear somewhat similar. This is also true for object classes such as ‘cat’
and ‘dog’, which can appear similar or even nearly indistinguishable to an observer – see
Figure 1.1 (g).

For this reason, throughout the thesis, we adopt the general scheme of discriminative
learning which aims to model characteristics that discriminate object classes despite these
inter-class similarities. To further aid discriminative learning we also adopt the general
strategy of bootstrapping which selects samples from other classes and the background
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that are particularly hard to discriminate.

Partial Visibility

Partial visibility of object instances poses another significant challenge for the detection
of objects in natural images because areas which may hold valuable cues for recogni-
tion might be hidden from the detector. Partial visibility manifests itself in the form of
occlusion of an object class by instances of the same object class (Figure 1.1 (b, f)) or
other object classes – see e.g. Figure 1.1 (d, e). In addition, the truncation of an object
instance by the image boundary introduces another form of partial visibility as shown in
Figure 1.1 (b, e, h).

In Chapter 4 we propose a novel approach which explicitly tackles the problem of par-
tial visibility of an object instance by inferring which parts of an object may be occluded.
We propose a mechanism in the detection process which compensates for the absence of
potential recognition cues in the regions that are inferred as being occluded.

Other challenges

Additional more global challenges in the localization of objects in natural images exist.
For example, objects usually exhibit variation in scale and this is especially challenging
since potentially useful depth information (such as the ordering of objects) has been sup-
pressed in the image formation process. In addition, object instances at different scales
offer a different degree of detail in appearance, e.g. the instances of the ‘bicycle’ class
in Figure 1.1 (e) are much more detailed in their appearance than the instance in Fig-
ure 1.1 (a). To detect objects at different scales, we use sliding window detectors through-
out this thesis. Such detectors densely scan the image for object instances at multiple
scales.

The illumination of an image scene can significantly influence the appearance of ob-
jects. Different light sources, such as natural (sun) light or artificial light, can have a great
impact on the apparent color of an object instance. For example, the cat in Figure 1.1 (g)
appears in intensive natural light which causes a light-colored appearance while the cat
itself has an original gray color. In contrast, the cat in Figure 1.1 (i) appears in artificial
light and depicts its natural color. Object detectors therefore need to be robust to the ef-
fect of scene illumination on object appearance. Throughout this thesis we build on an
image representation which incorporates multiple levels of illumination invariance [23]
while Chapter 2 specifically focusses on further improving this image representation by
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implicitly modeling illumination amongst other image characteristics.

1.2 Datasets

Throughout this thesis the PASCAL VOC 2010 dataset [30] is used for experimental eval-
uation. We have already shown example images from this dataset in Figure 1.1 and ex-
plained the challenges that arise from object detection in natural images. Chapter 2, which
is particularly motivated by the task of pedestrian detection, is additionally evaluated on
the INRIAPerson dataset [23]. This section provides key statistics for both datasets and
explains the individual evaluation protocols. We chose these datasets as representing the
state-of-the-art at the time of carrying out the work presented in this thesis. An overview
of other popular datasets is provided by Torralba & Efros [126], who also give interesting
insights into dataset bias and additional information on the generality of available datasets
today.

1.2.1 The PASCAL VOC Challenge

The PASCAL Visual Object Classes (VOC) challenge [32] is a benchmark in visual ob-
ject category recognition. The challenge is organized annually and started in the year
2005 [34]. To evaluate object detection, the PASCAL VOC challenge provides the “ob-
ject detection competition” (comp3) which asks the participants of the challenge to learn
an object detector from a subset of annotated images – the training dataset. To evaluate
the detector the participant has to predict bounding boxes of object instances in the test
dataset.

While the annotation for training data is provided, annotation for the test data is not
made public. Evaluation of detectors is performed by an online evaluation server which
only allows a limited number of submissions per week. This rigorous evaluation process
ensures that optimization of specific algorithms on the test subset is not possible.

Annotation for the comp3 competition is provided in the form of bounding boxes for
each ground truth object – examples are shown in Figure 1.2. Additional annotation is
available in the form of a categorical viewpoint label (facing left, frontal, ...), whether or
not it is truncated by the image boundary or appears occluded in the image. An additional
‘difficult’ flag indicates whether an object instance can be considered difficult to detect.
Difficult object instances are often strongly occluded/truncated or hard to recognize even
for a human observer (see e.g. example in the top of Figure 1.2) and are ignored during
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Figure 1.2: Annotation provided by the PASCAL VOC challenge [32]. Each object in-
stance is enclosed by a bounding box (shown in yellow). In addition the annotation pro-
vides the pose of an object and whether or not it is occluded or truncated by the image
boundary. An additional ‘difficult’ flag indicates whether an object is difficult to detect.
Objects flagged in this way are ignored during evaluation.

evaluation, which is discussed below.

We consider the PASCAL VOC 2010 dataset one of the most challenging object de-
tection datasets available to date. It strikes a good balance between the available training
data, number of object classes and accuracy of the provided annotation. The large amount
of available training data per class is ideal to train the complex object detection models
presented in this thesis.

Key Statistics

As previously mentioned the PASCAL VOC 2010 [30] dataset features 20 object classes
separated into the following categories:

• Person: ‘person’

• Animal: ‘bird’, ‘cat’, ‘cow’, ‘dog’, ‘horse’, ‘sheep’

• Vehicle: ‘aeroplane’, ‘bicycle’, ‘boat’, ‘bus’, ‘car’, ‘motorbike’, ‘train’

• Indoor: ‘bottle’, ‘chair’, ‘dining table’, ‘potted plant’, ‘sofa’, ‘tv/monitor’

In total the dataset consists of 21, 738 images. These are split into training (train),
validation (val), and test (test) subsets. The combination of the training and validation
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(a) Calculation of Bounding Box Overlap (b) Calculation of Average Precision

Figure 1.3: Average Precision for precision/recall curves and the overlap of bounding
boxes used by the PASCAL VOC evaluation measure. (a) A prediction is considered a
true positive if the predicted bounding box Bp overlaps at least 50% with the ground truth
bounding box Bgt. (b) Precision/recall curves are interpolated in such a way that they
are monotonically non-increasing. The area under the curve then serves as the ‘Average
Precision’, a single descriptive number to summarize the quality of the detector.

subsets is called trainval. The dataset is equally split between trainval and test.
For trainval 10, 103 training images with 23, 374 annotated objects are available. Fur-
ther statistics are provided by Everingham et al. [30].

Evaluation Measure of the VOC Challenge

Evaluation in the comp3 competition is performed as a set of single-class detection tasks,
i.e. the applicability of a provided detector to the task of object detection is evaluated for
each object class separately. The evaluation measure employed by the PASCAL VOC
challenge is the precision/recall curve [132]. This curve is computed from detections
that are ranked by a confidence score which has to be provided by the detection methods
entering the challenge. Recall is defined as “the proportion of all positive examples ranked
above a given rank” while precision is defined as “the proportion of all examples above
that rank which are from the positive class” [32]. Detections are considered true positive
if their predicted bounding box Bp overlaps at least 50% with the ground-truth bounding
box Bgt:

ov (Bp, Bgt) =
area (Bp ∩Bgt)

area (Bp ∪Bgt)
≥ 50% (1.1)
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where Bp∩Bgt is the intersection of the predicted and the ground-truth bounding box and
Bp ∪ Bgt denotes their union – this is also visualized in Figure 1.3 (b). It is important to
note that all additional detections to the highest ranking detection satisfying the overlap
constraint of Equation 1.1 are considered false positives and hence a method to fuse neigh-
boring detections belonging to one and the same ground-truth object is required to yield
good precision/recall curves. These methods are referred to as non-maximum suppression
(NMS). We will return to the issue of NMS in Chapter 4 of this thesis.

Average Precision

To summarize the results provided by a precision/recall curve into a single descriptive
number the PASCAL VOC challenge computes Average Precision (AP) as the area under
an interpolated precision/recall curve – Figure 1.3 (b) provides a visual description. The
interpolation of the curve ensures that precision is monotonically non-increasing, which
causes the AP value to be robust w.r.t. commonly appearing sawtooth shapes in preci-
sion/recall curves. To obtain high AP a detector must achieve both high recall and high
precision.

1.2.2 INRIAPerson Dataset

Chapter 2 of this thesis is particularly motivated by the task of pedestrian detection, which
can be seen as a specialized object detection task. To evaluate the applicability of the
methods presented in Chapter 2 to the task of pedestrian detection we additionally perform
experiments on the INRIAPerson dataset introduced by Dalal & Triggs [23, 22].

The INRIAPerson dataset differs from the PASCAL VOC datasets [32] in that it casts
the pedestrian detection problem as a forced-choice binary classification, i.e. does this
image show a pedestrian or not? For that purpose the INRIAPerson dataset provides
cropped positive training and test images centered on the pedestrian. Negative training
and test data is provided in the form of uncropped images which do not contain pedestri-
ans. At test time these images are scanned for pedestrians by moving a window of fixed
size over the image and analyzing the image content beneath that window, essentially
creating a large set of cropped negative images.

Key Statistics

The INRIAPerson dataset contains 2, 416 cropped positive training images (1, 208 truly
unique ones and their left-right reflections, centered on humans) and a set of 1, 218 un-
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Figure 1.4: Sample of positive training images from the INRIA dataset [23]. The subset
of images illustrates the wide variety of poses, different lighting conditions and image
quality. All people are standing upright but still in significantly different poses. Some
appear on a bike while others appear standing still and a few walking or even jumping.
Poor lighting conditions sometimes make it hard to tell the actual pose of the pedestrian
and indeed to locate the pedestrian at all.

cropped negative training images. For testing, another 1, 128 cropped positive images
(564 unique ones with their left-right reflections, again centered on the humans) and 453

uncropped negative images are provided. The negative images contain many windows
(over 10, 000 per image) which are each evaluated separately for the presence of a pedes-
trian. As a result the amount of negative training and test data significantly outnumbers
the amount of positive training and test data. It should also be noted that uncropped posi-
tive images with bounding box annotation are available, i.e. the performance of detectors
can also be evaluated using the PASCAL VOC evaluation methodology (Section 1.2.1).

A selection of positive training examples is presented in Figure 1.4. While the ‘person’
class of the PASCAL VOC 2010 dataset [30] offers a wide range of poses, the INRIA-
Person dataset offers mainly upright standing pedestrians as they are commonly found in
street scenes. However, even with that restriction in mind, poses still vary significantly –
see Figure 1.4.

Evaluation Methodology

To evaluate the performance of detectors on the INRIAPerson dataset, Dalal & Triggs [23]
use Detection Error Tradeoff (DET) curves [87]. Such curves plot the miss rate on the
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Figure 1.5: For experiments on the INRIAPerson dataset [23] Detection Error Tradeoff
(DET) curves are used. These curves plot false positives per window (FPPW) against
miss rate on a log-log scale. In the figure two DET curves are shown. Curves closer to the
south-west corner of the plot (i.e. the blue curve) are considered better. A value of 10−4

FPPW and the corresponding miss rate is used as a reference point by many researchers
in the field to compare different detectors and is shown in the plot.

y-axis against false positives per window (FPPW) on the x-axis using a log-log scale – an
example DET curve is shown in Figure 1.5. Miss rate is defined as

missrate =
FalseNegatives

TruePositives+ FalseNegatives
(1.2)

DET curves are plotted on a log-log scale to better distinguish the performance at low
false positive rates. Dalal & Triggs [23] focus on a certain range of false positive values
from 10−1 to 10−6. It is common for researchers to report miss rate at a FPPW rate of
10−4 as a reasonable summary of performance. For the pedestrian detectors presented by
Dalal & Triggs [23], this FPPW rate roughly corresponds an error rate of 0.8 false posi-
tive detections per 640 × 480 image. The focus on small FPPW values sets DET curves
apart from the commonly used and closely related ROC (Receiver Operating Character-
istic) curves [121], which plot false positive rate against true positive rate. In case of the
INRIAPerson dataset the amount of negative test data clearly outnumbers the amount of
positive test data as mentioned earlier and hence a focus on small FPPW rates is required.
In addition most negative training windows are easy to classify, leading to a very low miss
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(a) Image with windows
(b) Feature

vectors
x1,x2

(c) Classification in
the feature space of x

Figure 1.6: Pipeline of a sliding window detector. (a) The image is densely scanned
at various scales by a window of a fixed size; two windows are visualized. The green
window contains the object class of interest (car), the red one does not. (b) Features are
extracted from the underlying image content and represented by the feature vectors x1

and x2. (c) In feature space a classifier is used to obtain a confidence that the window
depicts an instance of the object class. In the visualization we use a Support Vector
Machine [133].

rate for FPPW values larger than 10−1 – see Figure 1.5.

1.3 Sliding Window Detectors

In this section we describe sliding window detectors, which form a key component of
the methods proposed in the following chapters. Our choice of this particular detection
scheme is motivated by its simplicity, in that it allows the application and extension of
a conventional machine learning paradigm, and by the success of the approach demon-
strated by many existing methods.

In the following we discuss the main idea and motivation behind the sliding win-
dow detector, including aspects of image representation and classification. We addition-
ally briefly discuss methods for improving computational efficiency (Section 1.3.4) and
schemes for incorporating contextual information (Section 1.3.5). Alternative approaches
to sliding window object detection will be discussed throughout the remainder of this
thesis and individually evaluated in the scope of the respective chapter.
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1.3.1 Overview

Sliding window detectors essentially turn a ‘whole-image’ object/non-object classifier
into an object detector by using exhaustive search over possible locations and scales of
the object. The classifier assigns confidence to an extracted sub-image – the window –
which either contains an instance of the object class or not. The sliding window detection
scheme is visualized in Figure 1.6 and can be broadly separated into two stages:

• Step 1, Feature extraction: In the first stage a window of fixed size is moved over
an image, usually using a small stride of a few pixels to ensure a dense scan. Two
example windows are shown in Figure 1.6 (a). For each window, a feature descrip-
tor of the underlying image content is extracted and represented by a vector x – see
Figure 1.6 (b).

Once the image is completely scanned, we resize it by a fixed scale factor and
repeat the scanning process to detect objects of multiple scales. This ensures that
the window size is fixed and consequently the feature vectors of all windows have
the same length and lie in the same feature space.

• Step 2, Classification: In the second stage the feature vector for each window is
passed to a classifier, which assigns a score. This score can be interpreted as the
classifier’s confidence that the window (represented by the features x) contains
the object class of interest – see Figure 1.6 (c). The classifier is usually discrim-
inative [133, 10] because of the good performance of such approaches, while in
general generative classifiers may also be used [113].

In the following we consider further details with respect to these two stages. Specif-
ically, two questions are addressed: (i) which features should be used to represent the
image content and (ii) which classifier is the best choice?

1.3.2 Feature Extraction

An obvious choice of feature representation would be to represent the content of a window
using the raw pixel values of the underlying image area. However, such a representation
does not explicitly capture the salient properties of the objects which may be present
in the window. Moreover, a classifier trained using such a feature representation may
not generalize well as it can easily over-fit, i.e. model properties specific to the training
dataset.
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In order to generalize well, feature extraction schemes should ideally encode invari-

ance into the feature descriptors so that they may capture salient properties representative
of an object class despite changes in e.g. illumination or small translations. Chapter 2
deals with the development of a new feature descriptor which introduces additional in-
variant properties over existing work. We consider related work on feature descriptors
and recent developments in feature engineering in Section 2.2.

1.3.3 Classification

As mentioned earlier, we adopt a discriminative approach towards classification by using
Support Vector Machines (SVM) [10, 133] in this thesis. SVMs are our preferred choice
because they implement maximum margin learning in a principled way [21]. This form
of learning aims to maximize the ‘gap’ between positive and negative training examples.
In addition, SVMs provide a natural way of incorporating kernels that enable learning
of non-linear discriminants which improve classification performance in an optimal man-
ner [116]. We will further discuss the topic of SVMs in Chapter 2. Another popular
choice of classifiers are boosted ones, e.g. AdaBoost [46], which accumulate scores of a
set of weak classifiers to form a strong classifier. Weak classifiers often correspond to the
evaluation of a single feature or a small set of features.

We use a fully supervised learning scheme [10], which means that training data (fea-
ture vectors) is provided with labels (object/non-object). These feature vectors and labels
are derived from a set of bounding boxes which are provided by the training data e.g. the
PASCAL VOC 2010 dataset [30]. Semi-supervised approaches, which consider partially
provided training labels, are also an active area of research in computer vision – see e.g.
Fergus et al. [40, 43]. The discovery of object classes given unlabeled training data is
also a well studied research field – Tuytelaars et al. [130] provide a recent overview of
the area.

At training time, initial positive and negative training data is extracted. Feature vectors
of positive training data are extracted at the location of the object of interest as provided
by the training dataset. Negative training examples are usually extracted by sampling
feature vectors of random windows which do not contain the object. It is usually not pos-
sible to store all negative training examples i.e. the feature vectors of all windows which
do not contain the object class, because modern datasets [32, 23] contain many millions
of such windows. We use the ‘bootstrapping’ method [95] to collect salient negative win-
dows which are difficult to recognize, and encourage learning stronger detectors. During
bootstrapping the learned detector is executed on the training images and high-scoring
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false positives are extracted. These false positives are added to the training dataset and
the classifier is retrained, usually yielding a detector which generalizes better on unseen
data. Bootstrapping is further explained in consecutive chapters. Note that throughout
the thesis we refer to the learning stage of an object detector as ‘training time’ while the
evaluation of an object detector is referred to as ‘test time’.

1.3.4 Efficiency Considerations

As mentioned earlier, in a sliding window detection scheme the classifier is applied to ev-
ery window in the image. Commonly an image contains many windows at multiple scales
(more than 10, 000) and consequently the speed of evaluating each window is commonly
the key determinant of the execution speed of sliding window detectors. For this reason,
complex feature extraction and classification schemes are usually not applicable to sliding
window detectors. As a result previous work on sliding window detectors has often used
image representations which can be computed in reasonable time in combination with
linear SVMs due to their relatively low computational complexity. More complex classi-
fication schemes, such as kernel SVMs [116], are generally more expensive to evaluate,
as will later be explained in Section 2.5.2. In Chapter 2 we consider the question of how
to engineer an image representation which offers better detection accuracy in a sliding
window framework while maintaining reasonable computational complexity.

Some previous work has focused on enabling more complex classifiers to be used
with sliding window detectors by employing a cascade architecture [134, 148, 37] moti-
vated by the face detection framework of Viola & Jones [138]. In a cascade architecture
a sequence of classifiers is defined in order of increasing complexity and corresponding
increase in computational expense. Positive windows should be accepted by all classifiers
in the sequence while negative windows which are ‘simple’, e.g. uniform image regions,
can be rapidly rejected by classifiers earlier in the cascade. Difficult negative windows,
e.g. highly textured regions, are rejected by the more complex classifiers later in the cas-
cade, at greater computational expense. The early rejection of abundant simple negative
windows greatly reduces the average evaluation time per window. A related approach is
the coarse-to-fine search of Pedersoli et al. [102], which uses fast coarse object detectors
to prune the search space for object detectors which use a finer image representation but
take longer to evaluate. In the context of a cascade architecture the coarse object detectors
can be thought of as classifiers at the early stages of the cascade while the detectors using
a fine image representation can be thought of as complex classifiers which are evaluated
later in the cascade.
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Lampert et al. [74] propose an efficient search of the image by using an upper bound
on the classification score which can be achieved by any window within an image re-
gion. The upper bound is used to iteratively discard larger regions of the image, so that
the search for an object can be increasingly focused on smaller regions that potentially
contain the objects of interest. To that end they propose a branch and bound procedure to
efficiently explore the search space of all image regions.

Alternatives to cascade architectures or the approach of Lampert et al. [74] are heuris-
tic methods which find promising regions of the image where more complex classifiers
can be applied. This can help to reduce false positive responses to clutter, and furthermore
allows the use of expensive classifiers. Examples include the method of Chum & Zisser-
man [17] or region-based methods [18]. Chum & Zisserman [17] propose a method that
identifies regions of interest containing configurations of interest points [55, 67] such that
they are similar to equivalent configurations for a set of exemplar images corresponding
to an object class. By restricting the sliding window detectors only to these regions of
interest the detection process can be made more computationally efficient. Region-based
methods e.g. Chunhui et al. [18] first create initial hypothesis of the positions of objects
in an image scene based on matched regions from training examples. These hypothesis
are then used as an input to a more expensive verification classifier in a second stage.

1.3.5 Contextual Modeling

A common approach to improving object detectors, which is also adopted in this the-
sis, is to advance their feature extraction and classification schemes. Another approach,
however, is to leverage contextual information in the scene. The motivation behind such
approaches is that sliding window detectors by themselves are somewhat limited: they
only consider a small window of the image at a time while discarding all other image in-
formation. Other parts of the image may, however, hold important information regarding
the detection of object instances. Some work [125, 60] has proposed the use of contextual
probabilistic priors for object location, scale and type. Such approaches take the entire
image representation into account to provide a better idea of what kind of an object is to
be expected in the scene and where it may be located.

Other approaches to contextual modeling have specifically focused on leveraging in-
formation provided by the co-occurrence of object classes in a scene [49, 25]. For ex-
ample, cars may often appear together with motorbikes, and people are often seen riding
motorbikes, but horses and motorbikes co-occur less often. Leveraging such information
can be helpful in that detections of object classes which often appear together can re-
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inforce each other while potential false-positive detections from the background can be
removed.

Specific to the recognition of persons in an image, it has also been proposed to con-
textually model the actions these persons are performing in the image [144, 110]. The
focus on a single action can constrain the range of appearance of a particular object class
e.g. a person riding a horse exhibits less variation in pose than a person performing any
possible action. Approaches like these can potentially help with the challenging modeling
of intra-class variability of the person object class.

Harzallah et al. [56] incorporate contextual information into the detection scheme
by using image classification i.e. the decision of whether an image contains an object
instance (independent of location). They report that an object detector can be improved
by combining it with a whole image classifier which can recognize scenes likely to contain
the object e.g. street scenes which usually contain cars. This is especially helpful in the
detection of occluded or truncated object instances which miss important key points for
recognition by an object detector but can be sufficiently recognized by leveraging the
contextual information provided by the whole image classifier. Inversely, object detectors
can also support the image classification task by e.g. recognizing small objects in a non-
standard context.

Ladicky et al. [72] combine object detection with image segmentation, i.e. the pixel-
precise labeling of the image with object labels, in a conditional random field (CRF) [73].
Combining these methods results in a superior scene understanding (c.f . using each
method separately) by detecting all objects in the scene as well as providing the loca-
tion and pixel-precise spatial extent of each object. In contrast to that, object detectors are
only able to report on the location of an object instance while image segmentation meth-
ods provide a pixel-precise labeling of the scene but do not distinguish between individual
object instances.

1.4 Thesis Overview and Contributions

The development of powerful image descriptors as well as the adoption of methods from
the machine learning community has yielded a steady improvement in recognition accu-
racy, as recorded by the PASCAL VOC challenge [32]. This thesis continues this line of
work by contributing to both steps of the sliding window detection scheme: (i) feature
extraction and (ii) classification.

The main contributions of this work are covered in Chapters 2, 3 and 4 of this the-
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sis. Each of these chapters also reviews related work and reports experimental results to
demonstrate the applicability of the proposed approaches. The thesis closes with con-
cluding remarks and future work in Chapter 5. In the following we highlight the novel
contributions of this thesis.

Implicit Color Segmentation Features

Chapter 2 proposes an extension to the popular Histogram of Oriented Gradient (HOG)
features, in which local histograms of gradient orientation are computed in localized
‘cells’ of an image. Adjacent cells are aggregated and normalized to give ‘blocks’ with
greater invariance to local lighting and spatial deformation.

By themselves HOG features do not take advantage of potentially useful instance-
specific characteristics, such as the color of an object instance. As a result HOG features
do not have the capability to leverage instance-specific color information.

We propose a new feature descriptor (CHOG) [96] in Chapter 2, which incorporates an
implicit color-based segmentation of a specific object with respect to its background into
the feature extraction process. In contrast to HOG features, these ‘segmentation features’
have the ability to exploit potential instance-specific foreground/background relationships
in an image window. We experimentally demonstrate that the proposed feature descriptor
offers superior performance over the previous state-of-the-art [23].

Shared Parts for Deformable Part-based Models

Chapter 3 introduces an extension to Deformable Part-based Models (DPM) [38], which
represent the current state-of-the-art in object detection by describing an object as a col-
lection of parts that can move around subject to spatial constraints. In addition, the DPM
uses mixture models [63] to capture large variability of appearance of an object class.

A challenge of such models is the efficient usage of available training data: in the
original scheme proposed by Felzenszwalb et al. [38], increasing the number of parts and
mixture components leads to a decrease in available training data per mixture component
and an increase in number of parameters.

In Chapter 3 we extend the formulation of such models in a way that allows for a more
efficient use of limited training data by sharing parts among all components of the mixture
model [97]. Through our experiments we demonstrate that the proposed models offer
superior detection performance over models that do not share parts, while also reducing
the number of parameters and consequently allowing for faster evaluation at test time.
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Detection of Partially Visible Objects

In Chapter 4 we augment the sliding window framework with the ability to handle partial
visibility of an object instance. Sliding window detectors generally consider the entirety
of an object instance is visible. This is problematic as the detector expects to find salient
features corresponding to the object of interest in the occluded region. The absence of
these features in the occluded region can lower the overall score of the detection and thus
cause the object to be left undetected.

In order to address this problem we propose to treat visibility of an object class as a
latent (hidden) variable. The inference of this latent variable allows to predict the visible
regions of an object instance. We introduce a mechanism that uses this prediction to
compensate for the decrease in the detection score caused by occluded regions of an
object.

In addition we also propose a novel non-maximum-suppression (NMS) scheme which
takes partial visibility of an object instance into account. Our method incorporates the
inference about the visible parts of the object into the NMS scheme and as a consequence
allows detection of objects which occlude each other to large degree.

We experimentally demonstrate that the proposed method for partial visibility model-
ing yields stronger qualitative results compared to common object detection schemes in
that we are able to report on the visible extent of an object instance. In addition the pro-
posed method improves detection accuracy over a model which does not have the ability
to model partial visibility of an object class.





CHAPTER 2

IMPLICIT COLOR SEGMENTATION

FEATURES

2.1 Introduction

One of the most successful recent methods for object detection is that proposed by
Dalal & Triggs [23]. They propose Histogram of Oriented Gradients (HOG), which com-
bines an image descriptor capturing local gradient orientation with a linear support vector
machine (SVM) classifier in a sliding window framework. The method proposed in this
chapter was originally motivated for the task of pedestrian detection [96] and hence we
provide experiments on the INRIAPerson dataset [23] as well as the PASCAL VOC 2010
dataset [30].

2.1.1 Chapter Contributions

In this chapter we extend the method of Dalal & Triggs by proposing a novel feature ex-
traction scheme which incorporates segmentation cues in the feature descriptor. Figure 2.1
motivates the work undertaken in this chapter. While some objects exhibit specific colors

21
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(a) sheep (b) car (c) car segmentation

Figure 2.1: Color can be useful for discriminating an object class from the background
or other object classes, e.g. sheep are often white (a). Most object classes of the PAS-
CAL VOC 2010 [30] appear however in many different colors e.g. the ‘car’ object class
(b). The ability to know the color of an object class can potentially help to yield more
discriminative features e.g. by computing a segmentation of the image (c) which in return
can be used to extract stronger shape features of the object class.

such as sheep, which are usually white, others e.g. cars do not. Therefore in the former
case color can be used a class-specific indicator while in the latter case instance-specific
knowledge regarding the color of the object must be exploited. By being able to identify
foreground and background (Figure 2.1 (c)), stronger discriminative features (e.g. shape)
can be extracted and used for classification in a sliding window detector.

The main idea behind our approach is to compute window-specific features which
adapt to local image characteristics – color of foreground (object) and background. This
differs from conventional feature extraction methods e.g. HOG [23] which compute fixed
descriptors independent of the local image statistics. By using such local estimates of
foreground and background statistics, a ‘soft segmentation’ of an image region is com-
puted. Gradients in this segmentation image amplify edges between object and back-
ground, while reducing clutter from variation in texture and shading.

A key contribution of this chapter is that the soft segmentation is obtained in a com-
putationally efficient manner by local linear projections of the original image, such that
the approach is suitable for use in a sliding window scheme.

While exploiting color information, the proposed method does not assume any class-
level color model, so it is applicable to object categories e.g. people/vehicles which vary
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greatly in color. Compared to other methods which have exploited color-based segmen-
tation to aid detection [117, 105], our method incorporates segmentation cues directly in
the feature extraction and learning process, rather than as a separate post-processing step.

Chapter Outline

Section 2.2 introduces related work. The HOG descriptor, on which we base our method,
is reviewed in Section 2.3. Section 2.4 describes the proposed approach. We report ex-
perimental results in Sections 2.6 and 2.7. Conclusions are offered in Section 2.8.

2.2 Related Work

In this section we first present related work on the pedestrian detection task. Further
related work on the more general object detection task will be discussed in Chapter 3.
Specifically this section focuses on Histograms of Oriented Gradient (HOG) features and
extensions thereof because our method is also based on HOG features. In addition, we
present recent developments in feature development and engineering. A very detailed
overview of state-of-the-art approaches to pedestrian detection is provided by Dollar et

al. [27]. The second part of this section introduces two specific pieces of work that moti-
vate the research in this chapter.

2.2.1 Pioneering Work

Most, and indeed the most successful, approaches to pedestrian detection can be consid-
ered sliding window classifiers or template matchers. We have explained sliding win-
dow detectors in Section 1.3 and briefly summarize: a classifier is applied to every win-
dow of an image over multiple scales, yielding a positive (pedestrian) or negative (non-
pedestrian) output for each window.

The pioneering work on chamfer matching by Gavrila & Philomin [52] deals with
the task of developing a real-time pedestrian detection system to be used in a vehicle.
Chamfer matching can be viewed as sliding window classification, using a threshold on
distance to a hierarchy of edge templates as the classifier.

Early work by Papageorgiou and Poggio [100] uses a wavelet representation of a
window and an SVM classifier for the task of pedestrian detection. Their work is also
motivated by the specific application scenario as a ‘driver assistance system’ in a car.
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Viola et al. [139] applied AdaBoost learning [46] and Haar-like features, essentially
building on previous experience in face detection [138], and adding features computed
over several frames to capture dynamic cues in videos. Haar-like features, as used by
Viola & Jones [138] and introduced by Papageorgiou et al. [99], measure the difference
between the sum of grayscale values in two rectangular regions of the window. As there
are many possible combinations of such rectangular regions, even for small windows,
Viola & Jones use a cascade architecture [46] (Section 1.3.4) to select the best set of
descriptors during learning of the classifier.

2.2.2 Histograms of Oriented Gradients

The Histogram of Oriented Gradients (HOG) feature descriptor proposed by
Dalal & Triggs [23] has proven particularly successful, achieving perfect performance
on the MIT database used in earlier work [100], and this has sparked new interest in the
pedestrian detection problem. We briefly discuss the method here and fully review it in
Section 2.3 since we build upon it. Within a window the HOG descriptor computes local
histograms of gradient orientation in a set of square ‘cells’. These cells are laid out on a
regular grid with adjacent cells aggregated and normalized to give ‘blocks’ with greater
invariance to local lighting and spatial deformation.

HOG features are closely related to SIFT (Scale-Invariant Feature Transform) descrip-
tors [83], which also compute local histograms of gradient orientation in a set of square
cells but do not further organize them into a block structure. While Dalal & Triggs com-
pute HOG features in a dense arrangement for an entire window, SIFT features were
originally proposed as an image patch representation for matching scale-invariant key-
points.

The computational efficiency of the Dalal & Triggs detector has been improved by
Zhu et al. [148] by applying the cascade architecture popularized in Computer Vision by
Viola & Jones [138] for the task of face detection – see also Section 1.3.4.

2.2.3 Feature Development and Engineering

Recent work on feature engineering has focused on combining HOG features with other
types of features. Wang et al. [140] train global pedestrian detectors by combining gradi-
ent (HOG) and texture features (Local Binary Patterns, LBP) [91]. In addition to combin-
ing these feature channels their method considers occlusion of the object class, computing
a patch-wise response map for a global detector by ‘splitting’ the linear classifier coeffi-
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cients into patches and segmenting this response map using a mean shift algorithm [20]
to infer occluded regions. Their method yields a significant improvement in detection
accuracy on the INRIAPerson dataset [23].

Schwartz et al. [115] combine gradient, texture and color features into a sliding win-
dow framework, showing that multiple feature channels can increase detection accuracy.
They use Partial Least Squares (PLS) analysis [143] to reduce the dimensionality of their
feature descriptors. The low dimensionality of the final feature vector allows them to
classify each window using a non-linear SVM, yielding a significant performance im-
provement compared to a linear SVM.

Tuzel et al. [131] have reported improved results using a method which describes an
image window in terms of the covariance matrices of features based on intensity deriva-
tives. These covariance matrices lie on a Riemannian manifold and Tuzel et al. propose
an adapted LogitBoost [47] classifier to perform classification on these manifolds. Both
Tuzel et al. [131] and Schwartz et al. [115] recognize the need to combine advanced
feature descriptors with a non-linear classifier to achieve good detection performance.

Vedaldi & Zisserman [136] suggest approximating the feature maps of the additive
kernels of an SVM classifier to achieve good performance along with execution speed
comparable to that of linear classifiers. Kernel SVMs, which are explained in Sec-
tion 2.5.2, use feature maps to ‘lift’ a window’s feature descriptor to a high dimensional
space, in which classification is implicitly performed with the help of a kernel func-
tion. Computing the kernel function can be slow and hence the method proposed by
Vedaldi & Zisserman derives approximate finite-dimensional feature maps which can be
used in conjunction with a linear SVM and often have indistinguishable performance from
regular kernel SVMs on standard datasets [35, 23, 90].

In this chapter we also explore the possibility of non-linear classifiers and combine
the proposed feature descriptors with an inhomogeneous polynomial kernel [116].

2.2.4 Deep Learning

An alternative to engineering feature descriptors by hand is to automatically learn them.
Convolutional neural networks [76] adopt such an approach by convolving the window’s
content with a set of learned filters. These filters often correspond to edglet-like features
and encode a certain degree of learned spatial invariance. The output of the convolution
of the window with one filter can be used as an input to another convolution, hence giving
rise to an architecture comparable to a neural network [9]. While convolutional neural
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networks have originally been introduced using a supervised training paradigm (i.e. the
classification of a window into object/non-object) by employing the back-propagation
algorithm [108], unsupervised approaches have recently also been used [58, 106]. Such
approaches focus on learning a feature representation for a set of windows independent
of a specific task.

Convolutional neural networks are part of the research area of Deep Learning [57,
8], which considers the learning of ‘deep architectures’ for modeling high-dimensional
structured data. Such data is often encountered in Computer Vision tasks such as object
detection or action recognition [75] but also, for example, in the processing of audio
streams [120, 77]. Deep learning approaches for object detection can be seen as sliding
window detectors with a learned feature extraction scheme. While this is theoretically
appealing, hand-crafted feature extraction schemes still provide better detection accuracy
in practice e.g. in pedestrian detection benchmarks [69].

2.2.5 Pedestrian Detection by Pose Estimation

In addition to enriching or extending the feature vector per window, various authors have
proposed to improve pedestrian detection by combining it with efficient pose estimation
techniques.

Work by Tran & Forsyth [128] employs structured learning to incorporate detailed
2D pose estimation in the detection process, estimating pose for every image window
(positive or negative). The proposed model combines pose-specific image descriptors
with a global window descriptor and uses an SVM to reach a classification decision.

Lin & Davis [82] have recently proposed a scheme which extracts instance-specific
features based on template matching. Edge templates are used to build a part-template
tree, which can be parsed to infer the pose of a hypothesized pedestrian. Provided with
this pose the method of Lin & Davis extracts only features covered by the pedestrian and
passes them to an SVM classifier.

Okada & Soatto [92] proposed to divide the pedestrian class into disjoint sub-classes
by pose, and train individual classifiers for each. They report modest improvements on the
detection problem, and apply the method to improve regression-based pose estimation.

Felzenszwalb et al. [38] also estimate the position of parts, but use semi-automatically
learned parts rather than manually defined limbs. This method gives very promising
results on the challenging PASCAL VOC databases [32] and has more recently shown
promising results on the INRIAPerson dataset [53]. In Chapter 3 of this thesis we pro-
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pose extensions to the work of Felzenszwalb et al. [38].

2.2.6 Caltech Pedestrian Dataset

Dollár et al. [26] presented a pedestrian detection benchmark comparing multiple detec-
tors on the new Caltech Pedestrian dataset. The new dataset is significantly larger than
the INRIAPerson dataset [23], which is used for evaluation purposes in this chapter, and
additionally suggests a new per-image performance evaluation measure. Compared to the
per-window measure popularized by Dalal & Triggs [23], their measure is more robust
w.r.t. possible artifacts at the border of an image but requires an additional non-maximum
suppression (NMS) procedure to produce a final set of detection per image.

In this chapter we will use both per-window [23] and per-image [32] performance
evaluation on the INRIAPerson dataset to test the proposed novel feature descriptor.

2.2.7 Motivation

The proposed method is inspired by two pieces of work which incorporate segmentation
cues for object detection and tracking.

Using Segmentation to Verify Object Hypotheses

Ramanan [105] proposed a scheme for ‘verification’ of detections from a sliding window
detector by segmenting the window and verifying if the segmentation resembles the object
class of interest e.g. a pedestrian. An overview of the method is shown in Figure 2.2.

Initially all windows in an image are evaluated using a regular Dalal & Triggs detec-
tor and only windows that score above a specific threshold are analyzed further. These
windows are then segmented using a weak prior on object shape learned from unseg-
mented training images, representing foreground/background color distributions using a
color histogram, and applying a GraphCut segmentation method [13]. A linear classifier
is applied to the resulting binary segmentation mask to verify the hypothesized detections.
The method can be seen as a ‘post-processing’ filter on the detections – training of the
sliding window detector is performed independently of the segmentation process.

The proposed method is suboptimal as detection and segmentation are performed sep-
arately. It is also computationally demanding because GraphCut [13] has to be performed
for many windows.
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Figure 2.2: The ‘verification by segmentation’ method of Ramanan [105]. As a first
step a regular Dalal & Triggs detector is applied to every window, yielding hypothesized
detections. Segmentations based on a weak initial prior are then computed for those
windows scoring above a specific threshold. The resulting segmentation masks are passed
to a catergory-specific linear classifier which derives a score and hence verifies the object
hypothesis. Figure reproduced with permission from Ramanan [105].

We use the idea of incorporating instance-specific appearance into the detection pro-
cess, but integrate this into the classifier learning. Our method is highly efficient, allowing
us to create segmentations at the window level without the use of an initial filtering detec-
tor.

On-Line Selection of Discriminative Tracking Features

Collins et al. [19] propose a method for extracting discriminative features for tracking
which are adapted to the surroundings of the object to be tracked in each frame.

The approach is particularly elegant in its simplicity: given the bounding box of the
object and a larger bounding box capturing the background appearance in its immediate
neighborhood, the method picks between a set of pre-defined linear transformations of the
RGB color space, choosing the transformation which maximizes discrimination between
the object and background region in the current frame. This transformation is then applied
to pixels in the next frame (assuming some coherence across frames), obtaining better
foreground/background discrimination with which to drive the tracker.

We exploit this idea of using different transformations of the color space to ‘pull out’
stronger foreground/background features, applying the approach to image windows.
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2.3 Histogram of Oriented Gradients

In this section we review the HOG descriptor and detection scheme proposed by
Dalal & Triggs [23].

2.3.1 The HOG Descriptor

The feature extraction scheme is visualized in Figure 2.3. HOG descriptors are ex-
tracted for every window separately – see Figure 2.3 step (a). In the original scheme
of Dalal & Triggs [23] the image is first gamma- and color-normalized (b). In our im-
plementation we skip this step as we have not found any noticeable increase in detection
accuracy from it.

Accumulation of Gradient Responses

For each pixel within the detection window the image gradient is computed – this is vi-
sualized in step (c) of Figure 2.3. In Section 2.3.3 we explain how these gradients are
computed and further note why the method suggested by Dalal & Triggs can be problem-
atic.

In the next step (d) gradient responses are accumulated into bins over (i) orientation,
and (ii) spatial regions (‘cells’). An individual cell and the grid of cells is shown in
Figure 2.3 (d). Within each cell, a histogram of gradient orientation is computed by
quantizing the gradient orientation and casting votes of the magnitude into histogram
bins. These votes are usually bi-linearly interpolated i.e. the magnitude is shared between
neighboring bins. Although many schemes for dividing the image into cells e.g. square
cells or log-polar schemes have been investigated [23], using simple square cells is shown
to be effective as well as computationally efficient [148].

The intuition to binning (quantizing) orientation and spatial position is to introduce
some invariance to local image deformation – object parts can shift around in each cell to
some degree without changing the HOG descriptor significantly.

Blocks and Contrast Normalization

A second stage of spatial accumulation (step (e) in Figure 2.3) groups contiguous ranges
of cells into ‘blocks’. The descriptor for each block is then independently normalized
to have constant norm by dividing each histogram bin in the block by the `2-norm of
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Figure 2.3: Histograms of Oriented Gradient (HOG) feature descriptors as proposed by
Dalal & Triggs [23]. For a given input window (a) color normalization is applied (b)
and the gradient of the image is computed (c). Gradient responses are then pooled w.r.t.
orientation and spatial region (d), giving cells (orange grid) with histograms of oriented
gradient. As a final step these cells are grouped to form blocks which are then normalized
to give contrast invariance (e). Figure reproduced with permission from [22].
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all bins in the block . The blocks typically overlap by one or more cells such that each
cell is represented multiple times (with different normalizations) in the final descriptor
formed by concatenating all blocks. The block normalization scheme gives some contrast
invariance over a larger scale than that of the individual cells.

Dalal & Triggs [23] investigated various schemes of cell size, shape and spacing, block
arrangement, orientation binning and normalization. For the task of pedestrian detection
in the INRIAPerson dataset [23], image windows are 128 × 64 pixels. A reasonable
scheme is to use blocks of 2×2 cells overlapping by one cell in each direction, square cells
of width 6–8 pixels, 9 orientation bins (discarding gradient sign) and `2 normalization
with a constant term added to avoid amplifying noise in regions with very low variance.

2.3.2 Dimensionality Reduction

HOG features are usually very high-dimensional: a 2 × 2 block of cells with each cell
using 9 orientation bins consists of 4× 9 = 36 components. Since blocks usually overlap
in the window, the number of features per window can grow quickly. In our scheme a
window of size 128× 64 pixels consists of 15× 7 blocks (cell size of 8 pixels) and hence
gives feature vectors with 15× 7× 4× 9 = 3, 780 components.

Inspired by Felzenszwalb et al. [38], we propose a block-based dimensionality re-
duction method motivated by Principal Component Analysis (PCA) [101, 10]. For each
block the corresponding gradient orientation bins of all cells belonging to this block are
accumulated, essentially leading to 9 orientations bins per block. In addition, all orienta-
tion bins within a cell are also accumulated, providing a per-cell ‘energy’. This leads to
a 9 + 4 = 13-dimensional feature vector per HOG block – a significant reduction from
the original 36-dimensional feature vector. For a window of size 128 × 64 the number
of components reduces from 3, 780 to 1, 365. We have established experimentally that
the loss in detection accuracy is insignificant when using the reduced feature vector com-
pared to the ‘full’ vector per block. However, because the per-block dimensionality is
much lower, convolution in the sliding window detector can be executed faster with the
reduced feature set.

We use this dimensionality reduction technique throughout the thesis for all exper-
iments on the PASCAL VOC 2010 dataset [30] and also apply it to the novel feature
descriptor proposed in this chapter.
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Figure 2.4: Detection pipeline for HOG features. Features are extracted on a cell grid
(green) and then independently normalized for overlapping blocks (blue). Image gradi-
ents are computed by picking the gradient from the color channel with the maximum
magnitude. This can potentially increase noise as visualized e.g. the edge of the car is
dominant in the maginitude of the top block resulting in HOG features that do not pre-
cisely represent the outline of the pedestrian. Once HOG features are computed, they are
passed to a linear SVM which gives a confidence score of the entire window.
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2.3.3 Gradient Computation

The HOG scheme can be applied to gray-scale images since it makes use of the image
gradient alone. However, when applying the descriptor to color images, Dalal & Triggs’
implementation computes the gradient at a pixel in each of the red, green and blue chan-
nels, and selects the response with greatest magnitude [23].

This gradient extraction scheme can potentially increase the sensitivity to edges in
color images which correspond to changes in color with no associated change in lumi-
nance. However, because the decision is made independently at every pixel it can also
have the effect of increasing noise – an example is shown in Figure 2.4 in which the
background pixels contribute a disproportionate amount of magnitude to the gradient rep-
resentation.

The gradient extraction scheme does not enforce any ‘coherence’ in the edges, i.e.
as gradient responses are collected from different color channels, edges might not be
represented coherently in these channels and consequently in the final feature descriptor.

In addition the method is agnostic to dark/light vs. light/dark transitions because the
unsigned gradient is typically used, and again cannot capture the likelihood that nearby
edges are likely to be of the same sign. Our proposed method (Section 2.4) addresses
some of these limitations.

2.3.4 Classification

Dalal & Triggs [23] paired the HOG descriptor with a Support Vector Machine
(SVM) [10, 133] classifier in the sliding window framework and investigated the use
of linear and nonlinear kernels [116]. Competitive results were obtained using a linear
SVM which is appealing because of its computational efficiency. We explain SVMs and
kernels in Section 2.5.

2.4 Color Histograms of Oriented Gradient

This section describes the proposed feature extraction scheme. The essence of the scheme
is to extract a descriptor which captures the shape of the foreground object (if any) in a
given window. The extraction scheme consists of two main steps: (i) soft segmentation
into foreground/background; (ii) describing edges in the soft segmentation using a HOG
descriptor. Figure 2.5 visualizes the proposed feature extraction scheme and gives a more
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Figure 2.5: Extraction scheme for CHOG features. For a given input window (left) the
image region (a) is color-normalized (b) (Equation 2.9) and a segmentation image (c) is
derived given the two seed points marked as ‘+’ and ‘-’ in (b) using the method described
in Section 2.4.1. In (d) we derive the gradients (and magnitudes) following Equation 2.8.
In the final step (e) we compute HOG features with signed gradients on the segmentation
image which yields the CHOG features.

detailed overview.

We refer in the following to our features as ‘CHOG’, short for Color Histograms of

Oriented Gradient, to emphasize the extension of the HOG descriptor with color infor-
mation. Figure 2.9 compares HOG and CHOG features.

2.4.1 Soft Segmentation by Fisher Discriminant

Given an image region we can think of segmenting pixels in the region into foreground
and background. We reason that such a segmentation i.e. the object silhouette gives strong
cues to recognition [105].

Let us assume that we are given a sample of RGB pixel values {pi} where i ∈ C1
denotes background pixels and i ∈ C2 denotes foreground pixels. Samples are taken
from a particular image window, so the foreground distribution captures instance-specific
properties (this person is wearing blue trousers) rather than class-level properties (sheep
are white) – see Figure 2.6 (a).

We seek a linear projection of the pixel values which maximizes the separation be-
tween foreground and background. The projection is given by

s (p) = w · p (2.1)
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Assuming that the distributions of foreground and background pixels are Gaussian,
the Fisher criterion [10] gives a suitable means for choosing w:

J(w) =
wTΣBw

wTΣWw
(2.2)

where ΣB is the between-class covariance matrix, given by

ΣB = (m2 −m1) · (m2 −m1) (2.3)

where m1 and m2 are the sample means of the background and foreground classes re-
spectively, and ΣW is the total within-class covariance matrix, given by

ΣW =
∑
i∈C1

(pi −m1) · (pi −m1) +
∑
i∈C2

(pi −m2) · (pi −m2) (2.4)

The value ŵ maximizing J(w) can readily be shown to be:

ŵ ∝ Σ−1W (m2 −m1) (2.5)

This value of ŵ can also be thought of as a classifier, learning to distinguish between
pixels in the foreground and pixels in the background.

Soft Segmentation

We denote the original image as I and an individual pixel by p. Projecting the original
image pixels by

s = ŵ · p (2.6)

gives an image S which can be considered a ‘soft segmentation’ (Figure 2.6) – large
values indicate high probability of foreground, and small values high probability of back-
ground. Gradients in this image give strong evidence for edges between foreground and
background.
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Figure 2.6: Local segmentation model used by our method. (a) Two seed points are
selected, one in the foreground (red) and one in the background (green). Our approach
computes the mean color values in close proximity of the points (rectangles). (b) Blue
crosses show the means of each point clouds in RGB color space. The difference of
the two means yields a projection from foreground to background (black dashed line).
(c) This projection is applied to every pixel in the image. In the resulting segmentation
map high values (warm colors) indicate foreground and low values (cold colors) indicate
background.

A Simplified Model

Equation 2.5 could directly be applied to obtain soft segmentations, but is somewhat com-
putationally expensive because of the need to compute and invert the covariance matrix
ΣW . If we assume that the covariance of both foreground and background distributions
is isotropic i.e. ΣW is proportional to the identity matrix, then the optimalw simplifies to
the difference between the class means:

ŵ ∝ (m2 −m1) (2.7)

In the following we use this simplified model, and justify its use in Section 2.4.2.
Figure 2.6 shows an example segmentation using the proposed (simplified) method.

Projection of Gradients

Our aim is to compute HOG features from the soft segmentation. This requires com-
putation of gradient orientation and magnitude at each pixel. Since computation of the
gradient is a linear operation, the gradient of the segmentation image can simply be com-
puted by linear transformation of the original RGB gradients. Given the original image I
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Figure 2.7: Potential reference points for a single block. The ‘foreground’ color distri-
bution is estimated from pixels in the neighborhood of the +ve point, and ‘background’
from the -ve point. The resulting projection is used for all pixels within the block. Differ-
ent combinations of reference points are useful in the description of different parts of the
object. The first set of reference points (CHOG D1) is potentially useful for the shoulder
region of a pedestrian as shown in the sketch.

we have

∂

∂x
S = w ·

〈
∂
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∂

∂x
IG,

∂

∂x
IB

〉
(2.8)

and similarly for the gradient in the y-direction.

The relevance of this identity is that the gradient of the image under any projection can
be computed without needing to apply the convolution operator to the projected image.
This means that the gradient of any projected image can be computed from the gradient
of the original RGB image. Since, as described below, a large number of projections
are used for every image window, this enables the feature extraction to be performed in
a computationally efficient manner. We refer to the CHOG features as using ‘implicit’
segmentation since the gradients of the soft segmentation used to construct the descriptor
are computed without explicitly computing the segmentation.

2.4.2 Semi-local Segmentation

Thus far we have assumed that we are given a set of sample pixels labeled as foreground
or background. Such samples could be obtained by using an average person mask [105]
to be applied to each window. However, for negative windows this can result in ‘hallu-
cinating’ pedestrian regions. Additionally, the Gaussian assumption made in the Fisher
discriminant will be a poor model when there is significant variation in color within e.g.
the background – Ramanan [105] uses a color histogram, which prevents applying the
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method to every window because of computational expense.

Semi-local Projections

We use a number of semi-local projections rather than a single global sample of fore-
ground and background [105]. For all HOG blocks, a set of reference pairs of image
points chosen at training time are defined as positive (potential foreground) and negative
(potential background).

For a given window the means of the ‘foreground’ and ‘background’ distributions are
estimated from pixels in the neighborhood of these reference points. Since a HOG scheme
is used to describe the soft segmentations, we base the selection of reference points on
HOG blocks. Figure 2.7 shows the selected potential reference points for a block: four
different combinations (horizontal, vertical and two diagonal combinations) are used to
fully cover the range of possible appearance of object edges.

The two diagonal combinations of reference points can model the shoulder region
of a pedestrian as shown by the pedestrian outline underneath CHOG D1 in Figure 2.7.
The horizontal reference points are ideal to model the legs of a pedestrian. Additional
examples of blocks with reference points are shown in Figure 2.9.

For each block in the window and each combination of reference points, the discrim-
inant projection is computed using Equation 2.7 while the gradients of the soft segmenta-
tion within the block are computed using Equation 2.8. These gradients are represented in
the descriptor by a conventional HOG block i.e. histograms over orientation in the 2 × 2

cells of the block.

Using semi-local projections in this way has two advantages over attempting a global
segmentation of the window: (i) the Gaussian assumption enforced by the Fisher discrim-
inant [10] is likely to be well-satisfied given the local color measurements, enabling use of
the simple linear projection scheme for implicit segmentation and gradient computation;
(ii) by choosing projections at training time the method can also capture selected salient
internal gradients, e.g. between shirt and trousers, which is lost in the object silhouette.
Section 2.4.4 offers further discussion.

2.4.3 Color Normalization

When using RGB pixels to form the soft segmentation, a significant component of the
discriminant projections (Equation 2.7) is difference in intensity. We found that results
were improved by using intensity-invariant features, which give complementary cues to



Chapter 2 39 Implicit Color Segmentation Features

original
image

gradient

original image

magnitude of
color-normalized

image

color-

image
color-normalizedmagnitude of

Figure 2.8: Color normalization used by the proposed scheme. Note how the color nor-
malization is able to suppress background clutter due to intensity invariance and ‘pull out’
the different gradients of the pedestrian. To compute gradient magnitudes for this visu-
alization the maximum over individual RGB gradient magnitudes was used as suggested
by Dalal & Triggs [23].
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the intensity gradients used by the HOG descriptor. Prior to computation of projections
and gradients, the RGB image pixels p = 〈pr, pg, pb〉 are normalized thus:

p′ =
p

max(pr, pg, pb) + ε
(2.9)

where ε is a small constant, avoiding unstable results for pixels of low intensity.

Figure 2.8 shows the effect of color normalization on two example images. Note
how the gradients of the color normalized image ‘pull out’ additional edges which are
not prominent in the gradients of the original image. The gradient cues are very often
complementary e.g. the trousers of the second person (lower example in Figure 2.8) are
not visible in the gradients of the original image but appear strongly in the gradients of
the color normalized image.

2.4.4 Discussion of CHOG

Figure 2.9 shows example output of the feature extraction method for both HOG and
CHOG. We show the conventional HOG descriptor using max-RGB gradient (see Sec-
tion 2.3), and the CHOG descriptor using the gradient computed on the soft segmentation
including color normalization (Section 2.4.3).

Stronger Gradient Cues

Note how in the top-left inset CHOG gives a strong response to the boundary of the coat,
and suppresses responses to shading and background clutter. In the top-right inset CHOG
substantially attenuates the gradients introduced by background clutter and emphasizes
the pedestrian’s edge.

In the bottom-left inset CHOG features are not confused by the white bag the pedes-
trian is carrying but give a clean outline of the pedestrian’s shape. This is in contrast
to HOG features which result in strong gradient responses around the bag and weaker
gradient responses for the pedestrian outline.

For the patch region shown in the top-right inset CHOG is able to substantially reduce
the amount of background clutter and emphasize the edge belonging to the pedestrian
c.f . HOG which gives strong gradient responses in the background and results in ‘noisy’
feature representations.
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Figure 2.9: Comparison of feature descriptors. For each block of the window (center
top) a HOG descriptor and CHOG descriptor is computed (insets, right column), each
consisting of a histogram over orientation. CHOG descriptors are computed on a soft
segmentation of pixels in the block into foreground and background (insets, bottom left).
For each block, hypothesized foreground and background samples are taken at reference
points relative to the block (center top). Color normalization (center bottom) is used to
enhance color edges in the CHOG descriptor complementary to the intensity edges in the
HOG descriptor. Note that the CHOG features emphasize the edges of the pedestrian
while attenuating shading on the clothing and edges due to clutter in the background.
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(a) HOG unsigned (b) HOG signed (c) CHOG signed (d) HOG unsigned (e) CHOG signed

Figure 2.10: Additional modeling capacity of CHOG features. (a) HOG features usually
use an unsigned gradient and consequently are not able to distinguish between dark object
/ light background (top row) and dark background / light object (bottom row) since the
gradient sign is discarded; (b) If a signed gradient is used, HOG features distinguish
between both cases but provided with the different brightness relationships between object
and background for both cases, the final (linear) classifier must assign equal weight to
both gradient signs; (c) CHOG features use a signed gradient and consistently capture
background-to-foreground transitions, allowing coherence of gradients to be learned by
weights for a single gradient sign; (d) HOG features are not able to identify inconsistent
color transitions along an edge while (e) CHOG features identify the color switch along
the edge.

Additional Modeling Capacity

Figure 2.10 shows the modeling capacities of HOG and CHOG descriptors for the com-
mon case where the foreground object may be brighter or darker than the background. By
using consistent projection of the image gradients in a foreground-to-background direc-
tion CHOG features combine the invariance of HOG to the bright/dark relationship be-
tween object and background with the ability to capture coherence of gradient sign given
locally coherent background intensity. This is important as it gives gradients of simi-
lar orientation for the two cases of dark/light and light/dark foreground and background
(Figure 2.10 (c)) c.f . HOG with unsigned gradient, which does not have this capability
(Figure 2.10 (a) & (b)).

Coherence in Edges

By use of consistently signed gradients CHOG is also able to distinguish between
noisy edges in background regions and coherent gradients corresponding to true ob-
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ject/background edges. We are therefore able to model color consistency along an edge:
if the color configuration along an edge switches, CHOG features will respond in a ‘flip’
of the gradient direction (Figure 2.10 (e)) while HOG features are not able to identify the
color inconsistency ((Figure 2.10 (d)). This is important because HOG features tend to
hallucinate the presence of an object in highly textured regions, i.e. regions with strong
gradient responses.

2.5 Classification

We create a composite descriptor by concatenating HOG and CHOG blocks (see Fig-
ure 2.9). Combining the two is effective since the gradient information from the origi-
nal and intensity-invariant soft segmentation images is complementary as shown in Fig-
ure 2.8.

2.5.1 Support Vector Machines

Dalal & Triggs [23] paired the HOG descriptor with a Support Vector Machine
(SVM) [133, 10] and we follow this approach.

To classify an individual feature vector x the SVM uses a linear function:

h (x) = w · x+ b (2.10)

where w is a vector modeling the appearance of an object class and b is a bias term.
Throughout the thesis we refer to function h (·) as a detector.

The training algorithm of an SVM searches for the maximum separating hyperplane
w of positive and negative training data, which is represented by the training dataset

T =
{(
x1, y1

)
,
(
x2, y2

)
, ..., (xn, yn)

}
(2.11)

where xk is the feature vector of the k’th training example. yk ∈ {+1,−1} is the class of
the window (either object or non-object) and n is the number of training examples.

SVM training minimizes a loss function to obtain the vector w which separates the
training data. w is usually regularized to avoid over-fitting of the detector on the train-
ing data. We express the training of SVM as an energy minimization problem with the



Chapter 2 44 Implicit Color Segmentation Features

following energy function:

E (w, b) =
λ

2
‖w‖2 +

n∑
k=1

L
(
yk, h

(
xk
))

(2.12)

where ‖·‖2 is the `2-norm and L (·) is a loss function. SVMs use the hinge loss

L
(
yk, h

(
xk
))

= max
{
0, 1− ykh

(
xk
)}

(2.13)

The parameter λ in Equation 2.12 sets the relative importance of the regularization
term w.r.t. the loss term. It effectively defines a tradeoff between generalization (low
norm of w) and the ability to correctly predict the training data (loss term). The hinge
loss satisfies a max-margin definition: only training examples that score inside the margin
(i.e. the hinge loss is not zero) contribute to the overall energy.

Learning a detector is equivalent to minimizing the energy function of Equation 2.12
w.r.t. the appearance vector w and the bias term b:

(w∗, b∗) = argmin
w,b

E (w, b) (2.14)

This optimization problem can for example be solved by deriving subgradients [59]
of the energy function and ‘plugging’ these subgradients into a steepest descent optimiza-
tion scheme, e.g. gradient descent [12] or L-BFGS [16]. The subgradients, which are
necessary because the hinge loss is not differentiable at every position, are given by

∂E (w, b)

∂wt

= λwt −
∑

ykh(xk)<1

ykxkt (2.15)

∂E (w, b)

∂b
= −

∑
ykh(xk)<1

yk (2.16)

i.e. only elements which lie inside the margin of the SVM contribute to the subgradients.
In Chapters 3 and 4 we use this optimization procedure for an extended SVM formula-
tion. In this chapter, however, we use the SVMLight [64] package, which optimizes a
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constrained dual formulation [133] of the energy. We choose SVMLight over other meth-
ods in this chapter because it is significantly faster for SVMs with a kernel, which will be
introduced in the next section.

2.5.2 Kernel Support Vector Machines

SVMs can be learned in feature spaces with higher dimensionality than the original fea-
ture space by the use of a kernel function. When training, such kernel SVM search for a
linearly separating hyperplane in the higher dimensional feature space, effectively defin-
ing a non-linear separation measure in the original feature space.

A kernel SVM maps a feature vector x to a (usually) higher dimensional space H
using a ‘lifting’ function φ (·) and hence a detector is redefined as

h (x) = w · φ (x) (2.17)

This lifting function is usually not explicitly computed but instead implicitly defined
by representing the dot products of any two feature vectors x1,x2 in the higher dimen-
sional space with the help of a kernel function [116]:

K
(
x1,x2

)
= φ

(
x1
)
· φ
(
x2
)

(2.18)

The kernel trick [10, 116] allows us to compute a detector response to a feature vector
x as a weighted sum over the dot products of x and the training examples in the higher
dimensional feature space. To do so the weight vector w is expressed as a weighted sum
over all training examples in T :

w =
n∑

i=1

αiφ
(
xi
)

(2.19)
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The response of a detector to a feature vector x can now be expressed as

h (x) = w · φ (x) + b

=

(
n∑

i=1

αiφ
(
xi
))
· φ (x) + b

=
n∑

i=1

αiφ
(
xi
)
· φ (x) + b

=
n∑

i=1

αiK
(
xi,x

)
+ b

(2.20)

essentially allowing the calculation of a detector response to a feature vector x without
explicitly computing φ (x). A kernel function of the form K (x1,x2) = x1 · x2 is often
called a linear kernel and if it is used the original linear SVM formulation (Equation 2.10)
can be recovered:

h (x) =
n∑

i=1

αiK
(
xi,x

)
+ b =

(
n∑

i=1

αix
i

)
· x+ b = w · x+ b (2.21)

To learn a kernel SVM we minimize the previously defined energy in Equation 2.12
w.r.t. α and b. The regularization term is appropriately redefined to represent the `2-norm
of the weight vector w in the higher dimensional feature spaceH:

‖w‖2H =

∥∥∥∥∥
(

n∑
i=1

αiφ
(
xi
))∥∥∥∥∥

2

=

(
n∑

i=1

αiφ
(
xi
))( n∑

i=1

αiφ
(
xi
))

=
n∑

i=1

n∑
j=1

αiαjφ
(
xi
)
φ
(
xj
)

=
n∑

i=1

n∑
j=1

αiαjK
(
xi,xj

)
= αTKα

(2.22)

The matrixK with elementsKij = K (xi,xj) is called the Gram matrix. It should be
noted that kernel SVMs are much slower to evaluate compared to linear SVMs due to the
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computation of the dot-product between a feature vector and all training examples with
non-zero α-value.

2.5.3 Inhomogeneous Quadratic Kernel

Dalal & Triggs [23] investigated the use of linear and radial basis function (RBF) kernel
functions [116, 10] in combination with HOG features. They only found a small improve-
ment over a much faster linear kernel when using a RBF kernel. However, as reported in
Sections 2.6 and 2.7, we found that results of both HOG and our proposed method CHOG
could be improved by use of an inhomogeneous quadratic kernel:

K(x1,x2) = (x1 · x2 + 1)2 (2.23)

The quadratic kernel is a natural choice in our framework since it can represent mul-
tiplicative dependencies between pairs of features [116]. For example a feature vector
with only two components x = 〈x1, x2〉 one (of many) possible lifting functions for the
quadratic kernel in Equation 2.23 would be:

φ (x) =
〈
(x1)

2, (x2)
2, x1x2,

√
2x1,
√
2x2, 1

〉
(2.24)

The third element of the new feature vector models the dependency between features
x1 and x2. This is particularly relevant for the CHOG descriptor where gradient sign is
meaningful (see Section 2.4.4) and by modeling these dependencies we can model color
consistency along object edges in a better manner c.f . a linear classifier which can only as-
sign individual weights to elements x1 and x2 but not to their multiplicative combination.
Hussain & Triggs [62] have also used a quadratic kernel classifier in combination with a
dimensionality-reduced feature vector [143] but, in opposition to our findings, report only
modest quantitative improvements.

2.5.4 Bootstrapping

Common datasets, such as the PASCAL VOC datasets [32], contain thousands of training
images and consequently millions of possible windows. It is not possible to store the
features of all of these windows in the training dataset.

For this reason we follow Dalal & Triggs [23] and perform bootstrapping [95] to select
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a subset of negative windows salient for the classifier. Bootstrapping applies a learned
detector to the images in the training dataset and scans for high ranking false positives.
These false positives are then added to the training dataset and the detector is retrained.

The goal of bootstrapping is to collect all negative training windows from the training
dataset which lie inside the margin of a hypothetical SVM trained on all windows. Train-
ing on all windows and only on the training examples inside the margin will yield the
same classifier because of the max-margin definition of the hinge loss (Equation 2.13).

2.6 Empirical Results on INRIAPerson Dataset

In this section we will first discuss implementation details and then present quantitative
and qualitative experimental results on the INRIAPerson dataset [23].

2.6.1 Implementation Details

Sliding window detectors have a large number of parameters. This section outlines our
choice of parameters and provides further implementation details for the task of pedestrian
detection on the INRIAPerson dataset.

Window Descriptor

For HOG cells we follow Dalal & Triggs [23] and use 9 unsigned orientation bins. For
CHOG cells, 18 signed orientation bins were used – as noted in Section 2.4.4 the gradient
sign carries ‘inside/outside’ information for CHOG. For both descriptors we use a cell
size of 8× 8 pixels and a block size of 2× 2 cells, with blocks overlapping by one cell (8
pixels) in horizontal and vertical directions, as suggested by Dalal & Triggs. To compute
image gradients we follow Dalal & Triggs and use filters 〈−1, 0, 1〉 and 〈−1, 0, 1〉T in x
and y direction.

For CHOG the neighborhood around each reference point (Figure 2.7) is a 3 × 3

square and the means (Equation 2.7) are efficiently computed by convolving the image
with a 3× 3 box filter prior to computation of the CHOG features.

We note that CHOG descriptors are very high-dimensional feature descriptors: each
CHOG block (Figure 2.7) carries 22 real numbers when using the dimensionality reduc-
tion technique presented in Section 2.3.2. For all four combinations of reference points
(Figure 2.7), HOG+CHOG features therefore consist of 4 × 22 + 13 = 101 components
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per block. A window of size 128× 64 pixels, consisting of 15× 7 blocks, yields a feature
vector with 15 × 7 × 101 = 10, 605 components. HOG+CHOG features are therefore
significantly higher dimensional than their HOG counterparts and this should be kept in
mind when considering training/test time and the physical requirements of RAM.

Training Protocol

We adopt the protocol used by Dalal & Triggs [23]. We initialize the negative training
examples of the dataset with randomly sampled windows of the negative training images,
i.e. images not containing pedestrian instances. The sliding window scheme uses a scale
factor of 1.2 between scale pyramid levels and a stride of 8 pixels between consecutive
windows in x and y direction. Windows are of size 128×64 pixels. This set of parameters
replicates the scheme proposed by Dalal & Triggs [23].

Throughout this chapter the SVMLight package [64] is used for SVM training. We
set the regularization parameter of SVMLight to the default setting.

Bootstrapping Implementation

We perform 3 rounds of bootstrapping on all negative training images. For each scale the
highest ranked false positive window is extracted. Windows are considered false positives
if their score exceeds −1.

Testing Protocol

Results on per-window classification accuracy are reported using the Detection Error
Tradeoff (DET) curve. These curves plot False Positives Per Window (FPPW) against
miss rate and have been explained in Section 1.2.2. We follow the test protocol of
Dalal & Triggs [23] exactly. The sliding window scheme is identical to the one used
at training time (scale factor of 1.2, window stride of 8 pixels).

In addition to the evaluation using DET curves we also present results using preci-
sion/recall curves following the PASCAL VOC evaluation methodology [32]. This eval-
uation methodology counts the highest ranked detection that overlaps at least 50% with
a ground-truth bounding box as a true positive and all additional detections as false posi-
tives. Further explanation is provided in Section 1.2.1.
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Non-maximum Suppression

Since additional detections to the highest ranked one which also overlap by at least 50%
count as false positive (see Section 1.2.1), we require a non-maximum suppression (NMS)
scheme which eliminates redundant detections. For experiments on the INRIAPerson
dataset which yield a precision/recall curve, we adopt the approach of Dalal [22] by treat-
ing detections as points in scale-space and then using a mean-shift technique [20], which
uses an iterative procedure to converge on modes of the distribution of the detections.

2.6.2 Experimental Evaluation

In this section we report results by comparing HOG, CHOG, and published results of
other methods on the INRIAPerson dataset. Results are compared using conventional
Detection-Error-Tradeoff (DET) curves – see Section 1.2.2 for further details. In addition
we also provide results in the form of a visualization of positive SVM weights of the
HOG+CHOG detector.

Comparison of Descriptors

Figure 2.11 (a) shows a comparison of our proposed method (HOG+CHOG) to the origi-
nal HOG method (HOG) on the INRIAPerson dataset. It is conventional to report results
at a false positive per window (FPPW) rate of 10−4 [23]. At this FPPW rate our method
decreases the miss rate from 0.115 to 0.065, a relative improvement of ∼ 44%.

Figure 2.11 (b) shows the corresponding comparison of the two methods using the
PASCAL VOC methodology [32]. In this case our method increases the average precision
(AP) from 66.4% to 75.7%, a relative improvement of ∼ 14% (HOG+CHOG compared
to HOG). The proposed method HOG+CHOG increases both recall and precision, with
no loss of precision at lower recall. Note that DET and precision/recall curves are not
directly correlated since the latter requires suppression of multiple detections which are
counted as false positives [32]. Note that the recall in Figure 2.11 (b) is truncated but
dropping the threshold of the detector further does not improve it significantly.

Figure 2.11 (a) also shows the effect of using subsets of components in the proposed
method. HOG+CHOG(RGB) shows the combination of the original HOG descriptor with
CHOG descriptors using the un-normalized RGB image, giving an improvement of 12%
at 10−4 FPPW. This shows the effectiveness of the proposed color normalization (Sec-
tion 2.4.3). As can be seen, the use of the normalized color gradients (HOG+CHOG)
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(a) Color Normalization and Gradients (b) VOC evaluation methodology

Figure 2.11: (a) Comparison of descriptors. DET curves are shown for HOG,
HOG+CHOG without color normalization (RGB), HOG+CHOG with unsigned gradi-
ents, and the proposed method HOG+CHOG. Curves nearer to the southwest corner are
better. Color normalization and signed gradients significantly improve detection perfor-
mance. (b) Comparison of HOG and the proposed HOG+CHOG method using the PAS-
CAL VOC [32] methodology. Precision/recall curves are shown for the two methods.
Curves nearer the northeast corner are better. CHOG features significantly improve Av-
erage Precision (AP) over HOG features alone. SVM classifiers with quadratic kernel
further increase AP (HOG+CHOG (quadratic)).

gives a substantial improvement compared to the standard RGB image.

HOG+CHOG(unsigned) shows results of the proposed method using unsigned gra-
dients for the CHOG descriptor – this demonstrates that the CHOG descriptor can ex-
ploit ‘inside/outside’ relations by use of signed gradients. As expected, performance is
worse than the signed gradients (HOG+CHOG), in contrast to the original HOG descrip-
tor, where comparable results for signed and unsigned gradients have been reported [23].
The use of signed gradients accounts for ∼ 30% of the overall reduction in miss rate at
10−4 FPPW (HOG+CHOG compared to HOG).

Comparison of Classifiers

We also compared the performance of the proposed descriptor using both, a linear SVM
classifier and an SVM classifier with a kernel. Figure 2.12 (b) shows results for HOG
and HOG+CHOG with linear and quadratic kernel. Use of the quadratic kernel improves
results for both descriptors – at 10−4 FPPW the miss rate decreased from 0.115 to 0.08

for HOG (relative improvement ∼ 31%) and from 0.065 to 0.045 for HOG+CHOG – a
relative improvement of ∼ 31%). On the precision/recall curve using the PASCAL VOC
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Figure 2.12: (a) Comparison of the proposed detector to other state-of-the-art methods.
DET curves are shown for our proposed method, HOG [23], the methods of Lin et al. [82]
and Tuzel et al. [131]. Curves nearer to the southwest corner are better. Our proposed
method gives better miss rate for FPPW rates smaller than 10−3 compared to all other
methods. (b) DET curves are shown for HOG and combined HOG+CHOG descriptors
with linear and quadratic kernels (‘quadratic’). The use of a quadratic kernel significantly
improves performance for both feature descriptors.

methodology [32] (Figure 2.11(b)) using the kernel gives an additional 3.5% improvement
in AP. These are substantial improvements, suggesting it may be fruitful to re-consider
using kernels with these descriptors if computational expense of the kernel evaluation can
be reduced.

Comparison to other Methods

The combination of HOG and CHOG descriptors with a quadratic kernel forms our final
method. Figure 2.12 (a) compares the results obtained with this method to the original
HOG method and recent work by Lin et al. [82] and Tuzel et al. [131]. Comparing at
the standard FPPW rate of 10−4 our method reduces the miss rate by ∼ 30% compared
to the next best method [131]. For FPPW rates less than around 10−3 our method gives
consistently lower miss rate than all other results reported.

Learned Features

Figure 2.13 shows a visualization of the positive SVM weights for a complete set of
HOG and CHOG features. For each cell the orientation with maximum weight is shown.
Because blocks overlap in our feature descriptor we accumulate the positive weights in
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HOG CHOG D1 CHOG D2 CHOG H CHOG V

Figure 2.13: Visualization of the positive weights of the final SVM. For each cell
the orientation of the bar shown denotes the orientation bin with maximum weight.
For CHOG cells, which use signed gradient, orthogonal lines indicate the sign (fore-
ground/background vs. background/foreground) of the orientation bin. The labels cor-
respond to the choice of projection reference points (see Figure 2.7). CHOG channels
assign high weights to pedestrian parts that emphasize the corresponding block-specific
projections, e.g. the shoulder regions of the pedestrian for ‘CHOG D1’ and ‘CHOG D2’.

each cell.

It can be seen that the HOG channel models the complete outline of a pedestrian while
the individual CHOG channels assign high weight to the parts that are emphasized by the
corresponding block-specific projection. For ‘CHOG D1’ and ‘D2’ (diagonal reference
points – see Figure 2.7) these are the shoulder regions. ‘CHOG H’ (horizontal reference
points) assigns high weights to the side regions of the pedestrian.

Note that the maximally-weighted orientations for the horizontal projections have
the same sign – since the reference points for a block are fixed this indicates learning
of consistent inside-to-outside gradient. This shows that, in contrast to HOG features,
CHOG features are capable of learning coherence in color information between fore-
ground (pedestrian) and background – for further discussion see Figure 2.10.

The SVM also assigns relatively strong weights to vertical edges in the top of the
window (Figure 2.13, ‘HOG’). Some previous work [109, 85] has proved erroneous in
learning artifacts of the INRIAPerson training data due to cropping of positive images
and introduction of boundary effects. In addition to strictly following the prescribed test
procedure we have validated these results by excluding the topmost blocks. Examination
of the positive training data also reveals that these edges are a property of the image
context of the pedestrians e.g. arising from surrounding pedestrians and buildings rather
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than artifacts of the collection procedure used for the INRIAPerson dataset.

2.7 Empirical Results on PASCAL VOC 2010

In this section we present quantitative and qualitative experimental results on the PASCAL
VOC 2010 dataset. As before we will discuss details of our implementation first and then
mention quantitative and qualitative results.

For training we use the PASCAL VOC 2010 train subset while cross-validation
on the val subset is used to set parameters of the detector. This approach also allows
us to report precision/recall curves as well as qualitative results, such as example detec-
tions, on the val subset. For quantitative evaluation on test we retrain the detectors on
trainval. We use this training/testing protocol for all models trained in this thesis with
the exception of the detectors using a kernel in this chapter, which we do not retrain on
trainval. Retraining and evaluating detectors using an SVM classifier with kernel is
very time-consuming: most object classes require several days for training and testing.

2.7.1 Implementation Details

Window Descriptor

The window descriptor is almost identical to the one used for experiments on the INRIA-
Person dataset i.e. 9 unsigned orientation bins for HOG cells and 18 signed orientations
bins for CHOG cells. In addition to using HOG features with 9 unsigned orientation
bins as a baseline, we also adopt the approach of Felzenszwalb et al. [38] and combine
HOG features using 9 unsigned orientation bins with HOG features using 18 signed ori-
entation bins. In combination with the dimensionality reduction technique presented in
Section 2.3.2 this yields a 31-dimensional feature vector per block.

Different to previous experiments, a cell size of 6 × 6 pixels is used. Blocks consist
of 2 × 2 cells and overlap by one cell in horizontal and vertical direction. We chose the
slightly smaller cell size over the 8 × 8 variant of Dalal & Triggs [23] because we have
found that it yields slightly better results.

Experiments with a polynomial kernel SVM only use CHOG features D1 and D2
(see Figure 2.7) for efficiency reasons – executing the kernel on a very high-dimensional
feature vector is very time consuming and we have found that only using D1 and D2
features does not significantly reduce detection accuracy on PASCAL VOC 2010 when
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object classes height
aeroplane, bird, cat, sofa, train 48 pixels

bike, boat, bus, car, cow, table, dog, horse, mbike, sheep, tv 54 pixels
bottle, chair, person, plant 96 pixels

Table 2.1: Height of the bounding box used for feature extraction for different object
classes. Because some object classes are naturally taller than others (e.g. person compared
to car), they require a taller window.

used in combination with a polynomial kernel.

Window Size

We obtain initial positive training examples by extracting them from training images con-
taining the object class of interest. We only consider positive training examples which are
not flagged difficult, occluded or truncated by the PASCAL VOC 2010 annotation.

Each training example is normalized to have a fixed height. Because some object
classes are naturally taller than others (e.g. ‘person’ compared to ‘car’) we initialize the
height of each object class independently. To do so we arrange the object classes intu-
itively into three groups and assign heights to these groups as shown in Table 2.1. The first
group consists of relatively long objects. The third group consists of objects that are usu-
ally tall (e.g. a person standing) while the second group consists of all other objects. The
width of a window is set equal to the 75th percentile of the width of all bounding boxes.
We add a 6 pixel border around each window to capture possible cues in the background.

Predicted Bounding Box

We predict an ‘average’ bounding box per detection. This average bounding box is chosen
in such a way that it maximizes overlap with all bounding boxes of the positive training
instances. Our detector effectively gives the center point of a detection and we predict
the average bounding box around this point. The average bounding box for a ‘car’ and
‘bicycle’ detector (HOG features only) is shown in Figure 2.14.

Initial Feature Extraction

To extract HOG/CHOG features of the positive training examples we center the window
on these examples according to their ground-truth bounding box and extract the feature
vector. Every positive training example is left/right flipped to create mirrored ‘virtual’
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(a) car detector (b) bicycle detector

Figure 2.14: This figure shows car and bicycle detectors by plotting the positive SVM
weights for each orientation bin in a HOG block. The blue bounding box represents the
average bounding box.

training examples, essentially doubling the amount of available positive training data. Ini-
tial negative examples are obtained by extracting 200 windows from the center of training
images which do not contain the object class of interest.

Non-maximum Suppression

To create a final set of windows for a test image we adopt the greedy non-maximum-
suppression (NMS) scheme of Felzenszwalb et al. [38]. This scheme iteratively selects
the highest scoring window and removes all windows overlapping by a certain degree.
The scheme stops if all windows have either been selected or removed.

Cross-validation on the PASCAL VOC validation dataset (val) is used to set the over-
lap threshold. We consider possible values in the range of 0.2 to 1.0 and select the one
with the highest AP. We chose this NMS scheme over the mean-shift-based technique of
Dalal [22] because it performs slightly better and is also used by the method of Felzen-
szwalb et al. [38].

It is important to note that the overlap measure of Felzenszwalb et al. is not the one
used by the PASCAL VOC challenges [32] (see Equation 1.1) but the division of the
intersection area of two bounding boxes by the area of the lower ranked bounding box.
That is, given two detections with bounding boxes Bl, Bk where the detection of Bl is the
selected higher ranked detection, the overlap measure is

ov (Bl, Bk) =
area (Bl ∩Bk)

area (Bk)
(2.25)
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This overlap measure has the main effect that lower ranked detections which are fully
contained within the higher ranked detection are removed as they always overlap 100%

given the above measure of overlap.

We also apply non-maximum suppression for each scale separately when bootstrap-
ping, using an overlap parameter of 70% [38]. This has the main effect that not all neigh-
boring false positives are added to the training dataset but only the highest ranked one.

Training Protocol

We use a maximum of 10 rounds of bootstrapping and stop early if fewer than 200 false
positives are extracted. Every round we scan 200 randomly selected training images,
extracting a maximum of 3 false positives per scale.

Different to the experiments on the INRIAPerson dataset a stride of 6 pixels is used
for the sliding window detector in x and y direction, and the resizing factor between scale-
levels is 1.2. We chose a smaller stride between consecutive windows because it yields
better performing detectors.

Bootstrapping Implementation

During bootstrapping we scan training images for high ranking false positives. We con-
sider windows as false positives if they have a score above a threshold of −1 (the SVM
margin) and the predicted average bounding box does not overlap at all with any ground-
truth bounding box of the object of interest.

Testing Protocol

The test protocol matches the training protocol. The stride of the sliding window detector
is set to 6 pixels and the resizing factor between scale-levels is 1.2.

Truncated Objects

To compute HOG and CHOG features, we first compute HOG/CHOG cells at every pixel
in the image. For HOG features this can be efficiently realized by the use of integral
images [148, 138]. Look-up-tables are a fast way to compute gradient orientation and
magnitude per pixel. Block normalization is then a simple matter of picking the cells
in a pre-defined stride, which in our implementation corresponds to the size of a cell,
concatenating them and applying the `2 normalization to achieve contrast invariance.
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To detect objects which are partially visible due to truncation by the image boundary,
we pad the HOG/CHOG cell representation prior to block normalization with additional
cells at each side of the image by 50% of the size of the window. These additional cells
have all bin responses set to 0. This padding is applied to all training and test images at
each scale separately. During block normalization the entire feature vector of a block is
set to 0 if it contains as much as a single cell which is considered not visible. We have
found experimentally that padding the image with more than 50% of the window size
does not improve detection accuracy further.

We recall that the sliding window detector densely scans an image and once the scan
is completed the image is rescaled by a fixed factor. This scheme usually exits once no
window fits into the resized image anymore. In our implementation images are padded
with 50% of the window size at each scale, causing the sliding window detector not to
exit anymore because the actual image size will always be larger than the window size
due to the additional padded areas. We therefore stop creating additional scale levels for
the sliding window detector once either the width or the height of the original unpadded
image is smaller than a third of the width or height of the window.

Image padding is only performed for the PASCAL VOC and not for the INRIAPerson
dataset because Dalal & Triggs [23] dictate a strict evaluation protocol which does not
allow for padding of the image boundary.

2.7.2 Quantitative Results for PASCAL VOC 2010

Table 2.2 shows Average Precision (AP) for all 20 VOC classes on the comp3 challenge
test-set. We compare HOG features and HOG+CHOG features utilizing an SVM with
linear and quadratic kernel.

Comparison of Descriptors

Similar to the results on the INRIAPerson dataset, we observe a substantial performance
improvement when combining HOG and CHOG features compared to using HOG fea-
tures alone. For a linear SVM classifier HOG+CHOG gives best AP for all classes.
Substantial improvements in AP can be observed for various classes, including rigid
object classes such as ‘aeroplane’, ‘motorbike’ and ‘train’ as well as more articulated
object classes such as ‘cow’, ‘horse’ and ‘sheep’. For example, AP for the ‘motor-
bike’ class improves from 10.8% to 20.2% – a relative improvement of 87.0%. For the
‘train’ class AP improves from 2.8% when using HOG features to 11.9% when using
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AP (on test) aero bicycle bird boat bottle bus car
HOG 16.5 24.2 0.0 0.1 0.1 22.7 14.0

HOG-31 22.2 25.3 0.0 0.8 5.0 25.7 17.5
HOG+CHOG 21.9 25.0 0.4 2.2 6.1 24.7 16.2
HOG (quad) 27.1 24.5 2.2 4.6 9.1 27.3 18.0
H+C (quad) 24.4 24.3 1.7 4.4 9.1 27.5 18.3

AP (on test) cat chair cow table dog horse person
HOG 0.1 2.0 0.4 1.9 0.1 0.6 6.9

HOG-31 0.5 3.3 2.2 2.7 0.5 8.3 9.7
HOG+CHOG 2.3 4.4 3.4 2.1 2.8 8.8 15.6
HOG (quad) 4.1 5.1 4.6 2.5 7.1 12.8 11.8
H+C (quad) 4.9 5.4 5.4 1.9 7.0 13.1 14.7

AP (on test) mbike plant sheep sofa train tv mean
HOG 10.8 2.4 0.3 1.4 2.8 21.3 6.4

HOG-31 15.6 3.4 10.0 2.5 11.1 25.1 9.6
HOG+CHOG 20.2 4.9 10.8 2.2 11.9 26.3 10.6
HOG (quad) 20.7 3.3 7.6 2.5 9.6 25.3 11.5
H+C (quad) 22.8 4.6 12.4 2.6 12.3 26.4 12.2

Table 2.2: PASCAL VOC 2010 results (comp3, test-set). We show Average Preci-
sion (AP) for detectors using HOG features (with unsigned gradient), HOG features
with signed and unsigned gradient (HOG-31) and a combined feature vector of HOG
and CHOG features. In addition, HOG and HOG+CHOG feature descriptors are either
combined with a linear SVM or an SVM with inhomogeneous quadratic kernel (‘quad’).
The best AP per object class is shown in bold font. AP improves for all object class when
comparing for HOG+CHOG to HOG.
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HOG+CHOG feature descriptors. Overall mean AP increases from 6.4% for HOG to
10.6% for HOG+CHOG – a substantial relative improvement of of 65.6%.

We also compare our results to the previously discussed 31-dimensional HOG feature
vector introduced by Felzenszwalb et al. [38]. This feature extraction scheme, which
we name HOG-31, combines HOG features with unsigned and signed gradients in one
feature descriptor. In our experiments we have found that it performs better than HOG
features using 9 unsigned gradients (HOG in Table 2.2) with some improvements being
substantial e.g. the ‘motorbike’ object class which improves from 10.8% for HOG to
15.6% for HOG-31. Mean AP increases from 6.4% to 9.6$ – a relative improvement of
50%.

When compared to HOG+CHOG, HOG-31 tends to perform worse with the exception
of the ‘aeroplane’, ‘bicycle’, ‘bus’, ‘car’, ‘diningtable’ and ‘sofa’ object classes. However,
for these object classes AP results are usually quite close for the two methods. Mean AP
improves from 9.6% for HOG-31 to 10.6% for HOG+CHOG – a relative improvement of
10.4%.

Figure 2.15 shows precision/recall-curves for six selected object classes using the
val-subset of the PASCAL VOC 2010 for evaluation. We observe significant AP im-
provements for HOG+CHOG (megenta curves) in comparison to the usage of HOG fea-
tures alone (HOG, red curves). Precision generally increases for all recall values for the
presented classes. For the ‘person’ class (e) AP improves from 6.3% to 14.9% – a relative
improvement of ∼ 137%. AP improvements are even stronger for the ‘sheep’ class (f):
1.2% for HOG vs. 10.3% for HOG+CHOG. The ‘car’ class (b) also shows a significant
relative performance improvement of ∼ 41.7%.

In addition we compare HOG+CHOG with the 31-dimensional HOG feature vector
which combines signed and unsigned gradients into one descriptor [38] – green curves
in Figure 2.15. This feature descriptor can provide a significant boost in AP e.g. AP for
the ‘person’ object class increases from 6.3% for HOG to 9.2% for HOG-31 – a relative
improvement of 46%. However, as mentioned earlier HOG+CHOG generally performs
better than HOG-31. Precision/recall curves for the remaining object classes can be found
in Appendix A.1.

These results suggest that detection accuracy (measured by AP) can always be im-
proved by the use of CHOG features in combination with regular HOG features indepen-
dent of object class.
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Comparison of Classifiers

For either feature descriptor, performance can usually be increased further through the
use of a quadratic kernel with the SVM classifier. For HOG features alone the nonlinear
SVM improves AP for all classes and mean AP improves from 6.4% to 11.5%. When
the combined feature vector of HOG and CHOG features is used in combination with the
nonlinear SVM, AP improves for 16 of 20 classes and mean AP increases from 10.6% to
12.2%. Note that the detectors using kernel SVMs are not retrained on trainval: we
expect slightly improved AP values (∼ +1%) in case detectors would be retrained.

In comparison to all other listed methods HOG and CHOG features in combination
with a quadratic kernel (H+C (quad)) gives the best AP for 12 of 20 classes as shown in
Table 2.2. Overall the mean AP improves from 6.4% for the Dalal & Triggs [23] baseline
(HOG) to 12.2% for our proposed method – a relative improvement of 90.6%. We did not
evaluate the HOG-31 feature descriptor with a kernel SVM for efficiency reasons.

In Figure 2.15 it can be seen that a quadratic kernel usually improves performance
further for both HOG features (magenta curve) and HOG and CHOG features combined
(blue curve). For the ‘bird’ class (a) the AP improvements are significant when a kernel
SVM is used (HOG quad) – 3.2% vs. 0.1% and 3.6% vs. 0.5% for HOG and CHOG
features (HOG+CHOG (quad)). A quadratic kernel also gives a strong improvement in
AP for the ‘person’ class (e) – 11.3% vs. 6.2% for HOG features and 14.6% vs. 12.8% for
HOG and CHOG features. In general we see strong performance improvements for the
quadratic kernel when it is used to model appearance of a highly articulated class, such as
‘person’, ‘bird’ or ‘dog’.

2.7.3 Qualitative Results for PASCAL VOC 2010

Learned Features

Figures 2.16, 2.17 and 2.18 show positive detector weights for all orientation bins of
CHOG and HOG blocks for ‘car’, ‘bicycle’ and ‘bus’ detectors. For the CHOG represen-
tation the maximum positive weight per cell is shown, by plotting a bar which denotes the
orientation of the bin with the maximum weight. For HOG features we show all positive
bin responses. We additionally show the accumulated positive weights of all channels
in the bottom right subplot. These plots are created by projecting the (dimensionality-
reduced) features of each block to its top-left cell, essentially removing the overlap be-
tween blocks.
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Figure 2.15: Precision/recall curves for selected PASCAL VOC 2010 classes on val,
comparing HOG to HOG+CHOG (linear kernel) and HOG+CHOG using a quadratic ker-
nel. Combining HOG and CHOG features generally improves performance measured
in Average Precision (AP), for most classes substantially. Similarly, the combination
of an SVM with a quadratic kernel improves AP c.f . a linear classifier for HOG and
HOG+CHOG features over a linear SVM. Note that we plot a constrained recall range.
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CHOG D1 CHOG D2

CHOG H CHOG V

HOG Average

Figure 2.16: Visualization of the positive weights of a car detector. As in previous vi-
sualizations (Figure 2.13) the orthogonal lines in the CHOG visualization indicate the
sign of the orientation bin. The labels correspond to the choice of projection reference
points, see Figure 2.7. We show the positive weights of the HOG descriptors, which use
an unsigned gradient in the bottom left subplot, and the positive weights of all channels
averaged in the bottom right subplot. Note the consistent gradient sign for CHOG D1, D2,
and V in the roof area of the car. This indicates that the detector has learned consistent
foreground/background relationships.
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CHOG D1 CHOG D2

CHOG H CHOG V

HOG Average

Figure 2.17: Visualization of the positive weights of a bicycle detector in each feature
channel. Bicycles usually consists of thin and small parts and hence the local segmenta-
tion model will fail. However, due to the color normalization presented in Section 2.4.3
the CHOG channels are still able to represent complementary characteristics of the object
c.f . the HOG channel.
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CHOG D1 CHOG D2

CHOG H CHOG V

HOG Average

Figure 2.18: Visualization of the positive weights of a bus detector in each feature chan-
nel. Similar to the car detector (Figure 2.16) the CHOG channels model consistent fore-
ground/background relationships. Notice for example the representation of the roof of the
bus in CHOG V – most gradient directions are consistently pointing towards the second
reference point.



Chapter 2 66 Implicit Color Segmentation Features

Similar to the positive pedestrian detector weights in Figure 2.13, the HOG chan-
nel models the complete outline of the object classes while individual CHOG channels
concentrate on block-specific projections. Note how for example the gradient orienta-
tion of CHOG D1, D2 and V is similar in the roof region of the ‘car’ and ‘bus’ de-
tectors. This indicates that most maximally-weighted orientations learn consistent fore-
ground/background relations along the edge of the roof.

Bicycles usually consist of many smaller and thinner parts and consequently our pro-
posed segmentation scheme will not be very successful at locally segmenting a bicycle.
In such a case the HOG descriptors usually dominate the final classifier while the CHOG
descriptors still contribute due to the proposed color normalization which extracts com-
plementary edges to the HOG feature channel.

Example Detections

Figure 2.19 shows example detections for HOG and HOG+CHOG when used in combi-
nation with a linear SVM. The detector utilizing HOG+CHOG feature descriptors yields
additional detections (shown as blue bounding boxes) for uniformly colored objects, e.g.
(c) or (d), or objects which exhibit poor lighting conditions – see e.g. (a). In both of
these cases segmentation features will be helpful in yielding stronger gradient responses
than HOG features alone. HOG+CHOG also provides additional detections for ‘visual
outliers’ i.e. object instances which appear very differently to the regular appearance of
that object class – see e.g. Figure 2.19 (i,h). We hypothesize that the additional modeling
capacity of HOG features helps in efficiently representing some outliers.

Figure 2.20 compares detections of detectors using HOG+CHOG features with linear
or nonlinear SVM respectively. The nonlinear SVM helps in detecting (strongly) occluded
object instances – see e.g. Figure 2.20 (c,i,k). Compared to the linear SVM, the nonlinear
SVM also provides tighter bounding box predictions (g,k).

2.8 Conclusions

This chapter proposed a novel feature extraction scheme scheme which incorporates
‘soft’ segmentation cues directly into sliding-window object detection. Because the
proposed method computes segmentations in an implicit manner, it does not require a
specific classifier architecture and can therefore be combined with different architec-
tures [133, 38, 134]. The computation of the proposed CHOG feature descriptors is
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(a) car (b) car (c) car

(d) car (e) car (f) horse

(g) horse (h) horse (i) horse

(j) horse (k) motorbike (l) motorbike

Figure 2.19: Example detections for HOG and HOG+CHOG when used in combina-
tion with a linear SVM. Blue bounding boxes indicate detections of the HOG+CHOG
classifier while dotted yellow bounding boxes indicate detections of the baseline (HOG).
HOG+CHOG gives additional detections when objects exhibit bad lightning conditions
(a) or are mainly of uniform color (e, k). In these cases the local segmentation will yield
more reliable gradient responses than HOG features alone. HOG+CHOG features are
also able to represent object instances in somewhat uncommon configurations, see e.g. (i,
l) and are more reliable in detecting occluded and truncated object instances – see e.g. (b,
c, f, h).
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(a) car (b) car (c) car

(d) car (e) car (f) horse

(g) horse (h) horse (i) motorbike

(j) motorbike (k) motorbike (l) motorbike

Figure 2.20: Example detections for HOG+CHOG when used in conjunction with a lin-
ear SVM (yellow dotted bounding boxes) or SVM with quadratic kernel (blue bounding
boxes). The kernel helps to detect ‘visual outliers’ (f, l) as well as (strongly) occluded ob-
jects – see e.g. (a, c, k). The detector using the kernel SVM also provides more accurate
bounding boxes (g, k).
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efficient due to the ability to express the gradients of the soft segmentation as a linear
combination of original RGB image gradients (Equation 2.8).

Compared to HOG features CHOG features share the same invariant properties
but possess additional modeling capability due to the implicit soft segmentation cues
(Section 2.4.4). Our proposed feature vector has the ability to model consistent fore-
ground/background relationships and yields descriptors which have meaningful gradient
directions (Figure 2.10). This has the effect that CHOG descriptors are able to represent
the existence of consistent colors along both sides of an edge.

In Section 2.5.3 we additionally proposed to combine HOG and HOG+CHOG features
with an SVM using an inhomogeneous quadratic kernel. This specific kernel allows for
the learning of dependencies between pairs of features and hence enables the learning of
relationships between features along edges (Equation 2.23). This property is specifically
useful in combination with CHOG features where gradient sign is meaningful and color
consistency along an edge can be a useful indicator regarding the presence of an object
instance.

The quantitative results show substantial performance improvements for the tasks of
pedestrian detection (Section 2.6.2) and object detection (Section 2.7.2) alike for our
proposed feature descriptor HOG+CHOG compared to the original HOG features of
Dalal & Triggs [23]. For experiments on the PASCAL VOC 2010 dataset [30], mean
AP improves from 6.2% for HOG to 10.1% for HOG+CHOG. The use of an SVM classi-
fier with inhomogeneous quadratic kernel further improves detection accuracy: mean AP
for HOG+CHOG improves from 10.1% (linear SVM) to 12.2% for the kernel SVM.

Qualitative results (Section 2.7.3) show that detectors using HOG+CHOG descriptors
are able to detect further objects. Due to the implicit color segmentation scheme, CHOG
features are particularly useful for uniformly colored objects and objects exhibiting poor
lighting conditions. We are also able to detect additional occluded object instances.

In summary HOG+CHOG features offer superior modeling capability and detection
accuracy compared to regular HOG features while maintaining the relatively low compu-
tational complexity of HOG features.





CHAPTER 3

SHARED PARTS FOR DEFORMABLE

PART-BASED MODELS

3.1 Introduction

Most state-of-the-art approaches to object detection are based on a sliding-window frame-
work. We have described sliding window object detection in Section 1.3 of this thesis and
the work presented in Chapter 2 is an example of a sliding-window detector.

A recent method using this approach, which stands out for its success on the PASCAL
VOC challenges [32] is the Deformable Part-based Model (DPM) of Felzenszwalb et

al. [38]. Most previous sliding-window methods have used a fixed global window descrip-
tor, e.g. the Histogram of Oriented Gradients (HOG) descriptor of Dalal & Triggs [23]
(see Chapter 2). The DPM method incorporates a higher degree of learned invariance by
partitioning the object model into a set of local parts which are allowed to move around
subject to soft spatial constraints. In addition the DPM also uses a global “root part”
which covers the entirety of the object. The root part usually models the coarse appear-
ance of an object class while local parts focus on more detailed characteristics of object
appearance.
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Figure 3.1: The DPM training “dilemma”. We visualize the separation of training data for
DPMs. Each mixture component has 4 parts visualized by smaller and brighter rectangles.
(a) Training data is divided between 2 mixture components. The entire DPM has 8 parts.
(b) Training data is divided between 4 mixture components. Each mixture component
has less training data available compared to (a). The entire DPM has 16 parts, twice the
number of the DPM in example (a). In practice, the linear growth in number of parts
in combination with the linear decrease in amount of available training data per mixture
component results in poor generalization.

The use of parts allows the image descriptor to adapt to the underlying image structure,
and potentially gives improved generalization by the independence assumptions in part
appearance made by the model.

While the notion of parts has a long history in computer vision [45], the use of discrim-

inative part learning in the DPM method, in contrast to the predominance of generative
approaches in other part-based models [89, 146, 44] has proven particularly effective.

The DPM method uses the idea of a mixture model [63, 10] to capture the large vari-
ation in appearance that an object category may exhibit. Different detectors are learned
for different ‘aspects’ or modes of appearance of an object, e.g. frontal/lateral viewpoint.
In the original DPM formulation [38] each of these ‘mixture components’ is effectively
a separate detector, consisting of a linear classifier applied to a global window descrip-
tor and a set of parts specific to that detector. At training time, each mixture component
is essentially trained independently, from a subset of training examples assigned to that
component.

While the mixture model approach used by the DPM has been shown to be effective
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for a small number of mixture components e.g. representing front/side views of an object,
attempting to improve accuracy by increasing the number of mixture components is not
straightforward for two specific reasons:

1. In a DPM each part has a fixed number of parameters that need to be learned at
training time. Since mixture components have separate parts, the number of param-
eters increases linearly with the number of mixture components. We visualize this
behavior in Figure 3.1 by plotting each part as a small, brighter colored rectangle in
each mixture component.

2. Training examples are explicitly assigned to a single mixture component only. A
linearly increasing number of mixture components therefore results in a linearly
decreasing amount of available training data for each mixture component. This
effect can also be observed in Figure 3.1.

In practice, the increase in number of parameters and coinciding decrease in training
data results in poor generalization. In addition, the computational resources needed both
at training and test time increase linearly with the number of parts and mixture compo-
nents.

3.1.1 Chapter Contributions

In this chapter we propose extensions to the DPM which allow more powerful detectors
to be built by making efficient use of the available training data. The key idea is to
share parts between detectors so that (i) the overall number of parameters is reduced,
encouraging generalization from finite training data; (ii) training examples are shared
across all relevant parameters, such that the paucity of available training data has less
negative impact; (iii) computational expense at training and test time is reduced, giving
potential for scaling to a large number of classes and mixture components. The first two
points are illustrated in Figure 3.2 which compares the original DPM [38] to a DPM with
part sharing.

We propose to share parts both (i) within object categories, e.g. a ‘wheel’ part may be
shared across mixture components representing different viewpoints of a car; (ii) across

object categories, e.g. the same wheel part may be shared by detectors for both cars and
motorbikes.

We pose learning of the extended DPM with shared parts as minimization of a novel
energy function allowing simultaneous learning of parts for multiple object classes and
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(a) Original DPM [38] (b) Proposed DPM with shared parts

Figure 3.2: We compare the effect of part sharing for a DPM with 2 mixture compo-
nents. (a) The original DPM of Felzenszwalb et al. [38] divides the training data between
mixture components and learns a separate classifier for each mixture component. In the
example each mixture component uses 4 parts. (b) The proposed scheme makes more
efficient use of available training data by sharing parts across mixture components. This
is visualized by plotting each part (smaller rectangles) in each mixture component. Due
to part sharing, training data is implicitly shared across mixture components, which are
learned in combination.
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mixture components. This additionally results in a ‘modular’ reformulation of the original
DPM [38] which allows for a more compact and intuitive explanation of the original DPM
and the proposed model.

Chapter Outline

Section 3.2 reviews previous work on part sharing and DPMs. In Section 3.3 we fully re-
view and reformulate the DPM method of Felzenszwalb et al. [38]. Section 3.4 describes
our proposed model for sharing parts and Section 3.5 introduces a learning scheme that
allows for coupled learning of detectors for multiple object classes. Section 3.6 presents
qualitative and quantitative results on the PASCAL VOC 2010 dataset [30]. The chapter
closes by presenting conclusions in Section 3.7.

3.2 Related Work

This section presents related work in the area of part-based modeling and part sharing. We
will first introduce related work on deformable part-based models and then discuss related
work in other areas. Sections 3.2.3, 3.2.4 and 3.2.5 specifically discuss approaches that
do not fall into the general sliding window detection scheme which was introduced in
Section 1.3.

3.2.1 Deformable Part-based Models

Part-based models have received a great deal of attention in the literature. The DPM
method of Felzenszwalb et al. [38] simultaneously learns the object detector (a binary
SVM classifier) and parts without part-level training annotation, effectively casting the
problem of part ‘discovery’ as a multiple instance SVM learning problem [3]. We review
this method in Section 3.3.

Zhu et al. [147] reformulate the DPM as a structural SVM learning problem and adopt
the Concave-Convex Programming (CCCP) procedure [145] to allow for efficient learning
of part appearance and part positions, which (similar to the DPM) are treated as latent
variables. CCCP solves the optimization problem that arises in structural SVMs. The
main difference to the original DPM [38] is that Zhu et al. use parts at multiple levels
of feature granularity and organize them in a hierarchical tree-structured model, which
defines the dependencies of parts across different granularities. In contrast, the model of
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Felzenszwalb et al. [38] places all object parts at the same feature granularity while also
using a root part, which models the entire object at a coarser feature level.

Vedaldi & Zisserman [135] also propose a structured output model for object detection
which implicitly models parts by accounting for alignment of the features representing an
object class. Their model also accounts for multiple aspects of an object class as well as
truncation by the image boundary. The key differences to the model of Felzenszwalb et

al. are the use of a structural SVM learner in conjunction with a loss function that takes
the overlap of the predicted and ground-truth bounding box into account as well as the
ability of explicitly modeling truncation by the image boundary.

All of these methods divide the space of object appearance into a separate mixture of
components and define a separate set of object parts for each component. Each mixture
component is learned separately, meaning that training data is split between components,
as visualized in Figure 3.1. This can lead to an insufficient amount of available training
data for each mixture component. In contrast, the method proposed in this chapter sug-
gests sharing parts across mixture components, making more efficient use of available
training data.

Very recently, Girshick et al. [54] proposed grammar models for object detection,
which essentially adopt previous approaches [38, 147] by using DPMs with a tree-
hierarchy of parts over multiple feature granularities as well as a structural SVM formal-
ism for learning. In contrast to other presented DPM methods in this section, the method
of Girshick et al. explicitly shares parts across different mixture components, which cor-
respond to different degrees of occlusion. However, they only perform experiments on
the ‘person’ class of PASCAL VOC 2010 [30] with a hand-crafted model, i.e. the way in
which parts are shared amongst mixture components is pre-defined by a set of hard-coded
rules. In opposition to that, the methods presented in this chapter learn how to combine
different parts in each mixture component and are not constrained to only working with a
single object class.

3.2.2 Sharing Parts in Boosted Classifiers

Previous work on sharing parts across object models has focused on boosted classi-
fiers [111], which compute the confidence of a window with features x by accumulating
responses to a set of weak classifiers, i.e.

h (x) =
∑
i

αihi (x) (3.1)
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where hi (·) are the weak classifiers and αi are classifier-specific weights. In the context
of part-based models, the weak classifiers correspond to object parts and can be shared
across different object models.

Torralba et al. [127] propose a method for selecting weak classifiers simultaneously
for a set of object class detectors. The weak classifiers are essentially template matchers
using a dictionary of image ‘fragments’ inspired by Vidal & Ullman [137]. Torralba et

al. observe that these features, when learned jointly across object classes, correspond
to generic edge-like features, whereas training each object class individually gives more
object-specific features. The run-time cost of their classifiers scales approximately loga-
rithmically with the number of object classes, and hence sharing of weak classifiers allows
for a more efficient framework to be built c.f . not sharing them.

Opelt et al. [94] use a similar approach to learn a ‘visual alphabet’ of shape and ap-
pearance, in which each entry is a weak classifier that can vote for the center of a possible
object instance by using the Generalized Hough Transform [6]. In their framework, shape
is represented by small boundary-fragments [93] (a piece of linked edges), which can be
learned across multiple object classes. Opelt et al. report a sub-linear growth of the visual
alphabet when shape features are learned in conjunction across object categories.

Both methods, Torralba et al. [127] and Opelt et al. [94], provide a significant im-
provement in the efficiency of the detectors as parts can be reused across object classes.
A notable improvement made by the DPM over these methods [127, 94] is the ability
to explicitly model different ‘aspects’ of an object, e.g. viewpoints which may not be
annotated in the training images.

3.2.3 Conditional Random Field Approaches

In addition to methods adopting a ‘conventional’ classifier-based approach to object de-
tection, Conditional Random Fields (CRF) [73] have been used to represent object mod-
els with a dense arrangement of parts. A CRF is a discriminative undirected graphical
model [10], which is globally conditioned on an observation sequence i.e. the image. For
the task of object detection, nodes in the graphical model often correspond to the part-
based evaluation of small image patches and the edges model the dependencies between
these patches.

A particularly elegant piece of work in this area is that of Winn et al. [142] who
propose the ‘layout consistent random field’ (LayoutCRF). To model the appearance of an
object class the LayoutCRF combines local part detectors with a CRF which places intra-
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and inter-class constraints on neighboring parts. Intra-class constraints ensure the proper
layout of an object instance e.g. that the middle of a car should be next to the front, while
inter-class constraints acknowledge different possibilities of object-to-object and object-
to-background transitions. Inference in such a model is expensive and hence Winn et

al. [142] only applied the LayoutCRF at a single scale for experimental evaluation.

The 3DLayoutCRF [61] additionally provides a 3D object representation to guide the
placement of parts, essentially allowing for multi-view object localization. Inference in
this model is still (very) expensive (“1-10 minutes per image” [61]) and requires the limi-
tation to a range of scales as well as the downsampling of the image to a lower resolution.
Compared to the original LayoutCRF, the 3DLayoutCRF provides slightly improved re-
sults on the UIUC car dataset [2, 1]. The authors also report interesting qualitative results
in that their method is able to accurately segment object instances as well as estimate their
orientation.

Schnitzspan et al. [114] follow a similar approach and model part appearance and
location as nodes in a latent CRF, using an EM algorithm to simultaneously discover
parts and learn models of their appearance. The model allows for the learning of the long-
range dependencies of parts rather than just considering neighbor dependencies (c.f . the
LayoutCRF [142]) by iteratively removing and adding possible ‘candidate’ edges to the
graph using structure learning [112]. Schnitzspan et al. have evaluated their method on the
PASCAL VOC 2007 dataset [29] and present competitive results compared to DPMs [38].
However, similar to the LayoutCRFs [142, 61] and different to DPMs, inference in this
model is very expensive (“450 sec per image” [114]) and usually requires each window
to be filtered by the prior execution of a Dalal & Triggs [23] detector to speed up the
detection process.

3.2.4 Implicit Shape Models

Leibe et al. [79] propose Implicit Shape Models (ISMs). These models use the General-
ized Hough Transform [6] to cast votes for possible object centers in scale-space accord-
ing to a learned codebook of appearances of an object class. Each codebook entry can
be thought of as a part in a part-based model. At test time, each ‘activated’ part casts
multiple votes for the centers of hypothesized object instances according to the learned
spatial distribution of the part. A mean shift procedure is then used to derive the final
object locations. The ISM uses a segmentation-based hypothesis verification in a second
step to improve detection accuracy. This verification procedure iterates on the originally
predicted object centers and only uses codebook responses linked to these hypothesized
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object instances, potentially discarding misleading evidence from the background

Many variations of the ISM are available. Gall et al. [48] replace the codebook rep-
resentation of Leibe et al. with a set of class-specific decision trees (a forest) to allow for
discriminative and joint learning of part detectors which are well-localized. Maji & Ma-
lik also propose a discriminative extension to the ISM by defining max-margin Hough
Transforms [86]. Their framework treats the responses to the codebook as well as the spa-
tial distribution of each entry as a black box, which allows them to learn discriminative
weights for the codebook responses. Barinova et al. [7] make the point that the mean-
shift algorithm used by Leibe et al. to derive the final object locations can be potentially
harmful [20] to detection accuracy as it requires a significant amount of parameter tun-
ing and often fails if objects are closely located. In contrast, their method reasons about
which codebook response ‘belongs’ to which object instance in the scene. Barinova et

al. [7] report a significant increase in detection accuracy for their method as well as the
ability to detect closely located object instances. The original ISM of Leibe et al. [79]
uses a robust additive combination of codebook responses to vote for object locations.
Lehmann et al. [78] note that this additive combination is not justified probabilistically.
They overcome this issue by reasoning about the ISM in a sliding window manner and
explain the summation of codebook responses as a consequence of their imposed linear
model.

Almost all ISM approaches [79, 86, 7] can potentially be easily extended to share
parts by learning a joint codebook of the appearance of multiple object classes. Two
approaches, which explicitly consider the sharing of parts, are those of Mikolajczyk et

al. [89] and Thomas et al. [124]. Mikolajczyk et al. [89] propose a scale and rotation
invariant model based on a hierarchical codebook representation of object parts in which
appearance clusters are shared among different object classes. According to the authors,
the hierarchical layout of the codebook allows for fast matching at test time. Thomas et

al. [124] learn individual ISMs for multiple viewpoints which lie on a circle around the
object. In this framework codebook entries from one viewpoint can be transferred to
neighboring viewpoints.

3.2.5 Generative Approaches

Earlier methods have incorporated the idea of part-based models in a generative fash-
ion, by modeling the probability distribution over object appearance using a factorizable
composition of object parts, which can also allow for the possibility of sharing parts.

One of the first pieces of work on the generative modeling of object appearance, which
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has also motivated other work such as the DPM [36], is the Pictorial Structure Model
(PSM) [45, 36]. The key idea in these models is to represent an object as a collection of
connected parts. The connections impose dependencies such as relative location and allow
the overall model to deform. Inference can be made efficient by using tree-structured
models and simple distributions to describe edge dependencies [39].

Fergus et al. [41] propose a generative model for object detection based on a constella-
tion of parts. The authors define a joint probability density over shape, appearance, scale
and part-level occlusion. At test time the model assigns part labels to affine regions [67]
of the image. The constellation of parts is very complex to evaluate and learn because in-
ference requires marginalization over all possible assignments of affine image regions to
model parts. Motivated by the PSM [45, 36], Fergus et al. [42] propose a solution to this
and other shortcomings of the original model by using star models [45] to significantly
reduce complexity while training and during detection. Such models organize parts into a
star structure, enabling efficient modeling of dependencies between parts, such as relative
location.

The method of Fidler & Leonardis [44] also adopts a hierarchical representation of
an object class. In this work “parts are composed of parts” [44] i.e. iteratively built from
smaller subparts defined in the hierarchical representation. At the lowest level edgelet-
type features represent the smallest building blocks. The hierarchical representation al-
lows for sharing of parts across object classes and while the lower layers (fine grained
descriptors) are highly dense and hence shareable, higher layers are sparser and specific
to individual categories. The method has only been evaluated on the relatively simple
UIUC image database for car detection [2, 1] for which it provides competitive results.

Sun et al. [123] propose a generative model based on a Dirichlet Process Gaussian
mixture [11] and define a joint probability density over viewpoint, part appearance (using
a codebook representation), part position and part assignments to affine image regions.
The model is particular interesting because it allows the share parts across different view-
points of an object class. Given a viewpoint, an affine transformation is applied to each
part to fit with the geometric configuration of a particular object instance e.g. wheels of a
three-quarter view car usually appear shorter than those of a side-view car. Similar to an
ISM [79], the model casts votes for the center of an object instance into scale space for
each detected part at test time. Sun et al. have evaluated their method on the PASCAL
VOC 2006 dataset [33] and report Average Precision values which are half as good as the
current state-of-the-art on this dataset [53].

Zhu et al. consider part sharing for multi-view and multi-object detection by propos-
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ing Recursive Compositional Models [146] based on shape appearance, which allow for
hierarchical modeling of parts. However, the models rely on a complex inference scheme
and have not been evaluated on the most challenging datasets [32]. As noted by the au-
thors [146], their framework might require discriminative learning to “produce a system
with high performance” [146]. This is usually the case for generative models, which
have been outperformed by relatively simpler architectures trained using state-of-the-art
discriminative methods [32]. We take this into account and build our proposed method
on the discriminative DPM which has proven performance, extending this approach by
incorporating new mechanisms for part sharing among different viewpoints and object
classes.

3.3 Deformable Part-based Model

In this section we review the DPM [38] and reformulate it in order to incorporate the no-
tion of shared parts. The proposed reformulation is ‘modular’ in the sense that we define
the classifier in terms of individual part responses rather than as operating on a feature
vector formed by concatenating a subset of features determined by the part positions,
c.f . Felzenszwalb et al. [38]. While we propose a renewed formulation of the DPM, we
still use the standard efficient methods for optimization such as the generalized distance
transform [39, 38].

Figure 3.3 (top) provides an overview of the detection process in the original DPM.

3.3.1 Feature Descriptor

The DPM essentially adopts a standard sliding window detector scheme, extracting fea-
tures x for each window of the image. As in the previous chapter and previous work on
DPM [38] we use features based on the HOG descriptor [23], in which local histograms
of gradient orientation are computed in a set of square ‘cells’ laid out on a regular 2D
grid. Adjacent cells are aggregated and normalized to give ‘blocks’ with greater invari-
ance to local lighting and spatial deformation. We describe HOG features in greater detail
in Chapter 2.

In a DPM two layers of HOG features with different granularity are generally used as
shown in Figure 3.3 (a). The first layer models the coarse appearance of the object class
and the second layer models the fine appearance. This specific setup allows for a more
detailed modeling of object appearance as coarse resolution edges such as boundaries
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Figure 3.3: Computing detection scores in the Deformable Part-based Model (DPM) of
Felzenszwalb et al. [38]. The DPM executes separate sliding window detectors for a set of
object parts: (b, left) one root part models the rough outline of the object while (b, right)
part filters model the detailed appearance of object parts. Root parts generally operate at
half the resolution of part filters (a). Each part is allowed to move around subject to some
spatial constraints. Given these constrains, a spatial transformation [39] is applied to each
part response (c). The transformed part responses are then accumulated and added to the
response of the root part (d). This gives the final score of a window. Figure reproduced
with permission from Felzenszwalb et al. [38].
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Figure 3.4: Part extraction and spatial configuration. The window is represented by fea-
tures x. ϕ (·) extracts a rectangular patch of features from the 2D structure of x. The
function ψa (z) in combination with the spatial prior (see text) penalizes the position of a
part z w.r.t. an anchor position a. For visualization purposes we plot the part position z
in the lower right corner of the part.

of the object can be captured by the first layer while the second layer can capture more
detailed properties of the object class.

3.3.2 Parts

Due to the 2D grid structure of the HOG descriptor, object parts can naturally be defined
by extracting a subset of contiguous features from x as shown in Figure 3.4. Let z =

〈zx, zy〉T represent the position of a part within a window, and let us further assume parts
are rectangular and of fixed size. The features describing the image area the part covers are
represented by ϕ (x, z), i.e. the operator ϕ (·) extracts a rectangular patch of features from
the 2D structure of x – see Figure 3.4. Note that throughout this section we assume that
part positions z are constrained to the extent of the window as this allows for an intuitive
explanation of the DPM as well as our extension to the DPM. However, in general and in
our implementation of the DPM parts may move to any position in the image.

The position z of a part is not static but inferred at test time, with soft constraints on
its position learned at training time. By allowing parts to move, the classifier is essen-
tially re-aligned to the underlying image structure, increasing invariance and improving
generalization.
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3.3.3 Inference of Part Positions

Each part is linked to an anchor position and incurs a penalty for moving too far away from
its anchor. The displacement of a part with respect to an anchor position a = 〈ax, ay〉T is
represented by

ψa (z) =
〈
(ax − zx)2, (ax − zx) , (ay − zy)2, (ay − zy)

〉
(3.2)

The DPM defines a linear cost in terms of this displacement s · ψa (z), which is a
quadratic function of the part’s offset from its anchor position. At test time, given features
x the best position z∗ of a part is chosen to maximize the following objective function:

ϑ (x,w, s,a) = max
z∈Q
{w · ϕ (x, z)− s · ψa (z)} (3.3)

where Q is the space of all possible part positions, w is a vector of weights representing
the part filters and a is an anchor position. Part filters can be thought of as a linear
classifier capturing part appearance i.e. a sliding window detector. We call the vector s
the spatial prior of the part since −s · ψa (z) defines a (un-normalized) Gaussian log
likelihood over the part position. This objective moves parts into positions where the part
filters score highest, while the displacement cost soft-bounds the score by penalizing part
displacement w.r.t. the anchor position a. Inference of the part positions is made efficient
using the generalized distance transform [39, 38], which is visualized in Figure 3.3 (c). In
the remainder we refer to ϑ (x,w, s,a) as a part response.

3.3.4 Window Responses

We now briefly outline how part responses defined by Equation 3.3 are combined into
window responses which can be ranked and subjected to non-maximum suppression to
provide detections. This step is illustrated in Figure 3.3 (d).

Let us assume that there is a set of p parts with part filtersW = {w1, ...,wp}, spatial
priors S = {s1, ..., sp} and anchorsA = {a1, ...,ap} as well as a bias term b. To obtain a
window response corresponding to confidence that the window contains the object class
of interest, the individual part responses are accumulated by summing and adding the bias
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term:

g (x) = b+

p∑
i=1

ϑ
(
x,wi, si,ai

)
(3.4)

When computing the confidence g (x), part positions P = {z1, ...,zp} are inferred
by Equation 3.3. We recall that for the purpose of the explanation of the DPM we have
assumed that part positions are constrained to the extent of the window. However, in the
DPM parts can move to any position in the image and are merely constrained by their
spatial priors. As mentioned earlier, DPMs use a root part which models the entirety of
an object. This root part can be interpreted as an individual window in a sliding window
detector and offers a reference frame to define anchor positions.

Note that because the part responses are accumulated by summing, the position of
each part can be inferred independently [38]. This also leads to a ‘modular’ formulation of
the framework – the final classification confidence is defined as a simple sum of individual
part responses. We return later to the question of whether such a simple accumulation
scheme is the best choice.

3.3.5 Mixture Model

Recent datasets for object localization, such as the PASCAL VOC datasets [32], include
objects with substantial variation in intra-class appearance due to both different types of
objects, e.g. models of car, and large variations in viewpoint. To cope with this variabil-
ity we model a class as a mixture model consisting of a set of linear classifiers (mixture
components), where each component may be specialized to a particular sub-class or view-
point, learned at training time. We follow the approach of Felzenszwalb et al. [38] and
compute the final classification confidence h(x) for a window as the maximum over all
the component classifiers gi(x):

h (x) = max
i=1...d

gi (x) (3.5)

where d is the number of mixture components. We refer to function h (·) as the detector

and to the functions gi(·) as the mixture components. The maximally scoring mixture
component m∗ = argmaxm {gm (x)} is called the mixture assignment of the example
with features x.
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3.4 Sharing Parts

In our extension to the DPM we propose to share parts among mixture components and
also across object classes allowing for parts and training data to be used more effectively.
Figure 3.5 (bottom) provides an overview of the proposed framework using part sharing
and illustrates the differences compared to the standard DPM implementation, c.f . Fig-
ure 3.5 (top). In both frameworks part responses are derived from summing responses to
linear part filters (solid lines in Figure 3.5) and spatial priors (dotted lines). In our pro-
posed method, all part responses are linearly combined in each mixture component while
in the standard DPM parts are strictly assigned to one mixture component.

3.4.1 Motivation

Since notionally, and empirically, the mixture components correspond to different view-
points of an object, it is natural to have parts which may appear in multiple mixture
components, e.g. a part which is visible from a range of views. Representing such a
shared part explicitly, rather than requiring an identical part be learned in a set of mixture
components, enables the learning of stronger models given a finite training set.

Sharing parts also allows us to learn stronger models in the sense that efficient mod-
eling of ‘intermediate’ visual modes, such as three-quarter views of an object, becomes
possible. Consider for example a car detector with frontal and lateral mixture compo-
nents. Individually both mixture components will respond rather weakly when presented
with a car from a three-quarter viewpoint. However, by ‘blending’ their part-responses
we can increase the response to such an example.

3.4.2 Shared Parts

While by definition we assume that the appearance of a part is independent of mixture
component e.g. viewpoint, it is reasonable to assume that the spatial configuration of
parts should vary. Consider e.g. a set of mixture components representing a car seen
from viewpoints differing in azimuth from 3/4 rear to 3/4 frontal views – as the viewpoint
changes the appearance of a wheel changes modestly, but the relative position of the front
and rear wheels changes grossly over the range of viewpoints. We therefore propose
a model of part sharing in which appearance is shared across mixture components, but
anchor positions and spatial priors are unique to each component.

In addition we learn ‘combination weights’ β for each part in each mixture component
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Figure 3.5: Comparison of the detection framework of Felzenszwalb et al. [38] and the
framework proposed in this chapter. In both frameworks part responses are derived by
summing responses to linear part filters (solid lines) and spatial priors (dotted lines).
Felzenszwalb et al. framework (top): parts are strictly assigned to only one mixture com-
ponent and object class models are trained independently. Proposed framework (bottom):
part responses are linearly combined in each mixture component. Multiple object detec-
tors can be trained simultaneously while sharing part responses among them.
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which represent (i) whether we expect to observe the part in a particular mixture compo-
nent – this is important since some parts might only be visible in particular components
e.g. in particular viewpoints; (ii) the discriminative ability of a part relative to others in
the same component – this is important in ‘calibrating’ the reliability of different parts.

The response of the lth mixture component for a window with features x is accord-
ingly defined as

gl (x) = bl +

p∑
i=1

βl
iϑ
(
x,wi, sl,i,al,i

)
(3.6)

bl is the bias term assigned to the l’th mixture component. We recall that
ϑ
(
x,wi, sl,i,al,i

)
is the part response of the ith part given a part filterwi, spatial prior sl,i

and anchor position al,i. Note that the part filters are shared (i.e. a single superscript i for
all parts) while spatial priors and anchors are not shared (two-component superscript l, i).
As a result, spatial priors and anchors are each linked to a specific mixture component.

β can be interpreted as a matrix in which the lth row βl represents the combination
weights used in the lth mixture component. This is also shown in Figure 3.5 (bottom) in
which all parts are connected to all mixture components, individually weighted by β. In
our scheme values of β are constrained to be positive, so parts can not explicitly be used
to represent ‘negative’ evidence against the presence of an object class. An individual
value of β is zero if a part is not used by specific mixture component.

3.5 Learning

In this section we describe how we learn a detector h (·) given the training data provided
in the PASCAL VOC 2010 dataset [30]. We cast detector learning in terms of an energy
minimization and explain an optimization scheme in Section 3.5.2. The energy function in
combination with the optimization procedure ensures guarantees of convergence, which
fully motivate the given approach, and are explained in Section 3.5.3.

Notation

Similar to the SVM classifier in Chapter 2 we use a training dataset which consists of
feature vectors of image windows: T = {(x1, y1) , ..., (xn, yn)} where yk ∈ {+1,−1}
is the class of the window (object/non-object) and xk is the feature vector of the kth
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training example. Each training example is assigned latent variablesL = {M,Z}, where
M = {m1, ...,mn} represent the latent mixture assignments and Z = {P1, ...,Pn} the
part positions of each example in T .

Recall that {W ,S} define the appearance and spatial configuration of the parts while
β defines how those parts are linearly combined in the mixture components. We call these
variables the model variables O = {W ,S,β}.

In the following sections we will first explain how to learn these variable for a single
object class, and then provide an extension to model multiple object classes simultane-
ously while sharing parts among them.

3.5.1 Energy Function

The energy function is dependent on the model variables O = {W ,S,β} and assumes a
training dataset T as given. To represent this we write the energy function as E (O| T ).
Note that going forward we discard the bias term from the presentation of the optimization
scheme for the sake of notational clarity.

The energy function consists of two parts: (i) a regularization term, ensuring good
generalization on unseen data and (ii) a loss term, determining how well the detector
predicts the training data:

E (O| T ) = λ

2
R (W ,β) +

n∑
k=1

L
(
yk, h

(
xk
))

(3.7)

where λ sets the relative importance of the regularization term compared to the loss term.
This loss term accumulates prediction errors in form of a loss function L (·) which deter-
mines how deviations of a prediction h

(
xk
)

from the target values yk should be penalized.
As in the previous chapter, the hinge loss is used:

L
(
yk, h

(
xk
))

= max
{
0, 1− ykh

(
xk
)}

(3.8)

The hinge loss is considered a robust loss function due to its max-margin definition:
only training examples that lie inside the margin (i.e. the hinge loss is not zero) contribute
to the overall energy.

Note that the proposed energy function allows for simultaneous learning of multiple
mixtures as h (·) always picks the mixture component that satisfies the inference scheme
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of Equation 3.5. Furthermore the evaluation of h (·) implicitly performs inference on
mixture assignment and part positions for each training example in T .

Multi-class Extension

At this point the energy E (·) is constrained to a single object class. We can extend our
formulation to multi-class learning by reformulating the loss term so that it accumulates
the losses of multiple detectors:

E (O| T ) = λ

2
R (W ,β) +

r∑
s=1

ns∑
k=1

L
(
ys,k, hs

(
xs,k

))
(3.9)

where r is the number of object classes we are considering for training. Each object class
has its own training dataset T s = {(xs,1, ys,1) , ..., (xs,ns , ys,ns)} and detector hs (·), but
note that these detectors may share part responses according to the learned combination
weights β.

Regularization

The regularization term R (·) encourages good generalization by controlling over-fitting
of the learned detector on the training data. Previous approaches such as Felzenszwalb et

al. [38], which do not share parts, implement regularization by penalizing the squared
`2-norm of the individual part filters as well as spatial priors for each mixture component:

R (W) =
d∑

l=1

p∑
i=1

∥∥wl,i
∥∥2 + ∥∥sl,i∥∥2 (3.10)

In the case of part sharing penalizing the `2-norm of the part filters and spatial priors
alone is not sufficient since β can still grow towards unreasonably high values and con-
sequently the window responses (Equation 3.6) can be large, leading to detectors which
over-fit on the training data T .

As mentioned earlier, we constrain all values of β to be positive. This allows us to
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rewrite an individual part response (including the value of β for that part) as

βϑ (x,w, s,a)

= βmax
z∈Q
{w · ϕ (x, z)− s · ψa (z)}

= max
z∈Q
{(βw) · ϕ (x, z)− (βs) · ψa (z)}

(3.11)

We recognize the distributivity of the individual combination weight in the above
equation. Regularization hence requires the penalization of the combined entity βw and
therefore leads to the following regularization term for models with part sharing:

R (W ,β) =
d∑

l=1

p∑
i=1

∥∥βl
iw

i
∥∥2 + ∥∥βl

is
l,i
∥∥2 (3.12)

This regularization term effectively encourages small weights in the detector which is
defined by the weighted combination of parts (according to combination weights β), such
that the overall detector response satisfies the desire to have a smooth response in feature
space. For the case of multi-class learning the regularization term is simply extended
by summation over all object detectors. Note that in the case that parts are not shared,
i.e. each row of β has only one non-zero value, the regularization term (Equation 3.12)
simplifies to the standard regularization term (Equation 3.10) of a DPM [38].

3.5.2 Optimization

We would like to minimize the energy function (Equation 3.7), i.e. reducing the accumu-
lated losses of the second term while also ensuring a low regularization term:

min
O
E (O| T ) = min

W,S,β
E (W ,S,β| T ) (3.13)

This optimization problem consists of determining the model variables O =

{W ,S,β} while simultaneously inferring latent variables L = {M,Z} for all training
examples in T . We provide a visual outline for the optimization of E (·) in Figure 3.6.
The following sections explain the optimization procedure in detail.
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Figure 3.6: Optimization scheme for deformable part-based models. Optimization alter-
nates between executing an “inner loop” and an “outer loop”. The outer loop updates
latent variables on the positive training examples. The inner loop performs three steps:
(i) bootstrapping to iteratively ‘mine’ all negative training windows that lie inside the
margin; (ii) the optimization of the energy E (·) w.r.t. to model variables defined by the
SVM classifier and (iii) the removal of training examples that lie outside the margin after
optimization of E (·).

Motivation

The motivation for the proposed optimization scheme considers only the case when com-
bination weights β are fixed, e.g. when parts are not shared. We observe that for fixed
combination weights β, the optimization problem takes a continuous and convex form
when provided with mixture assignmentsM as well as part positions Z for each training
example in T , because the hinge loss is continuous and convex. In fact, to arrive at a con-
vex function it is only required that the latent variables of the positive training examples
are fixed. This has also been noted by Felzenszwalb et al. [38], who provide a similar
motivation for their optimization scheme.

To represent that the latent variables L = {M,Z} are fixed we extend the notation of
the energy function to E (O| T ,L). A fixed set of latent variables L provides an upper
bound on the energy function E (O| T ) w.r.t. model variables O:

E (O| T ,L) ≥ E (O| T ) (3.14)

This upper bound essentially means that if the latent variables L are fixed w.r.t. to an
initial set of model variables Oinit then any step away from these parameters can only
increase the energy or leave it unchanged, compared to making the step and re-inferring
L. Given that observation, we propose an optimization scheme which alternates between
optimizingE (O| T ,L) w.r.t. model variablesO in an ‘inner loop’ and updating the latent
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variables L in an ‘outer loop’.

Inner Loop Optimization

Once a fixed set of latent variables L has been provided, the energy minimization in the
inner loop can be written as:

min
O
E (O| T ,L) = min

W,S,β
E (W ,S,β| T ,L) (3.15)

This optimization problem is still non-convex if the combination weights β are not
fixed. To resolve this problem we propose to alternate between minimizing E (·) while
holding β fixed, i.e.

(W∗,S∗) = min
W,S

E (W ,S,β∗| T ,L) (3.16)

and minimizing w.r.t. β while holding {W ,S} fixed, i.e.

β∗ = min
β
E (W∗,S∗,β| T ,L) (3.17)

To optimize each of these subproblems we use L-BFGS (Byrd et al. [16]) for a fixed
number of iterations – details are given in Section 3.6.1. Splitting the optimization prob-
lem (Equation 3.15) in such a way also allows us to efficiently cache part responses once
{W ,S} are fixed and consequently compute Equation 3.17 very quickly as it corresponds
to a SVM with only a few variables (part responses and bias terms). To optimize each of
these problems, subgradients of the energy (Equation 3.7) are computed and passed to the
L-BFGS optimizer – see Section 2.5.1 for further details.

Bootstrapping

It is infeasible to train detectors on the entire training dataset provided by the PASCAL
VOC 2010 challenge because the number of negative training examples is very large
(> 10, 000 per image). Instead we iteratively build the negative training dataset given a
fixed set of latent variables. This is motivated by the fact that it is only required to train
detectors on all training examples which lie inside the margin defined by the hinge loss
(Equation 3.8). Such examples have a non-zero hinge loss and hence contribute to the
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loss term of the energy function (Equation 3.7). All other training examples have a loss
of 0 and do not contribute to the energy. It is therefore not required to store them in the
training dataset T because the optimization of the energy function will arrive at the same
solution with or without these training examples.

We perform bootstrapping [95, 23] by extracting false positives with a non-zero hinge
loss (h

(
xk
)
> −1) from windows not containing the target object class. We add those

false positives to the original training dataset T and re-optimize E (O| T ,L) w.r.t. O.
Bootstrapping leads to more robust detectors and we repeat it for a fixed number of itera-
tions or until no more than a fixed number of false positives has been extracted.

Caching Scheme

In addition to bootstrapping we employ a caching scheme following the approach of
Felzenszwalb et al. [38] in order to remove ‘easy’ negative training examples from the
training dataset. After adding high-ranking false positives to the training dataset and
re-optimizing the energy function during bootstrapping, we remove all negative training
examples which then lie outside the margin defined by the hinge loss (Equation 3.8). This
caching scheme allows us to maintain a relatively small training dataset, which ensures
fast optimization speed. Especially in early rounds of training, many potential negative
training examples are added to the training dataset which can be removed later because
they do not lie inside the margin anymore.

We implement a more conservative form of the above described caching scheme,
which only removes negative training examples that persistently lie outside the mar-
gin [38]. An example is removed from the training dataset if it lies outside of the margin
for at least four inner loop iterations. This is helpful for training examples close to the
margin, which may lie inside of the margin after one round of optimization of the energy
and outside the margin after another round of optimization. In addition we limit the num-
ber of negative training examples to 25, 000 to ensure that the training dataset fits into
RAM. If after caching a larger number of negative training examples remain, we retain
the 25, 000 highest scoring examples in each mixture component. Caching is only applied
to negative training examples but not to positive ones.

As mentioned earlier this bootstrapping and caching scheme serves the purpose of
‘mining’ a training dataset of examples which lie inside the margin defined by the hinge
loss. It can be shown that the proposed scheme converges towards this final dataset. The
proof is provided by Felzenszwalb et al. [38] and is based on the observation that there is
only a finite number of subsets of the final training dataset.
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Latent Updates

Once model variablesO have been obtained by execution of the inner loop, we update the
latent variables L of the positive training examples in the outer loop. To perform updates
on the mixture assignmentsM and part positions Z the learned detector is evaluated on
the training images containing the object class of interest. The part positions and mix-
ture assignments which give the greatest score and which overlap with the ground-truth
bounding box by at least 70% are selected [53]. New values for the mixture assignment
m and part positions P replace the old values inM and Z . This latent update scheme is
similar to the one presented by Felzenszwalb et al. [38].

Relation to other Methods

Our method is closely related to the optimization framework of the Deformable Part-
based Models (DPM) by Felzenszwalb et al. [38]. We observe the same notion of semi-
convexity and define a similar upper bound (Equation 3.14) to motivate the optimization
scheme. In the next section we will furthermore present and prove convergence guarantees
of the optimization scheme. Felzenszwalb et al. also state these guarantees but do not
prove them. Note that our method performs ‘batch’ learning by computing the exact
subgradients of the energy function (Equation 3.7) while the method of Felzenszwalb et

al. [38] performs stochastic learning and only approximates the subgradients of the energy
function in each step of the learning scheme. Our method can therefore be considered
more precise than the optimization scheme of Felzenszwalb et al.

The proposed optimization scheme can also be interpreted as an extended Multiple
Instance (MI) SVM [3] scheme by treating all combinations of mixture assignments and
part positions as an (exponentially large) ‘bag’ of instances for each positive example. In
our approach negative training examples can be considered as bags with a cardinality of
one.

The Concave-Convex Programming (CCCP) procedure by Yu et al. [145] is a method
to solve the optimization problem that arises in structural SVMs. The procedure has the
ability to consider latent variables for each training example and proposes an alternation
scheme comparable to the one presented in this chapter. Zhu et al. [147] use a mod-
ification of the CCCP algorithm to drive learning of a DPM. In essence their particular
implementation of the CCCP procedure is not significantly different from the method pro-
posed in this chapter. However, it should be noted that the structural SVM formulation
allows for more sophisticated (e.g. non-binary) loss functions to be used, which could
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potentially lead to more powerful learning frameworks.

3.5.3 Convergence Guarantees

In this section we present convergence guarantees for the optimization scheme, which
ensure a decrease of the energy during learning. Let us assume that function z (·) maps
a set of model variables O to a set of latent variables L, i.e. it performs inference on the
positive training examples. Let us further assume that we do not perform any bootstrap-
ping but only alternate between updating latent variables L and model variables O with a
fixed training dataset T . We now show that the proposed energy function in combination
with the optimization scheme always decreases or maintains the energy by showing the
following inequalities:

E
(
Ot+1

∣∣ T , z (Ot+1
))
≤ E

(
Ot+1

∣∣ T , z (Ot
))
≤ E

(
Ot
∣∣ T , z (Ot

))
(3.18)

where Ot is a set of model variables at step t and Ot+1 at step t + 1 after optimization
w.r.t. toO, i.e.Ot+1 = argmaxO E (O| T , z (Ot)). The above inequation holds because:

• E (Ot+1| T , z (Ot+1)) ≤ E (Ot+1| T , z (Ot)) is true because z (·) will only update
the latent variables of the positive training examples, i.e. always improves or main-
tains their classification score. Consequently it will decrease or maintain the cost
produced by the hinge loss and as a result decrease or maintain the energy.

• E (Ot+1| T , z (Ot)) ≤ E (Ot| T , z (Ot)) holds because the set of latent variables
is fixed to z (Ot) and the L-BFGS optimizer on the model variablesO is guaranteed
to lower or maintain the energy.

The presentation of these convergence guarantees completely motivates the proposed
optimization scheme.

Applicability of the Convergence Guarantees

Note that the convergence guarantees solely ensure a decrease of the energy for a fixed

training dataset. It does not provide any indication for the generalization of the proposed
optimization method, which commonly arrives in a local minimum of the energy function.
The convergence guarantees also only hold when no bootstrapping is used. However,
because the purpose of the bootstrapping process is to mine a final dataset, we interpret
the convergence guarantees as operating on this final dataset.
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3.6 Empirical Results

In this section we report experimental results, and demonstrate the positive effects of shar-
ing parts in a DPM as well as sharing parts over multiple object classes. All experiments
in this section will be carried out on the PASCAL VOC 2010 dataset [30].

3.6.1 Implementation Details

Before reporting qualitative and quantitative results in the next section, we first discuss
the details of our implementation. DPMs have a large number of parameters to set prior
to training and this section explains our choice of those parameters.

Feature Descriptors

As mentioned earlier we follow Felzenszwalb et al. [38] and use two layers of HOG fea-
tures [23]. The first layer consists of cells of size 6× 6 pixels and models fine appearance
of an object class while the second layer (12× 12 pixels) models coarse appearance of an
object class. HOG features are computed as described in Section 2.3. On the first layer,
HOG blocks overlap by one cell (6 pixels) while on the second layer they overlap by half
a cell (also 6 pixels). Blocks consist of 2 × 2 cells and we apply the dimensionality re-
duction technique of Felzenszwalb et al. [38] to arrive at a 13-dimensional feature vector
per block (see Section 2.3).

Part filters are of size 6× 6 HOG blocks and use the first (fine) level of HOG features.
As mentioned previously a root filter is used in addition to the p movable parts. The root
filter acts on the second (coarse) level of HOG features – see also Figure 3.3.

Truncated Objects

We adopt our approach of Chapter 2 and pad the feature representation of an image by
50% of the window size on each side to detect truncated objects. HOG features in these
areas are all set to 0. Details are given in Section 2.7.1.

In addition we follow Girshick et al. [53] and append visibility flags to the feature
vector of each HOG block. These flags indicate whether a block is inside of the image
(set to 0) or outside of the image i.e. padded (set to 1). A separate weight is learned for
the visibility flag of each block in the learning scheme described in Section 3.5.
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Initialization of Parts and Mixtures

To compute the initial mixture assignment of each positive training example k-means
clustering with d cluster centers is applied to the aspect ratio (width/height) of the bound-
ing boxes, where d is the number of mixture components [38].

To initialize parts we adopt the approach of Girshick et al. [53] by trying to arrange
parts in such a way that they cover areas of high positive weights in each mixture com-
ponent. An equal number of parts is initially assigned to each mixture component, i.e.
using p parts overall results in p/(r × d) parts per mixture component, where r is the
number of object classes. We adopt the approach of Felzenszwalb et al. [38] by training
individual sliding window detectors, which provide an initial distribution of positive de-
tector weights in each mixture component. An initial ‘motorbike’ detector with 3 mixture
components is visualized in Figure 3.7. We now define a greedy initialization strategy
for the anchor positions A, consisting of two steps which are repeated until all parts are
placed.

Step 1: to initialize a part’s anchor position we select one mixture component and
search for the position which maximizes the sum of all positive detector weights covered
by that part. If a mixture component already has p/(r × d) initialized parts assigned to it,
we do not consider it for the further placement of parts.

Step 2: to initialize anchors A in the other mixture components (for part sharing)
we extract the positive weights from the area the part covers in the mixture component to
which it has been initialized to. We then convolve this set of positive part weights with the
positive detector weights of the other mixture components in a sliding window manner.
The position with the highest ‘score’ is used as the anchor position for the part in the
respective mixture component.

Once initialized the positive detector weights covered by the part in each mixture
component are multiplied by a factor of 0.5 when parts are shared. In case the part is
not shared the positive detector weights of the mixture component the part belongs to are
multiplied by a factor of 0.01. This ensures that the next part will not be initialized to the
same position. We use different factors for models with and without part sharing because
for DPMs without part sharing each part is fully ‘focused’ on the mixture component to
which it is assigned. For models with part sharing however, a part is used in all mixture
components according to the combination weights β.

We repeat this greedy selection scheme several times by randomly selecting mixture
components in step 1 as well as randomly selecting one of the the 5 highest ranked part
positions for each mixture component in steps 1 and 2. We finally chose the part covering
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Figure 3.7: Initial sliding window ‘motorbike’ detector with average bounding box. We
show the initial sliding window detector of the ‘motorbike’ class used for part initializa-
tion. The “average” (best fitting) bounding box per mixture component is shown in blue.
The window frame is drawn in black.

which provides the largest amount of accumulated positive detector weights [53].

Window Size

Similar to our implementation in Chapter 2 each training example (in each mixture com-
ponent) is normalized to have a fixed height according to Table 2.1. We compute the 75th
percentile of all height-normalized bounding box widths in each mixture component and
set the width of a window to the largest of these 75th percentiles. We add a 6 pixel bor-
der around the windows to capture possible recognition cues in the background in close
vicinity to the object.

For root parts and the sliding window detectors used for part initialization we ignore
features that lie outside the 75th percentile of all bounding box widths (+ the 6 pixel
border) in each mixture component – see Figure 3.7. We found that these areas did not
hold any valuable recognition cues.

Following our approach in Chapter 2 we predict an “average” bounding box per mix-
ture component, which is chosen in such a way that it maximizes overlap with all ground-
truth bounding boxes assigned to a mixture component. This average bounding box is
shown in blue color in Figure 3.7.

Initial Training Examples

We extract initial positive training examples by centering the window on the ground-
truth bounding box of each object instance in the train subset of the PASCAL VOC
2010 dataset. For the initial feature extraction we only consider examples which are not
flagged ‘occluded’, ‘truncated’ or ‘difficult’ in the provided annotation. We left/right-flip
every positive training example to create additional mirrored ‘virtual’ training examples.
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Initial negative training examples are accumulated by extracting features from the center
window of the first 200 training images not containing the object class(es) of interest.

Training Protocol

The training protocol consists of a set of steps which gradually allows the learning scheme
to optimize the energy w.r.t. a larger subset of model variables in O. We have found that
gradually learning model variables O increases the chances of arriving in a well gener-
alizing local (or even global) minimum of the energy function. Optimizing the energy
function w.r.t. to all model variables O from the start very often causes optimization to
‘get lost’ in a region of the energy surface with badly generalizing local minima.

In the first step of training we only learn initial part appearance W by fixing parts
to their respective anchor positions i.e. they are not allowed to move during inference.
Values of β are fixed to 0.5 in the case of part sharing. In case where parts are not shared,
values of β are initialized to 1 for the mixture component to which each part belongs.
For root parts values of β set to 1 for their respective mixture component independent of
whether parts are shared or not. We use 2 rounds of latent variable updates (outer loop)
and 20 rounds of bootstrapping (inner loop).

In the second step parts are allowed to move, i.e. they are not fixed to their respective
anchor positions. The quadratic terms of the spatial priors S are initialized to 0.1 [38]
(see Equation 3.2) and values of β remain fixed. This step allows us to obtain a good
initialization of spatial priors S. Again 2 rounds of latent variable updates (outer loop)
and 20 rounds of bootstrapping (inner loop) are used.

In the main step we ‘activate’ part sharing by allowing for optimization w.r.t. β, per-
forming 6 rounds of latent updates on {Z,M} and 20 rounds of bootstrapping. Values of
β of the root parts are not changeable and fixed to 1 i.e. root parts are not shared in our
framework.

As a final step we fix β again and perform 20 final rounds of bootstrapping on 800

randomly picked training images in every round. We have found empirically that this final
step creates better performing detectors c.f . using the detectors from the main step.

Bootstrapping

During bootstrapping we extract 3 false positives per scale per mixture component. Once
completely scanned, the image is resized by a factor of 1.2. We exit the inner loop early
if the number of extracted false positives drops below 200 for each mixture component.
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Regularization & Constraints

Cross-validation on the val-subset is used to set the parameter λ. We consider suitable
values in the range of 10−1 to 102, which have been determined in initial experiments.
Cross-validation also serves the purpose of reducing the risk of arriving at a poor local
minimum of the energy function: repeatedly relearning the entire detector at different
values of λ improves the chance to arrive at a well generalizing solution.

Similar to Felzenszwalb et al. [38] a lower bound of 0.01 is enforced on the quadratic
terms of the spatial priors in S (Equation 3.2) to ensure convexity and a ‘not-too-flat’
surface of the deformation cost. In addition we fix the ‘absolute’ components of the
spatial priors S to 0 (Equation 3.2), causing them to be centered on their anchor position.
We have found that this constraint does not harm performance and improves the rate of
convergence of the learning scheme.

L-BFGS Implementation

To optimize model variablesO in the inner loop, we use the L-BFGS optimizer of Byrd et

al. [16]. If the values of β are fixed (i.e. parts are not shared or the training protocol is
in the first, second of final step) we perform 250 L-BFGS iterations on {W ,S}. In the
case that values of β are not fixed (i.e. the main step is executed and parts are shared)
we alternate between optimizing the energy w.r.t. {W ,S} and w.r.t. to β as previously
discussed. For each subproblem 50 L-BFGS iterations are used and overall we perform 5

updates on {W ,S} and β.

When optimizing E (·) we always re-initialize O = {W ,S,β} to the solution of the
previous run, hence establishing a “gradient descent”-like learning scheme.

Early Stopping

Throughout each step in the training protocol we exit the outer loop early if the energy
converged. We consider the energy as converged if

E+
(
O| T ,Lk+1

)
E+ (O| T ,Lk)

> 0.999 (3.19)

where E+
(
O| T ,Lk

)
is the accumulated loss of all positive training examples before the

update of the latent variables and E+
(
O| T ,Lk+1

)
is the accumulated positive loss after

the update of the latent variables. The above equation will be true if both energies are
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almost similar, which indicates that the recent update of latent variables only provides a
very small decrease of the energy.

Notes on the Final Solution

The number of inner/outer loop runs, the number L-BFGS iterations as well as the boot-
strapping setup were picked to ensure good convergence of the latent values L as well as
the model variables O in combination with a reasonable training time.

Especially for low values of λ the found solution might not always precisely corre-
spond to the true local minimum of the energy function. Reaching this minimum requires
significantly more L-BFGS iterations as well as a more conservative early-stopping for
bootstrapping, which in return would significantly prolong training time. In our imple-
mentation we therefore choose a reasonable number of iterations to yield a solution of
good precision.

Testing Protocol

The test protocol is identical to the training protocol i.e. a scale-factor of 1.2 and a window
stride of 6 pixels is used. To create a final set of windows for a test image we adopt the
greedy non-maximum-suppression scheme of Felzenszwalb et al. [38], which has already
been explained in Section 2.7.1. We use cross-validation on the val-subset of PASCAL
VOC 2010 [30] to find the best overlap value in the range of 0.2 to 1.0.

3.6.2 Quantitative Results

For quantitative performance evaluation we use the PASCAL VOC 2010 [30] dataset
and methodology – precision/recall curve with bounding box overlap of 50% (see Sec-
tion 1.2.1).

Terminology

Throughout this section we compare DPMs using part sharing to DPMs not sharing parts.
We generally state that a DPM uses p parts and each mixture component additionally
uses one root part. In case of part sharing there is no strict assignment between mixture
components and parts. However, in the case that we do not share parts each DPM essen-
tially represents a model of Felzenszwalb et al. [38] and we distribute the parts equally
over the mixture components. For example, using 12 parts and 3 mixture components
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AP (on test) aero bicycle bird boat bottle bus car
not shared 34.4 33.5 0.2 4.6 1.4 34.8 32.3

shared 36.8 33.9 0.4 4.9 4.5 43.3 35.3
shared (H+C) – 36.0 – – – 41.0 36.1
voc-R4 [53] 52.4 54.3 13.0 15.6 35.1 54.2 49.1

AP (on test) cat chair cow table dog horse person
not shared 5.6 7.7 6.6 9.9 5.8 20.6 28.1

shared 8.4 7.4 6.0 9.8 7.8 22.9 30.7
shared (H+C) – – 8.4 – – – –
voc-R4 [53] 31.8 15.5 26.2 13.5 21.5 45.4 47.5

AP (on test) mbike plant sheep sofa train tv mean
not shared 28.6 5.1 14.8 10.9 17.7 25.4 16.1

shared 31.6 5.6 17.1 10.3 22.5 25.8 18.2
shared (H+C) 35.5 – 24.7 – – – –
voc-R4 [53] 51.6 9.1 37.8 33.0 41.5 38.0 33.8

Table 3.1: PASCAL VOC 2010 results (comp3, test-set). We show Average Precision
(AP) for models with 3 mixtures and 12 parts (not shared and shared). AP improves for
16 of 20 object classes when parts are shared c.f . models without part sharing. Mean
AP improves from 16.1% for models without part sharing to 18.2% for models using
part sharing. In addition we present AP results for six object classes for a DPM with
shared parts and HOG+CHOG features (shared H+C). For this detector AP improves
for 5 of 6 object class compared to only using HOG features (shared). We also list the
results of Girshick et al. (voc-release4 [53]) for the sake of completeness. This model
is significantly more complex than ours – see text for details.

means 4 parts per component. Similarly using 8 parts in 2 detectors, each using 2 mixture
components, means 2 parts per component per detector.

Evaluation of Part Sharing within Classes

Table 3.1 provides a full set of results for the PASCAL VOC 2010 challenge (comp3) for
models with 3 mixture components and 12 parts (first and second row of Table 3.1). AP
improves for 16 of 20 classes while mean AP improves from 16.1% to 18.2% – a relative
improvement of 13.0%.

Improvements include the ‘rigid’ object classes such as ‘bicycle’, ‘bus’, ‘car’, ‘mo-
torbike’ or ‘diningtable’. In these object classes part sharing is natural as parts are well
defined (e.g. wheel of car) and are present across multiple viewpoints. For the ‘bus’ ob-
ject class, AP improves from 34.8% to 43.3%, yielding a relative improvement of 24.4%.
Other improvements can also be observed for the ‘aeroplane’ class for which AP increases



Chapter 3 104 Shared Parts for DPM

from 34.4% to 36.8% or for ‘motorbike’ (28.6% to 31.6%). Furthermore AP improves
from 17.7% to 22.5% for the ‘train’ object class – a relative improvement of 27.1%. AP
improvements are however not limited to these rigid object classes as can for example be
observed for the ‘horse’ class which improves from 20.6% to 22.9% or the ‘person’ class
(28.1% to 30.7%).

In addition to comparing DPMs with and without shared parts using HOG features
we also compare to a DPM with shared parts and HOG+CHOG features in Table 3.1 .
The enriched feature vector generally results in increased AP – a notable improvement
is the ‘sheep’ object class which improves from 17.1% to 24.7% when comparing HOG
to HOG+CHOG. Given the observed improvements in AP it would appear worthwhile to
further research the combination of a DPM with different feature descriptors rather than
using pure HOG.

Table 3.1 also states APs for the DPM of Girshick et al. (voc-release4 [53]). These
models yield very good results and are significantly more complex than the models pre-
sented in this chapter. Girshick et al. use 6 mixture components, which correspond to the
left/right-reflections of three different viewpoints. In addition, their method uses a more
advanced feature descriptor by combining HOG features with signed and unsigned gradi-
ents. The method of Girshick et al. [53] also starts detection at a scale of 0.5 (twice the
image resolution) and is therefore able to detect very small objects. Context-based post
processing of the detection results is used to further improve detection accuracy.

Figure 3.8 presents precision/recall curves for selected object classes. A model with 3

mixture components and 12 parts was evaluated on the val subset to create these curves.
The results show that AP improves for all presented object classes and it can furthermore
be seen that precision increases for most recall levels when parts are shared. For some
classes the difference in precision at specific recall points can be significant – see e.g. the
‘sheep’ class at a recall level of 20%. Precision/recall curves for the remaining object
classes can be found in appendix A.2.

In addition, we also present precision/recall curves for DPMs using part sharing
and HOG+CHOG features (see Chapter 2). The curves establish that the usage of
HOG+CHOG features in comparison to pure HOG features can further increase preci-
sion and similar recall levels – see e.g. Figure 3.8 (c) in which precision increases at all
levels of recall levels for the ‘car’ class.
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Figure 3.8: Precision/recall curves for selected PASCAL VOC 2010 classes. We compare
models with 3 mixture components and 12 parts not using shared parts (red curves) and
using shared parts (green). AP improves for all shown classes and precision improves
for most recall levels for models with part sharing compared to their counterparts without
part sharing. HOG+CHOG features can usually further improve AP.
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Varying Number of Parts

To evaluate single class performance for a varying number of parts we learn individual
detectors for the ‘car’, ‘motorbike’ and ‘horse’ classes of the PASCAL VOC 2010 dataset
using 3 mixture components. We establish that part sharing can provide better accuracy
when using models with fewer parameters by comparing precision/recall curves for mod-
els having 6, 12 and 24 parts with and without part sharing.

Figure 3.9 (a) shows the precision/recall curves for a ‘car’ detector with varying num-
ber of parts. We observe that part sharing always improves performance. Furthermore
the detectors using 6 and 12 shared parts (green solid line) give AP values of 31.9% and
33.1%, outperforming the detector using 24 non-shared parts (AP 31.8%, magenta dotted
line). This establishes our idea of performing ‘more with less’ given that the detector
using 24 non-shared parts utilizes significantly more parameters than the detector with 12
shared parts – 18, 915 vs. 12, 951 in our implementation. We hypothesize that models
with fewer parameters are easier to learn and their optimization is less prone to arriving
at badly generalizing solutions.

Figure 3.9 (b) also shows that sharing parts is beneficial by plotting the area between
precision/recall curves. We compute the area between precision/recall curves by subtract-
ing the AP of the models with non-shared parts from their counterparts with shared parts.
A positive area between the curves indicates an improvement in performance for models
with shared parts. As expected, the area between the curves reduces with an increasing
number of parts because each mixture component can make use of more parts for models
without part sharing. However, there is still a substantial improvement for detectors using
24 parts, indicating the effectiveness of part sharing in DPMs.

In Figure 3.9 (c) we plot precision/recall curves for a ‘motorbike’ detector using 6, 12
and 24 parts with and without part sharing. AP always improves when parts are shared –
this is also indicated by a constantly positive area between the curves in Figure 3.9 (d).
The detector with 24 shared parts gives the best AP (29.9%). We were not able to explore
configurations with more than 24 parts due to the large memory requirements of such
models. The model with 6 shared parts performs significantly better than the model with
6 non-shared parts – 28.1% vs. 22.3%, a relative improvement of 26%.

We also perform a similar comparison for the ‘horse’ class (Figures 3.9 (e, f)). As
before, detectors with part sharing outperform their counterparts without part sharing. AP
peaks for models with 12 shared parts. Increasing the number of parts to 24 shared parts
does not provide a further increase in AP.
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Figure 3.9: Results of part-sharing for PASCAL VOC 2010. We plot precision/recall
curves for models with 6, 12, and 24 parts with and without part sharing for the (a) ‘car’,
(c) ‘motorbike’ and (e) ‘horse’ class. In addition, the area between curves for models
with and without part sharing is shown in (b, d, f). Part sharing generally improves per-
formance. While the area between curves decreases with an increasing number of parts,
the performance improvement is still substantial even for the DPMs with 24 parts.
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Varying Number of Mixture Components

Here we compare models with part sharing to models without part sharing while holding
the number of parts fixed and varying the number of mixture components. This experi-
ment shows how detection accuracy is influenced under the impression of an increasing
number of mixture components given a fixed number of parts.

Figure 3.10 presents results for detectors with 12 parts and 1 to 4 mixture components.
We disable part sharing for models with 1 mixture component because all parts are as-
signed to a single mixture component and optimization w.r.t. to combination weights β
would be useless.

For the ‘car’ class (Figure 3.10 (a, b)) part sharing is beneficial for all configurations
and the area between the curves increases with the number of mixture components. This is
to be expected as the detector with 4 mixture components can only use 3 parts per mixture
component if they are not shared. Such a low number of parts per mixture component is
often not sufficient to efficiently model the appearance and spatial configuration of an
object class.

In Figure 3.10 (c, d) and (e, f) similar experiments are performed for the ‘motorbike’
and ‘horse’ class. In both cases detectors using 4 mixture components perform weakly.
There seems to be no benefit from increasing the number of mixture components beyond
3. We have found in our experiments that the additional mixture component does not
represent a significant part of the positive training data. For the ‘motorbike’ class the
detector using 1 mixture component performs very well but is outperformed by 3 mixture
components with shared parts.

The ‘horse’ class benefits from additional mixture components even when parts are
not shared. AP improves from 17.1% for 1 mixture component to 20.2% for 2 mixture
components without shared parts. The best result is again given by the model with 3
mixture components and shared parts (AP 22.7%).

Overall we conclude that detectors with a single mixture component perform surpris-
ingly well when parts are not shared, sometimes even outperforming models with multiple
mixture components. Models with part sharing on the other hand can make more efficient
use of all parts and therefore offer a substantially increased AP for models with multi-
ple mixture components c.f . models with a single mixture component. For all presented
object classes the best AP is achieved for models with 3 mixture components.
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Figure 3.10: Results of part-sharing for PASCAL VOC 2010. We plot precision/recall
curves for models with 1, 2, 3 and 4 mixture components. All models use 12 parts. Best
performance is achieved for models with 3 mixture components and shared parts. The
area between the curves generally increases with the number of mixture components as
fewer parts are available to each mixture component if parts are not shared.



Chapter 3 110 Shared Parts for DPM

Varying Number of Parts and Mixture Components

In Figure 3.11 we evaluate models with a varying number of parts and mixture compo-
nents to show how detection accuracy is influenced under the impression of an increasing
number of mixture components given a fixed number of parts per mixture component.
Each detector uses 4 parts per mixture component and we compare models with 1 (4
parts), 2 (8 parts), 3 (12 parts) or 4 (16 parts) mixture components.

Part sharing always improves AP with the exception of the ‘motorbike’ detector using
2 mixture components. Additional mixture components usually improve performance but
4 mixture components do not provide a further gain in AP. Three mixture components
with 12 shared parts can be considered the best configuration for all object classes in
Figure 3.11.

Area between the curves is stable for the ‘car’ detector and increases for the ‘mo-
torbike’ detector (with the exception of 2 mixture components) as well as the ‘horse’
detector. This is expected because part sharing is still beneficial even if the number of
parts increases with the number of mixture components.

We conclude from this experiment that part sharing is useful even if the number of
parts linearly increases with the number of mixture components. As in the previous ex-
periment we find the models with 4 mixture components do not provide a further gain in
detection accuracy compared to models with 3 mixture components.

Evaluation of Part Sharing across Classes

Section 3.5 introduced the possibility of jointly learning object detectors for multiple
classes. We have evaluated multi-class performance by jointly training ‘motorbike’ and
‘car’ detectors as well as ‘horse’ and ‘cow’ detectors. We choose these pairs of object
classes as they can be considered ‘related’ in the sense that they share object parts such as
wheels or legs.

The results for these experiments are presented in Figure 3.12. Each coupled detector
uses 12 parts and 3 mixture components per object class. This means that without part
sharing each mixture component can make use of 2 = 12/(2× 3) parts . For the ‘motor-
bike+car’ detector an improvement in AP from 23.4% to 24.5% can be observed for the
‘motorbike’ class and 27.3% to 29.5% for the ‘car’ class when sharing parts among all
mixture components of both object classes. AP values also improve for the ‘horse+cow’
detectors: AP for ‘horse’ class increases from 16.0% to 18.4% while for the ‘cow’ class
it increases from 2.8% to 4.7% when parts are shared.
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Figure 3.11: Results of part sharing for PASCAL VOC 2010. Precision/recall curves
for models with 4 parts per mixture component are shown. AP usually improves with
number of mixture components but 4 mixture components do not provide an additional
gain over models with a smaller number of mixture components. Area between curves
remains stable or grows with number of mixture components, indicating that part sharing
is especially effective for models with many mixture components.
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Figure 3.12: Results of part sharing for jointly trained PASCAL VOC 2010 classes.
(a) Results of part sharing for jointly trained ‘motorbike’ and ‘car’ detectors. AP im-
proves for both classes, indicating the applicability of part sharing to multiple object
classes. (b) AP also improves for ‘horse’ and ‘cow’ classes when learned in combina-
tion with shared parts c.f . models without part sharing.

These results are substantial and suggest that it would be fruitful to further explore
the possibility of joint learning of object detectors for multiple classes while sharing part
responses among them.

3.6.3 Qualitative Results

Learned Features

In the following we visualize ‘car’, ‘motorbike’ and horse detectors to further establish
the effects of part sharing in DPM. Figure 3.13 visualizes the positive detector weights of
each orientation bin in each block as well as spatial priors and combination weights β of
a car detector with 6 shared parts in 3 mixture components. To visualize positive detector
weights each part filter is multiplied with its corresponding combination weight in β. If
multiple parts contribute to a HOG block in the visualization we accumulate their positive
detector responses. Because root filters are coarse, their visualization is not very intuitive
and we omit them here. Spatial priors of each part are visualized in the second row of
the figure by plotting the cost of moving the respective part into a specific position. The
color of the frame around each spatial prior represents the part number. The bottom row
of Figure 3.13 shows the anchor positions of each part as well as the combination weights
β of each part in each mixture component – warm colors represent that the part is strongly
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used within a mixture component while cold colors represent that the part is weakly used.
Note that some parts may share an anchor position and are therefore not visible in these
plots.

Figure 3.13 clearly shows the effect of part sharing as most parts reappear across
mixture components, e.g. the two roof parts (light blue and red outline in the spatial prior
plots) are similar across all three mixture components. Note that while their appearance
is identical across mixture components, anchor positions and spatial priors are different
for each mixture component. This is to be expected given the definition of part sharing
(Section 3.4). The part with the light green frame represents the wheel of a car and is
used in mixture components 2 and 3. In mixture component 1 the location of this part is
poorly initialized and hence the corresponding β-weight is low. This shows how DPMs
with shared parts are able to overcome poor initialization by adapting the combination
weights in order to decrease the importance of a specific part in a mixture component.

Figure 3.14 shows a car detector with 12 parts in 3 mixture components. Compared
to the 6-part model (Figure 3.13), the appearance of the car is clearer because more parts
are available to describe the object. The mixture components correspond to front/back-
facing cars (component 1), side-facing cars (component 2) and three-quarter view cars
(component 3).

A shared 12-part motorbike model is visualized in Figure 3.15. The first mixture com-
ponent of this detector corresponds to front/back-facing motorbikes, the second models
side-facing motorbikes the third three-quarter view object instances. Figure 3.16 visu-
alizes a horse detector with 12 shared parts and 3 mixture components. The same cor-
respondence of mixture components to viewpoints as in the previous example can be
observed.

Part Locations

The proposed models with shared parts are able to efficiently reuse the appearance of
object parts across multiple mixture components, which often correspond to individual
viewpoints on an object class. Figure 3.17 shows detections of the ‘car’ class for a detector
with 12 shared parts and 3 mixture components. In addition to each predicted bounding
box, we show the location and extent of a single part, corresponding to the wheel of a
car. The figure conveys that the proposed DPMs with part sharing are able to reuse the
appearance of a part across multiple mixture components.

Figure 3.18 plots a similar set of detections for the ‘motorbike’ class. The part in this
example represents the right wheel of the motorbike. We are able to recognize the shared
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Figure 3.13: Car detector with 6 shared parts and 3 mixture components. Positive detector
weights are shown in the top row of plots, spatial priors in the middle row and combination
weights β in the bottom row. Positive detector weights of each part are individually
weighted by the respective combination weight in β. The part number is color coded by
the frame around each spatial prior. The effect of part sharing can clearly be observed –
parts reappear across mixture components.

Figure 3.14: Car detector with 12 shared parts and 3 mixture components at λ = 6.
Compared to the 6-part model of Figure 3.13 the appearance of the car is much clearer in
these models due to the additional parts. Mixture components correspond to front/back-
facing cars (component 1), side-facing cars (component 2) and three-quarter view cars
(component 3). The part with the cyan frame in the spatial prior plots represents the
wheel of a car and is shared between mixture components 2 and 3.
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Figure 3.15: Motorbike detector with 12 shared parts and 3 mixture components. Mixture
components correspond to front/back-facing motorbikes (component 1), side-facing mo-
torbikes (component 2) and three-quarter view motorbikes (component 3). Many parts,
such as the wheels of the motorbike, are shared across mixture components.
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Figure 3.16: Horse detector with 12 shared parts and 3 mixture components . Spatial
priors in this detector mainly appear homogeneous due to a high regularization parameter
λ, which was set during cross validation.
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Figure 3.17: Part locations for ‘car’ detections. We plot the location of a specific part in
multiple detections of the ‘car’ class. The part, which corresponds to the wheel of a car,
is recognized across viewpoints and efficiently reused in different mixture components.
Note that this model does not have the ability to distinguish between left and right facing
object instances but reliably recognizes the part either way.
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part across viewpoints and in multiple mixture components. The part mainly appears in
detections of three-quarter view and side-facing motorbikes. Sharing the part in these
components is natural as the visual appearance of the part only changes modestly.

Figure 3.19 presents detections of the ‘horse’ class and tracks a part which corre-
sponds to the neck/head portion of a horse. Similar to previous examples the part is suc-
cessfully incorporated into mixture components representing different viewpoints, e.g.
side-facing and front/back-facing horses.

3.7 Conclusions

In this chapter we have proposed two extensions to the deformable part-based model
(DPM) of Felzenszwalb et al. [38]:

1. In the proposed framework part appearance is shared across mixture components
while maintaining independent spatial configurations w.r.t. each mixture compo-
nent. In comparison to the original DPM [38], this contribution allows us to reuse
part appearance in different mixture components instead of learning the appearance
of the same part for each mixture component separately.

2. We proposed an energy function to jointly learn part appearanceW , spatial config-
uration S and combination weights β for multiple mixture components. The com-
bination weights β are used to set the individual importance of each part in each
mixture component. In addition, the proposed energy function allows for parts to
be shared across multiple object classes.

Both proposals result in a more efficient use of training data as it is shared between all
mixture components. Empirically we have demonstrated the applicability of part sharing
in the DPM by running a large set of experiments in Section 3.6.

Part sharing improves AP for most object classes and mean AP across all classes
increases from 14.6 to 16.5 – see Table 2.2 and Figure 3.8. One positive effect of part
sharing is that we can often reach better performance with models using half the number
of parts compared to models using no part sharing – see Figure 3.9. In this sense part
sharing indeed allows us to do more with less.

Qualitative results (Section 3.6.3) show the effects of part sharing. The proposed
detectors are able to recognize object parts across different viewpoints as validated by
Figures 3.17, 3.18 and 3.19.



Chapter 3 119 Shared Parts for DPM

Figure 3.18: Part locations for ‘motorbike’ detections. We plot the location of a specific
part in multiple detections of the ‘motorbike’ class. The part corresponds to the right
wheel of a motorbike (dependent on viewpoint). We are able to use the part in different
mixture components and it is reliably recognized across different mixture components.



Chapter 3 120 Shared Parts for DPM

Figure 3.19: Part locations for detections of the ‘horse’ class. We plot the location of
a specific part in multiple detections. The part corresponds to the neck/head portion of
a horse. As in previous examples allows the part to be used across different mixture
components.
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In summary, part sharing for DPMs offers possibilities to create better performing
models with fewer parameters c.f . models without part sharing while utilizing the avail-
able training data more efficiently.





CHAPTER 4

DETECTION OF PARTIALLY VISIBLE

OBJECTS

4.1 Introduction

One aspect of object appearance which has thus far been largely overlooked, with a detri-
mental effect on detection results, is partial visibility. State-of-the-art methods [38, 134]
generally assume that the entirety of an object instance is visible or at most offer a way
to model truncation of an object by the image boundary [53, 135]. Moreover these ap-
proaches predict a bounding box for a partially visible object which ‘hallucinates’ the
hidden parts of the object.

We investigate a model for detection which explicitly accounts for partially visible
objects. Partial visibility of objects in a scene is commonplace, for example as shown in
Figure 4.1 cars are routinely occluded by other objects such as other cars (c, g), people (e,
f) or smaller objects such as trees (d), or may lie partially outside the image (a, b, h).

Current object detection methods typically neglect the possibility of partial visibility
of an object instance, hoping that the feature representation of a partially visible object
is sufficiently unaffected that the object/non-object classifier function will still exceed
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 4.1: Examples of partial visibility of the car class due to occlusion or truncation.
Partial visibility in natural images in commonplace. For example, cars can be occluded
by other cars (c, g), other objects (b, d, e, f) or truncated by the image boundary (a, b, h).

threshold i.e. the detector still ‘fires’. While this is a reasonable assumption for small
occlusions, for example a tree in front of a car, it is clearly unrealistic when a larger part
of the object is hidden, see e.g. Figure 4.1 (b, c, f) and (h).

In practice, trained object detectors usually place high weight on a few key regions of
the object that are characteristic of the object category, e.g. wheels for a car. When these
regions are occluded (e.g. Figure 4.1 (f)), the corresponding positive contribution to the
‘detection score’ is lost, and given sufficient missing regions, the image is misclassified as
‘non-object’. The problem is compounded by the use of discriminative classifiers, since
the occluders will themselves typically contribute negative evidence to the presence of the
object to be detected.

4.1.1 Chapter Contributions

In this chapter three key contributions are made: (i) we propose a method which explicitly
accounts for partial visibility at both training and test time, by modeling the visibility as
a latent variable. (ii) The proposed method gives a more accurate interpretation of the
image scene by not just reporting the localization of an object but also by inferring which
parts of the object are visible and which are not. (iii) We show that the modeling of partial
visibility results in a performance improvement in object detection. Figure 4.2 provides
an overview of the proposed framework.
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(a) sliding window detector
(b) detections      and

visibility masks

(c) non-maximum suppression (d) bounding box prediction

Figure 4.2: Pipeline of proposed detection framework: A sliding-window detector (a)
generates candidate detections (b) each comprising a detection score and a block-wise
mask of visibility inferred using an MRF model. We show two groups of closely located
detections, which are commonly output by a sliding window detector. Non-maximum
suppression uses the additional cues of partial visibility for each window to infer a scene
interpretation (c), from which accurate object bounding boxes (d) are predicted. Different
to common object detection schemes, our method is able to report on the visible extent of
each object instance (c).
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As in Chapter 2 the proposed method is based on a discriminative sliding window
approach (Figure 4.2 (a)), taking advantage of a holistic description of the object, but
explicitly modeling the possibility of partial visibility. For a given window we treat partial
visibility as a latent variable which specifies which regions of the hypothesized object are
visible or hidden. A prior over plausible values of the variables is defined in the form of
an homogeneous Markov Random Field (MRF), capturing two properties: (i) the effect of
partial visibility of an object class on the classification score if a region of the window, e.g.
a wheel of car, is considered occluded; (ii) spatial continuity of partial visibility patters
within a window – neighboring regions are often occluded together.

At test time we infer partial visibility while simultaneously computing a score rep-
resenting the confidence of the object class being present – Figure 4.2 (b) shows some
example detections with inferred visibility. Similar to other object detectors [23, 38], the
proposed method gives multiple detections at the true location of an object instance. Con-
sequently, we propose a non-maximum suppression (NMS) scheme which makes use of
the pattern of visibility inferred for each window (Figure 4.2 (c)). In this way our ap-
proach can predict the correct visible extent of an object taking into account hidden parts,
and correctly resolve detections of neighboring object instances. Such object instances
can be discarded by conventional NMS schemes, which often consider the overlap of
the bounding boxes of two object instances as a measure describing their spatial simi-
larity [38]. Common object detection methods however assume objects to have a fixed
‘average’ extent and predict a bounding box which ‘hallucinates’ the visible extent of an
object. In contrast, our proposed method results in an accurate bounding box for partially
visible objects – see Figure 4.2 (d).

Chapter Outline

Related work in the area of partial visibility modeling is introduced in Section 4.2. We
describe the proposed methods in Sections 4.3, 4.4 and 4.5. Section 4.6 presents quali-
tative and quantitative results on the PASCAL VOC 2010 dataset [30]. Conclusions are
offered in Section 4.7.

4.2 Related Work

Most state-of-the-art approaches to object detection are based on a sliding window frame-
work [138, 23, 38, 134] – see Section 1.3 for an introduction. Two methods using this
approach, which stand out for their success on recent PASCAL VOC challenges [32, 30]
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include that of Felzenszwalb et al. [38] and Vedaldi et al. [134]. The deformable part-
based model of Felzenszwalb et al. [38] combines global window descriptors with a set
of moveable parts embedded in a mixtures-of-experts framework [63] and has been dis-
cussed in Chapter 3.

The detection cascade of Vedaldi et al. [134] applies a sequence of descriptors and
classifiers of increasing complexity to a window in a cascade manner [138]. This setup
couples fast execution at test time (due to the cascade architecture) with state-of-the-art
detection accuracy due to the use of non-linear classifiers.

While both of these methods do offer state-of-the-art detection performance, neither
explicitly considers the partial visibility of an object instance e.g. arising from intra and
inter class occlusion in an image.

4.2.1 Approaches to Occlusion Modeling

Rather little work has explicitly considered the problem of partial visibility in general
object detection. Wang et al. [140] compute a patch-wise response map from a global
detector by independently evaluating a window-based linear classifier for each patch. The
classifier is learned considering the entire window while the bias term of the classifier is
independently distributed to each image patch. Given the patch-wise responses, Wang et

al. then use the mean shift algorithm [20] to infer occluded regions in a window exploiting
the fact that patch-wise responses in occluded regions are generally low (c.f . visible re-
gions) and contiguous. In the case that the resulting “segmentation map” is inconsistent,
i.e. there are occluded regions, individually learned part-detectors are invoked and the
maximum over part scores and global classifier score serves as the window’s confidence.

All part-based approaches discussed earlier in Section 3.2 have some potential for
tolerance to occlusion which greatly depends on how part scores are combined in the
models. Voting-based approaches, e.g. Implicit Shape Models [79], and generative part-
based approaches [44, 123, 146] are potentially quite robust to occlusion given that the
lack of image evidence in occluded regions will not significantly upset the overall detec-
tion scheme. Other methods, such as the deformable part-based models (DPMs) [38] or
methods building on conditional random fields [142, 114], can suffer from their discrim-
inative learning capabilities as previously discussed: occluders often contribute negative
evidence to the presence of an object. Some part-based models [41, 71, 142], however,
explicitly consider the possibility of occlusion of an object class.

The “constellation of parts”-model of Fergus et al. [41], which was earlier discussed
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in Section 3.2.5 defines a joint probability density over shape, appearance, scale and part-
level occlusion. The model assigns part labels to a collection of affine image regions [67]
by marginalizing over all possible combinations of such assignments. The method can
consider individual object parts as occluded and uses a probability table to model all
possible patterns of occlusion given a configuration of parts. The table is treated as a
model parameter and inferred during training.

Kushal et al. [71] represent objects as groups of features, which correspond to larger
parts of an object e.g. the back of a car. The representation of the object parts is lo-
cally adaptive, i.e. parts can adapt to the image content according to a learned geometric
configuration. At test time parts are assigned to object instances by optimizing a joint
probability density which considers the number of objects in the scene, the appearance
and geometric configuration as well as the probability of occlusion of each part. The oc-
clusion probability is treated as an independent variable and statistically estimated from a
validation dataset.

Winn et al. propose the ‘layout consistent random field’ (LayoutCRF) model [142],
which has already been mentioned in the previous chapter. The model combines local
part detectors with a conditional random field [73] of part configuration, placing pair-
wise constraints on neighboring parts e.g. the middle of a car should be next to the front.
The method offers an elegant formulation for patch-wise scene labeling accounting for
the possibility of intra as well inter-class occlusion in the pairwise terms of the CRF. In
their model, the cost of two neighboring image patches belonging to two different object
instances, i.e. one occludes the other, is higher than two neighboring patches being as-
signed to the same object or background, forcing the method only to consider occlusion if
significant support from individually evaluated image patches is available. An additional
contrast term in the pairwise potentials encourages object edges to align with the image
boundaries. As mentioned in the previous chapter, the LayoutCRF is limited to single-
scale objects due to an expensive inference procedure and relies on somewhat weak part
detectors. In addition, in their experimental evaluation Winn et al. [142] have only con-
sidered the possibility of intra-class occlusion. In contrast, the method presented in this
chapter adopts a holistic object representation, detects objects at multiple scales, offers
significantly faster inference c.f . the LayoutCRF and we successfully model inter as well
as intra-class occlusion.

Some of the presented approaches [142, 79, 71] share a common representation, which
is to represent an object by a set of independently trained part (or patch) detectors, build-
ing inference of partial visibility on top of the part responses. This assumes that parts can
be reliably detected. However, in practice it often proves difficult to build reliable part
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Figure 4.3: Patterns of occlusion considered by Lin et al. [81], who train specialized
boosted classifiers for each pattern in addition to a boosted classifier which considers no
occlusion. Figure reproduced with permission from Lin et al. [81].

detectors – there is too little salient visual information available on a local feature level.
In contrast, the method proposed in this chapter tackles detection at a more global level,
taking advantage of all of the visible object regions.

Girshick et al. [54] proposed grammar models for object detection, which are DPMs
with a tree-hierarchy of parts. The approach has already been discussed in Section 3.2.1
of this thesis. Here we specifically focus on the ability of the method to compensate for
the occluded parts of an object class. The model uses the mixture components of the DPM
to represent various degrees of occlusion of the ‘person’ class of the PASCAL VOC 2010
dataset [30]. In addition, the method employs an occluder part in the DPM, which models
the ‘stuff’ that occludes object instances of the ‘person’ class and must be placed in case
not all the parts of the regular model are placed. The grammar model is hand-crafted, i.e.
the degree of occlusion in each mixture component is defined by hand. This stands in
contrast to the method presented in this chapter which learns the degree of occlusion for
an object class and has the ability to infer many different occlusion patterns.

4.2.2 Face Detection

In the related area of face detection a number of authors have investigated models of
occlusion, but the applicability of these approaches to general object detection has not
been established. Williams et al. [141] use a variational Ising classifier to model con-
tamination (such as occlusion) by a binary mask, and extend a common kernel classifier
for ‘clean’ data to one that can tolerate contamination. Similar to the approach presented
in this chapter, Williams et al. [141] define an MRF prior over plausible occlusion pat-
terns. To compute the confidence whether an image depicts a face or not, Williams et al.
marginalize over all possible occlusion patterns. In contrast to our method, which consid-
ers occlusion at training and test time, the method proposed by Williams et al. works as
an extension to an already trained face detector, which is not aware of occlusion.

Lin et al. [81] adapt a boosted cascade for face detection to handle occlusion by ‘hard-
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Figure 4.4: An example detection. Our approach is motivated by the method of
Vedaldi & Zisserman [135] and Girshick et al. [53] who pad the image representation
with additional blocks (purple area) to detect truncated object instances. During classifi-
cation Vedaldi & Zisserman [135] ‘count’ the number of feature blocks that are outside
an image (green area) and learn a classifier weight for this number of blocks. Instead of
learning a global weight, Girshick et al. learn individual bias terms for each block. In
case of truncation of a block, these bias terms are added to the classification score of a
window. We adopt the approach of Vedaldi & Zisserman [135] but in addition to model-
ing truncation by the image boundary, our proposed method also infers the visible parts
of an object inside the image (orange region) as well as the occluded parts of the object
instance (yellow region).

coding’ eight different types of partial visibility and testing for them in addition to testing
for fully visible faces. The method first trains a boosted cascade using Haar-like fea-
tures [138], assuming no occlusion. In a second step, a separate cascade for each of the
eight occlusion types illustrated in Figure 4.3 is trained, only considering Haar-like fea-
tures which lie inside the visible region of the respective occlusion pattern. At test time an
example is first evaluated by the cascade which assumes no occlusion and, if it is rejected,
it is furthermore analyzed by the eight specialized cascades. In the case that multiple cas-
cades return a detection, the one with the largest score is chosen. The method of Lin et

al. does not generalize beyond the patterns shown in Figure 4.3. This is in contrast to our
method presented in this chapter, which learns the patterns of occlusion.
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4.2.3 Motivation

Our approach is related to the work of Vedaldi & Zisserman [135] and Girshick et al. [53].
Both methods propose part-based models for object detection and have been described in
detail in Section 3.2.1. The models account for alignment, multiple aspects and addi-
tionally for truncation by the image boundary of an object class. In the following we
concentrate only on their ability to model truncation by the image boundary. Figure 4.4
provides an overview of the approaches and a comparison to the method presented in this
chapter.

Both methods pad the image representation with additional blocks (purple area in
Figure 4.4) to detect truncated objects. Vedaldi & Zisserman [135] ‘count’ the number
of feature blocks that are outside an image and learn a classifier weight for this number
of blocks. This is visualized in Figure 4.4 – green blocks indicate patches outside the
image, which are covered by the window. Given a sufficient amount of occluded blocks,
this weight can compensate for the missing responses of these blocks. Girshick et al.
represent truncation as a block-wise mask defined by the overlap of a bounding box with
the image boundary [53]. In case of occlusion of a block, individually learned bias terms
are added to the window score to compensate for the missing block responses.

We have found that for the sliding window detectors used in this chapter both meth-
ods give comparable results, while the method of Vedaldi & Zisserman [135] requires
the learning of fewer parameters (one additional variable over a regular sliding window
detector). We therefore adopt the approach of Vedaldi & Zisserman [135] in this chapter,
but in addition to modeling truncation by the image boundary our method also models
partial visibility inside the image by treating it as a latent variable. This is illustrated in
Figure 4.4 in which yellow blocks indicate the occluded parts of an object and orange
blocks indicate the visible parts.

Very recently Gao et al. [50] presented a method which is closely related to the one
in this chapter. The authors follow a similar approach to modeling partial visibility by
treating visibility as a latent variable and defining a smoothness prior over possible oc-
clusion patterns. However, different to our approach, Gao et al. [50] assume training
data to be labeled with annotation regarding the visibility of each object instance. An-
other difference to the method proposed in this chapter is that their method uses a struc-
tured learning framework [129] to drive learning of the detectors, while our method uses
the ‘latent SVM’ [38, 3] described in Chapter 3. Gao et al. employ a loss function for
structured learning which is based on the overlap of the predicted bounding box with the
ground-truth bounding box. However, different from the novel NMS scheme presented in
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Figure 4.5: Modeling of partial visibility. A window is represented by a block structure,
consisting of (i) a q-dimensional feature descriptor per block, concatenated into the feature
descriptor for the entire window x; (ii) a vector v of binary visibility flags, with one flag
per block. The inferred visibility flags – visible blocks are shaded orange – control which
of the corresponding features are used by the classifier, and are subject to a prior defining
plausible patterns of visibility.

Section 4.5, this overlap measure does not take the partial visibility of an object instance
into account.

4.3 Modeling Partial Visibility

We recall that sliding window detectors generally move a window of fixed size over an
image (Figure 4.2 (a)). For each window, a feature vector is extracted and a classification
function is applied to classify the window as object/non-object. As shown in Figure 4.5 we
use features which can be organized in a structure of blocks. We model partial visibility
at the level of blocks i.e. inference in our model yields a per-window labeling of which
blocks of the object are visible or hidden. Throughout this chapter the features of the
ith block are denoted Bi and the features of the entire window x =

〈
B1, ...,Br

〉
for r

blocks.

4.3.1 Partial Visibility as a Latent Variable

To represent partial visibility we append visibility flags v to the conventional feature
representation x – see Figure 4.5. If vi = 0, we consider the ith block to be not visible
(occluded), if vi = 1 we consider it visible.
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The key to the method proposed in this chapter is to treat the visibility flags v as a
latent variable to be inferred during classification of a window, allowing the classifier to
operate on only the visible portion of the object, and enabling subsequent NMS processing
to predict accurate bounding boxes for partially visible objects.

Furthermore, we apply inference to training examples to account for partially visi-
ble examples in the training data. This is closely related to the approach in Chapter 3, in
which we have treated part placements as a latent variable at training and test time. Apply-
ing inference to the training examples allows our approach to operate without additional
ground-truth annotation regarding the visibility of an object.

Figure 4.4 shows an example detection with inferred visibility flags: yellow blocks
correspond to hidden parts of the object while orange blocks correspond to visible parts.
We pad the image with additional blocks on each side to enable the detection of truncated
objects. These blocks are always considered hidden (vi = 0) and are shown in green in
Figure 4.4.

Unary Bias

As noted in Section 4.1, the features of an occluded block typically contribute negatively
to the classification score of a window because the occluder often resembles what the
object class is supposed to not look like. Introducing visibility flags allows our method
to correct this by inferring which blocks are in fact not visible and ‘disabling’ the part
of the classifier operating on the corresponding features. This is achieved by replacing
the partial classifier score for the block with a unary bias u, which compensates for the
missing image evidence [135] in the case that the a block is inferred to be not visible
(vi = 0). This bias term is learned as part of the training process.

MRF Prior

Partial visibility of natural objects tends to be contiguous e.g. a car is often occluded by
another car, resulting in a large and connected area of invisible blocks, whereas complex
or sparse patterns of partial visibility are not common. To model this notion of contiguity
we define an MRF prior over v in the form of an Ising model [84] as shown in Figure 4.6.
The Ising model discourages assigning differing visible/invisible labels to neighboring
blocks.
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neighbors      of 

Figure 4.6: The imposed Ising model used for partial visibility modeling. To model the
notion of contiguity in the visibility flags we define an MRF prior over v in the form of
an Ising model [84]. We use a standard 4-neighborhood.

4.3.2 Window Responses

Given a block representation of a window with features x, we define the task of assign-
ing a classification (object present) confidence to the window as maximization of a joint
window response function g(x) with respect to the visibility flags v which define which
blocks in the window are considered visible/hidden. The response function comprises
(i) a classification function and (ii) a prior over visibility flags:

g (x) = max
v

f (x,v)− α ∑
(i,j)∈N

ρ (vi, vj)

 (4.1)

where the first term f(x,v) defines a ‘classification score’ for the window given the in-
ferred pattern of visibility v. We adopt a linear classification function, and later demon-
strate the extension to a mixture of linear classifiers [38]:

f (x,v) = b+
r∑

i=1

viw
i ·Bi + (1− vi)u (4.2)

The visibility flags vi act as a selector/switch function – if the visibility flag for the ith
block vi is switched on,wi ·Bi is added to the score, whereBi represents the features of
the ith block andwi the learned appearance of that block. If vi is switched off the learned
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unary bias u is added to the score. b is the bias term of the linear classification function.

The second term of the window response (Equation 4.1) ρ (vi, vj) acts as a penalty
by defining an Ising prior over the field of visibility flags. A penalty of 1 is imposed if
vi 6= vj and 0 otherwise for all pairs of neighboring blocks N . We use a conventional
4-neighborhood – see also Figure 4.6. The variable α defines the relative weight of the
classification score and contiguity terms. If α is small, sparse patterns of visibility flags
are allowed while for large values of α contiguous patterns are encouraged. As noted,
this model of visibility can be interpreted as an MRF at the level of a single window, with
nodes corresponding to blocks. The pairwise terms are homogeneous in that we assume
occlusions have the same contiguity properties regardless of their location.

4.3.3 Inference

The maximization in Equation 4.1 can be solved efficiently using the well-known Graph-
Cut approach [15, 14], since the problem corresponds to a standard binary-valued MRF,
with sub-modular energy for positive α [70]. However, despite the efficiency of this
method, an image comprises a large number of windows (> 10.000) such that solving a
Graph-Cut problem for each window is still somewhat onerous. We therefore speed up
the detection process by filtering each window using the following upper bound on g (x):

ĝ (x) = max
v

f (x,v) ≥ g (x) (4.3)

This upper bound is trivially derived from Equation 4.1 by removing the binary
terms ρ (vi, vj) since these are always nonnegative. Maximization of the upper bound
is achieved in a simple block-wise fashion i.e. the values for vi can be computed inde-
pendently for each block simply by comparing the classifier term for the block to the bias
term. If ĝ (x) scores above a pre-defined threshold t, e.g. t = −1, we compute g (x) by
solving the Graph-Cut problem [14].

4.3.4 Mixture Model

To cope with different modes of appearance of an object class, for example viewpoints,
we follow the approach of Chapter 3 and use a set of window classifiers in the manner of
a mixture model [63].

For each mixture component, or cluster of appearance, a classifier is trained using
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the corresponding training examples which are mutually exclusive to other mixture com-
ponents. The final classification confidence h (x) for a window with features x is then
computed as the maximum over all the component classifiers gi (x):

h (x) = max
i=1...d

gi (x) (4.4)

where d is the number of mixture components. As before in this thesis we refer to function
h (·) as the detector and to the functions gi (·) as the mixture components. The particular
mixture component m∗ satisfying the above equation, i.e. m∗ = argmaxm {gm (x)}, is
referred to as the mixture assignment of the example with features x. We use individ-
ual unary bias terms for each mixture component. This is necessary because different
mixture components might base their decision on a different set of key regions, requiring
individual values of u to compensate for the occlusion of such regions.

4.4 Learning

Similar to the models of Chapter 3, we cast the learning problem as an energy minimiza-
tion problem and adopt the optimization scheme proposed in Section 3.5.2. In the fol-
lowing we will introduce the necessary notation and define an energy function for model
training in Section 4.4.1.

Notation

As in previous chapters a training dataset T = {(x1, y1) , ..., (xn, yn)} is given where
yk ∈ {+1,−1} is the class of the window (object/non-object) and xk is the feature vector
of the kth training example. Each training example is assigned latent variables which are
the mixture assignment and visibility flags. We represent the latent mixture assignments
by M = {m1, ...,mn} and the visibility flags of each example by V = {v1, ...,vn}.
They are combined into the set of latent variables L = {M,V}. We recall that the
mixture components of h (·) are essentially defined by the weight vectorw, modeling the
appearance of an object class, and the unary bias term u, which replaces the classification
score for a block in the case that it is not visible. Each mixture component is assigned
its own unary bias term. Notation-wise we represent these as W =

{
w1, ...,wd

}
and

U =
{
u1, ..., ud

}
respectively. They are combined into the set of model variables O =

{W ,U}.
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We now present a learning scheme for estimating these model variables, while also
inferring the latent visibility flags and mixture assignments for each training example.
The learning scheme is motivated by the ‘latent SVM’ learning scheme used for part-
based modeling in Chapter 3.

4.4.1 Energy Function

Similar to the previous chapter the energy function is dependent on the model variables
O = {W ,U} and assumes a training dataset T as given. It consists of two parts: (i) a
regularization term, ensuring good generalization on unseen data and (ii) a loss term,
determining how well the detector predicts the training labels:

E (O| T ) = λ

2

d∑
j=1

[∥∥wj
∥∥2 + cj

(
uj
)2]

+
n∑

k=1

L
(
yk, h

(
xk
))

(4.5)

where ‖·‖ is the `2-norm. λ sets the relative importance of the regularization term to the
loss term. It defines a tradeoff between generalization (low norm of model variables)in
and correctly classifying the training labels (small loss term). We found only modest
performance increases by introducing separate regularization for wj and uj . cj is the
number of blocks in the jth mixture component. The multiplication with uj ensures that
the unary bias of each mixture component is appropriately weighted in the regularization
term.

The loss function L (·) determines how deviations of the predictions of h
(
xk
)

from
the true target value yk should be penalized. As in the previous chapter the hinge loss is
used:

L
(
yk, h

(
xk
))

= max
{
0, 1− ykh

(
xk
)}

(4.6)

4.4.2 Optimization

We would like to minimize the energy function (Equation 4.5), i.e. reducing the accumu-
lated losses of the second term while also ensuring low `2-norms of all weight vectorsW
and unary bias terms U :

min
O
E (O| T ) = min

W,U
E (W ,U| T ) (4.7)
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(a) Regular NMS (b) Occlusion-aware NMS

Figure 4.7: Occlusion-aware NMS c.f . regular NMS. Two instances of the ‘car’ object
class are shown in (a) and (b), one car is occluding the other. A regular NMS scheme
e.g. [38] (a) is not aware of this occlusion and considers the bounding box overlap as an
overlap measure between the two detections. The regular NMS scheme would commonly
remove the lower ranked detection and consequently ‘lose’ a true-positive. (b) The NMS
scheme proposed in this chapter is aware of partial visibility (e.g. occlusion). For the sake
of clarity we do not draw the visibility flags of detection 2 in (b) but consider it completely
visible. The visibility flags of detection 1 are correctly inferred and can be used to define a
new overlap measure between these detections, which takes occlusion into account. This
section will introduce such an overlap measure and furthermore provide an optimization
scheme which effectively uses this overlap measure and is guaranteed to converge to a
global optimum.

To optimize this energy the method presented in Section 3.5.2 is used. This method
alternates between updating latent variables L (outer loop) and optimizing model vari-
ables O while holding L fixed in an inner loop. As before we perform bootstrapping in
the inner loop.

4.5 Fusion and Non-Maximum Suppression

As with conventional sliding window detectors, our proposed method defined so far will
tend to give multiple ‘candidate’ detections for a single object due to invariance in the
image descriptor. Given a set of such candidates D (Figure 4.2 (b)) we require a method
for fusing detections into one per ground-truth object. This is essential for evaluation
on the PASCAL VOC data [32], since the evaluation criterion for a true positive allows
only one detection per ground-truth object – all additional detections are considered false
positives. As in previous chapters we refer to this task as non-maximum suppression
(NMS). The goal of NMS is to infer a subset I ⊆ D of final detections, which we refer to
as a scene interpretation.

The problem we are facing with NMS in the light of partially visible objects is that
common methods for NMS usually assume the entirety of an object to be visible and
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hence partially visible object instances can be suppressed and create an unfitting scene
interpretation of an image. Figure 4.7 illustrates this problem and outlines the solution we
present in this section. Rather than assuming full visibility of each object instance our ap-
proach makes use of the inferred visibility information, which is provided by the methods
presented in the previous sections. We enable NMS which is aware of partial visibility by
defining a novel overlap measure in Section 4.5.3 and an energy maximization framework
to infer fitting scene interpretations in Section 4.5.4.

4.5.1 Previous Work

NMS in sliding window detectors has generally been treated as a process separate from the
rest of the detection framework. Felzenszwalb et al. [38] predict bounding boxes using a
linear regressor based on the positions of object parts in their framework and then employ
a greedy selection scheme for NMS. This scheme, which has been used throughout the
thesis so far, iteratively selects the highest ranking detection and removes all detections
that overlap to a certain degree η.

We note that the overlap measure of Felzenszwalb et al. [38] is not the one used by
the PASCAL VOC challenges [32] (see Equation 1.1). Felzenszwalb et al. [38] remove a
detection if the division of the area of intersection of two bounding boxes by the area of the
lower ranked bounding box exceeds some threshold η. That is, given two detections with
bounding boxes Bl, Bk where the detection of Bl is the selected higher ranked detection,
the overlap measure is given by

ov (Bl, Bk) =
area (Bl ∩Bk)

area (Bk)
(4.8)

This overlap measure has the main effect that lower ranked detections which are fully
contained within the highest ranked detection are removed as they always overlap 100%

given the above measure of overlap.

Another popular approach to NMS includes mean-shift techniques [20], which treat
detections as points in scale-space and use an iterative procedure to converge on modes
of the ‘distribution’ of detections, e.g. Leibe & Schiele [80] and Dalal [22]. The use
of mean-shift for NMS is not very principled, since it assumes a probability density on
which’s modes to converge but the scale-space can not directly be considered as a proba-
bility density. In addition, mean-shift techniques require the tuning of multiple parameters
(smoothing parameters, choice of distance function, ...), which can be harmful to detec-
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(a) Regular detections (b) Regular NMS [38]

(c) Detections with visibility flags (d) Visibility-aware NMS

Figure 4.8: Comparison of a regular sliding window detector to the proposed detectors
with visibility-aware NMS. (a) Bounding boxes of detections of a regular detector ‘hallu-
cinate’ the true extent of an object. (b) The NMS scheme consequently removes strongly
overlapping detections. (c) Our proposed detection scheme provides visibility flags, indi-
cating the visible extent of each detection. Bounding boxes are adapted to the visibility
flags. (d) The proposed NMS scheme takes the visible extent of each object instance into
account and does not suppress partially visible detections.

tion accuracy. Compared to the greedy selection strategy of Felzenszwalb et al. [38] we
have found experimentally that the method of Dalal [22] performs slightly worse.

These schemes have in common that they do not acknowledge the possibility of partial
visibility of an object class but instead ‘hallucinate’ the full extent of an object. Although
the method of Felzenszwalb et al. [38] uses a regressor to predict the extent of a bound-
ing box, it does not make use of cues regarding partial visibility. Figure 4.8 illustrates
that this is problematic as the assumption of fully visible objects can cause suppression
of partially visible objects. The figure shows a set of detections from a regular sliding
window detector, which assumes fully visible objects and hallucinates the visible extent
of the motorbikes. The greedy NMS scheme of Felzenszwalb et al. [38] consequently



Chapter 4 141 Detection of Partially Visible Objects

removes strongly-overlapping detections, suppressing potential true-positive detections.
In contrast, the detectors proposed in this chapter consider only the visible extent of each
object instance as indicated by the visibility flags (Figure 4.8 (c)). Subsequent NMS takes
the visible extent of each object instance into account and does not suppress partially
visible detections – see Figure 4.8 (d).

In addition, the discussed NMS schemes are not guaranteed to converge to a globally
optimal solution: the method of Felzenszwalb et al. [38] is greedy by nature while mean-
shift methods are generally non-convex optimization problems. The method proposed in
this section is guaranteed to converge to a globally optimal solution.

4.5.2 Preparation & Notation

The two key components of the proposed NMS scheme are (i) a novel overlap measure,
which accounts for the possibility of partial visibility of an object and (ii) an energy
function which offers a way to infer a good scene interpretation alongside an optimizer
which is guaranteed to converge to the global optimum. The basic idea of our scheme is
to find a set of bounding boxes which cover all detections while taking into account their
inferred visibility.

The detection framework described in Section 4.3 outputs detections D at different
scale levels. As a first step we ensure comparability of these detections by interpolating
their visibility flags to a common scale level using nearest-neighbor interpolation. This
common scale level is represented by a block grid of size bx × by and we use the smallest
scale level available (i.e. a scale factor of 1). As shown in Figure 4.9 (b) this grid describes
the entire scene c.f . a single window. In addition, we normalize the scores of all detections
inD by subtracting the threshold t that was used to obtain the detections. This step ensures
that the minimal score will be 0.

To explain our NMS scheme two matricesH andG are defined. The purpose of those
matrices is to relate single detections ofD to a scene. Both matrices are of size bxby×|D|,
where |D| is the number of detections and bxby is the total number of blocks in a scene.
Please see Figure 4.9 for a visual explanation of the two matrices.

Elements inH describe whether a specific block of the scene is covered by a detection
dj ∈ D. ElementHij = 1 if the ith feature block of the scene is visible in the jth detection,
i.e. the corresponding value in vj ∈ V is set to 1.

The second matrix G projects the individual detection scores (Equation 4.1) to the
block grid of the scene – see Figure 4.9 (b). Elements in G corresponding to all blocks
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(a) (b) (c)

Figure 4.9: Matrices for the non-maximum suppression scheme. (a) a candidate detec-
tion dj ∈ D (black bounding box) with inferred visible (orange) and occluded (yellow)
regions; (b, top) the visible blocks of dj are projected to the block grid of the scene. All
purple blocks are set to 1, others to 0; (b, bottom) The score of dj is projected to all blocks
of the scene that are covered by the entire detection. Each red block is set to the score of
dj , others to 0. (c) The block grids of (b) are rasterized into the rows of matrices G and
H .
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belonging to the ith detection – visible or not – are assigned the score (Equation 4.1) of
that detection. The choice to set all blocks of G belonging to a detection to the score of
this detection is an empirical one: only using visible blocks results in a NMS scheme with
a lower detection accuracy c.f . using all blocks.

4.5.3 Overlap Measure

Let us define an overlap measure between two detections dl, dk ∈ D which captures the
degree to which the detections overlap in terms of the number of shared visible blocks:

r (dl, dk) =

bxby∑
i=1

Hik ∧Hil

bxby∑
i=1

Hik ∨Hil

(4.9)

This overlap measure is related to existing methods using bounding box intersec-
tion [38] as an indicator of how spatially similar two detections are. However, given the
availability of inferred partial visibility flags we consider this overlap measure more in-
formative than simply measuring bounding box intersection because it takes into account
the visible portion of the objects and does not hallucinate their full extent.

The overlap measure is also more principled than the one used in existing NMS
schemes e.g. Felzenszwalb et al. [38] in that it considers the true overlap of two de-
tections rather than defining an unprincipled measure (see Equation 4.8) which does not
take the actual overlap between two detections, according to the PASCAL VOC criterion,
into account (Equation 1.1).

4.5.4 Energy Maximization for NMS

To infer a good scene interpretation I we would like to maximize the accumulated ‘score’
of objects in the scene while compensating for multiple detections per ground-truth object.
We therefore express NMS as a constrained energy maximization problem. The final and



Chapter 4 144 Detection of Partially Visible Objects

optimal set of detections I∗ is inferred by:

I∗ = argmax
I

F (I)

with F (I) =
bxby∑
i=1

max
dj∈I

Gij

subject to ∀dk, dl ∈ I : r (dk, dl) ≤ η

(4.10)

This means that for each block on the scene grid the algorithm aims to include the de-
tection that provides the maximum score for that block according to matrix G. However,
to ensure that the final set of detections is plausible in the context of the scene, a con-
straint on the maximum amount of overlap between detections η is imposed. This can be
considered similar to the overlap constraint imposed by the PASCAL VOC challenge [32]
(Equation 1.1), but accounting for partial visibility.

Note that the optimization problem in Equation 4.10 can have multiple solutions. If a
lower-ranked detection is fully contained within a higher-ranked detection the energy will
be the same no matter whether the lower-ranked detection is considered an element of
the scene interpretation I or not. The optimization scheme presented in the next section
resolves this situation by not allowing detections which are fully contained within another
detection as an element of the scene interpretation unless they have a higher score.

4.5.5 Optimization by Branch-and-Bound

The search space of the problem described in Equation 4.10 consists of all combinations
of detections that satisfy the overlap constraint. It can naturally be thought of as a tree-
structure, in which the root of the tree is an empty scene interpretation with no detections
assigned to it. The scene interpretations on the first level of the tree consist of exactly one
detection from D. The number of different scene interpretations on this level is similar to
the number of detections |D|. Each consecutive level of the tree adds one detection of D
to the scene interpretations of the previous level which satisfies the overlap constraint.

We explore this search space using a priority search, which starts with an empty scene
interpretation (the root of the tree) having zero energy. We then iteratively pick the high-
est ranked interpretation and create new scene interpretations by adding one additional
detection (satisfying the overlap constraint), recalculating their energy and adding them
to the queue of already computed scene interpretations.

If the number of detections |D| is relatively small, a brute-force search through all
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scene interpretations (the entire tree) is possible. However, in the case that the number
of detections is large and many candidate detections overlap, a more efficient search pro-
cedure is necessary. To that end we propose a novel branch-and-bound procedure. We
observe that for any given scene interpretation I we can compute the following upper
bound for the remaining detections in that branch of the search tree, still satisfying the
overlap constraint of Equation 4.10:

F̂ (I) =
bxby∑
i=1

max
dj∈I∪C

Gij ≥ F (I) (4.11)

where C is the set of detections that satisfies the constraint of Equation 4.10 given the
already selected detections I:

C = {d| d ∈ D ∧ ∀s ∈ I : r (d, s) ≤ η} (4.12)

This upper bound answers the question of what energy could possibly be achieved if
we continue adding detections to this scene interpretation. If it is smaller than the current
best energy, we do not need to continue exploring this interpretation and can ignore this
entire branch of the search tree. In contrast to other NMS schemes [38, 22] our energy
function in combination with the proposed optimization scheme is guaranteed to converge
to a global minimum.

Despite the proposed branch-and-bound procedure, optimization is still somewhat
slow for a large set of detections D. In our experiments using the proposed NMS scheme
we therefore focus on detections which only score above a threshold of t = −1 to fur-
ther prune the search space. The great majority of true-positive detections lies above this
threshold while detections bellow this threshold are mainly dominated by false positives.

4.6 Emprical Results

In this section we report the empirical results in the form of a qualitative and quantitative
experimental analysis of the proposed method. As in previous chapters, we first discuss
the details of our implementation.
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4.6.1 Implementation Details

Window Descriptor

We use the Histogram of Oriented Gradients (HOG) descriptor [23] – see Section 2.3 for
a detailed explanation. As discussed earlier, the block structure of these features provides
a suitable basis for building detectors allowing for partial visibility by inferring visibility
at the block level. One layer of HOG features with cells of size 6 × 6 pixels is used.
Blocks are of size 2× 2 cells and overlap by one cell.

Parameter Estimation

We use cross-validation to set the parameters {λ, α, η} by learning detectors on the train
subset of PASCAL VOC 2010 and determining the best parameters on val for a detector
with d = 2 mixture components.

To set the regularization parameter λ of the baseline we learn regular sliding-window
detectors without partial visibility modeling and consider possible values of λ in the range
of 10−1 to 102. We adopt the value which gives the highest AP at η = 0.5 using the
greedy NMS scheme of Felzenszwalb et al. [38]. We then fix this value of λ and use
cross-validation to determine the best overlap value η for the greedy NMS scheme of
Felzenszwalb et al. [38] in the range of possible values 0.2 to 1.0. The best set of param-
eters (λ∗, η∗) forms the baseline detector for each object class.

To determine the strength of the contiguity term in the MRF model we fix λ to λ∗

and perform cross-validation in the range of 10−2 to 10−1. Again, we pick the value α∗

which yields best AP on val using the greedy NMS scheme of Felzenszwalb et al. [38].
Detectors with values close to 10−1 usually correspond to sliding window detectors which
can only consider a detection completely visible or not visible at all and so we do not
consider values larger than 10−1.

The final step consists of determining the overlap threshold η for the NMS scheme
presented in Section 4.5 by cross-validation considering possible values in the range of
0.2 to 1.0 while fixing other parameters to λ = λ∗ and α = α∗.

Truncated Objects

Similar to the sliding window detectors presented in Chapter 2 and Chapter 3 we pad the
feature representation of training and test images on each side with 50% of the window
size at each scale. These padded areas have their visibility flags v set to 0, i.e. we consider
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these areas not visible and do not infer them [53]. For further explanation see Section 2.7.1
and Figure 4.4.

Training & Test Protocol

Following extraction of initial positive and negative training examples bootstrapping is
performed. We use 6 updates on latent variables (outer loops). The inner loop performs a
maximum of 20 bootstrapping rounds. Each round scans 200 randomly selected negative
images for false positives. We select a maximum of 3 false positives per scale and per
mixture component. Bootstrapping stops early if the number of false positives drops
below 200 for each mixture component. As a final step, a maximum of 20 bootstrapping
rounds is performed on 800 randomly selected negative images.

Predicted Bounding Box

Similar to the previous chapters we predict an average bounding box per mixture compo-
nent. If the visibility flags indicate that the object is smaller than the average bounding
box, we contract the bounding box around the visibility flags. All remaining implemen-
tation details stay unchanged to Chapter 3.

4.6.2 Quantitative Results

In this section we report the quantitative results of the proposed methods. We compare a
baseline detector, which is a mixture-of-experts model without partial visibility modeling,
to the proposed method in combination with the greedy NMS scheme of Felzenszwalb et

al. [38]. In addition we compare these two detector setups to our proposed method when
used in conjunction with the new NMS scheme proposed in Section 4.5.

For performance evaluation we use the PASCAL VOC 2010 [30] datasets and method-
ology as described Section 1.2.1 – precision/recall curve, reporting Average Precision
(AP), with bounding box overlap of 50%.

Terminology

We compare different subsets of our methods. The baseline (short: ‘BL’) is a sliding-
window detector with d = 2 mixture components but with no ability to infer visible
regions of an object. The baseline is, however, able to model truncation of an object class
as it makes use of the visibility flags of the padded area of each image (see Figure 4.4).
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We use 2 mixture components because the empirical difference to 3 mixture components
is only small for these regular sliding window detectors.

The visibility modeling (short: ‘VIS’) experiment utilizes a sliding-window detector
with d = 2 mixture components and visibility modeling enabled, i.e. inference over visi-
bility flags is performed. Both methods, BL and VIS, use the greedy selection scheme of
Felzenszwalb et al. [38].

The final experiment visibility modeling + new NMS (short: ‘VIS+NMS’) additionally
uses the proposed globally optimal non-maximum suppression (NMS) scheme introduced
in Section 4.5 instead of the scheme of Felzenszwalb et al. [38].

Evaluation of Partial Visibility Modeling

Table 4.1 shows the Average Precision (AP) results for the 20 object classes of the PAS-
CAL VOC 2010 challenge [30]. We compare the AP of the baseline (BL) to the use of
visibility modeling (VIS). Visibility modeling improves AP for 16 of 20 classes and main-
tains AP for another 2 classes. Mean AP improves from 12.2% to 12.9% – a relative
improvement of 5.7%.

To further explain our results we recall the roles of parameters α and λ in our detection
scheme. The parameter α sets the strength of the penalty term which is subtracted from
the window score in case two neighboring blocks have different visibility flags – see
Equation 4.1. In that sense it influences the contiguity of the visibility flags: low values
of α allow for sparse occlusion patterns while high values enforce contiguous patterns
of visibility. Parameter λ controls the `2-norm of the weight vectors W and unary bias
terms U . Consequently, high values of λ encourage optimization to consider low values
of the elements inW and U . High values of λ result in low-norm solutions for elements
inW and U , resulting in the penalty term controlled by α (Equation 4.1) gaining greater
influence on the detection score.

For our experiments we observe two types of results: First, for most object classes
the proposed scheme infers all true-positive detections as fully visible i.e. all visibility
flags are inferred to be 1, which is caused by high values of α and/or λ. Object classes
exhibiting this behavior are for example ‘aeroplane’, ‘cat’, ‘dog’, or ‘person’. While for
some object classes, e.g. ‘aeroplane’, occlusion is not very common and this behavior is
expected, for other object classes the underlying sliding window detectors are not suc-
cessful in modeling the appearance of an object class and partial visibility.

Second, for some object classes (‘bicycle’, ‘motorbike’, ‘car’, ‘chair’ and to a certain
degree ‘bus’ and ‘horse’) detections are allowed to have partial visibility. For five of these
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AP (on test) aero bicycle bird boat bottle bus car
BL 25.7 28.8 0.2 2.4 0.9 30.5 22.3
VIS 28.0 27.9 0.2 3.4 1.3 32.3 23.5

AP (on test) cat chair cow table dog horse person
BL 2.5 5.1 3.9 5.2 3.7 13.4 20.5
VIS 3.9 5.9 5.4 5.3 4.6 14.9 17.6

AP (on test) mbike plant sheep sofa train tv mean
BL 25.6 3.4 7.1 3.6 13.2 26.3 12.2
VIS 27.3 3.7 8.1 3.8 13.2 27.3 12.9

Table 4.1: PASCAL VOC 2010 results (comp3, test-set). We show Average Precision
(AP) for a model with d = 2 mixture components with and without partial visibility
modeling. The greedy NMS scheme of Felzenszwalb et al. [38] was used. AP improves
for 16 of 20 object classes and mean AP improves slightly from 12.2 to 12.9.

classes (‘bus’, ‘car’, ‘chair’, ‘horse’ and ‘motorbike’) AP improves, e.g. the ‘car’ class
improves from 22.3% for a model without partial visibility modeling to 23.5% for a model
with partial visibility modeling – a relative improvement of 5.4%. Another example is the
‘horse’ class, which improves from 13.4% to 14.9% – a relative improvement of 11.2%.

Figure 4.10 presents precision/recall curves for the six classes of the PASCAL VOC
2010 dataset for which we are able to model partial visibility. For these plots detectors
were trained on the train of the PASCAL VOC 2010 dataset [30] and evaluated on the
val dataset. Substantial AP improvements can be observed for the ‘car’ and ‘chair’ class
when comparing BL to VIS. While the AP of the ‘car’ detector improves from 21.1% to
23.2% (a relative improvement of 10.0%), AP for the ‘chair’ class improves from 4.6%

to 5.1% – a relative improvement of 10.9%. The curves show that recall increases for
‘bicycle’, ‘car’, ‘chair’ and ‘motorbike’ at almost all precision levels, i.e. we are able to
detect more objects at comparable precision rates c.f . the baseline. Precision/recall curves
for the remaining object classes can be found in Appendix A.3.

Globally Optimal NMS Scheme

The proposed NMS scheme gives comparable precision/recall curves to the greedy NMS
scheme of Felzenszwalb et al. [38] – see blue curves in Figure 4.10. Note that the AP
of VIS and VIS+NMS is not directly comparable due to VIS using detections above a
threshold of t = −1.5 and VIS+NMS using t = −1 for efficiency reasons.

To allow for a fair comparison we also evaluate the VIS experiment at t = −1 on PAS-
CAL VOC 2010 test and compare the results to VIS+NMS in Table 4.2. At this threshold
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Figure 4.10: Precision/recall curves for selected PASCAL VOC 2010 classes, compar-
ing the baseline (BL, red curves) to partial visibility modeling (VIS, green) and partial
visibility modeling in combination with the proposed globally optimal NMS scheme
(VIS+NMS, blue). Modeling of partial visibility gives an increased recall at compara-
ble precision levels for ‘bicycle’, ‘car’, ‘chair’ and ‘motorbike’ (green & blue curves).
AP improves for 4 of the 6 object classes.
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AP (on test) aero bicycle bird boat bottle bus car
VIS 27.7 27.7 0.1 3.2 1.0 31.9 22.9

VIS+NMS 26.3 28.1 0.1 3.2 1.0 32.5 23.7

AP (on test) cat chair cow table dog horse person
VIS 3.0 5.6 5.2 4.9 3.9 14.4 16.2

VIS+NMS 3.0 5.8 5.3 4.3 3.9 13.7 15.8
AP (on test) mbike plant sheep sofa train tv mean

VIS 27.1 3.5 7.8 3.3 12.8 26.9 12.5
VIS+NMS 27.2 3.5 7.5 3.2 12.2 25.9 12.3

Table 4.2: PASCAL VOC 2010 results (comp3, test-set). We show Average Precision
(AP) for a models with d = 2 mixture components at a threshold of t = −1. VIS uses
the greedy NMS scheme [38] while VIS+NMS uses the globally optimal NMS scheme
presented in Section 4.5 used. AP improves for 6 of 20 object classes while mean AP
drops slightly from 11.4% to 11.3% when comparing VIS to VIS+NMS.

the detectors will not reach the absolutely highest recall levels but the great majority of
true-positive detections lie above that threshold. Since we only compare different NMS
schemes these results can be interpreted as how the two different NMS methods perform
when presented with the same set of detections D per image.

Table 4.2 compares the VIS experiment to the VIS+NMS experiment. Overall there
is no clear improvement and mean AP decreases slightly from 12.5% to 12.3%. AP im-
proves for 6 object classes and remains the same independent of the NMS scheme used
for another 6 object classes. Out of the 6 classes that improve AP 4 detectors model par-
tial visibility as discussed earlier. Improvements can be observed for the ‘car’ class for
which AP improves from 22.9% to 23.7% (a relative improvement of 3.5%), the ‘bus’
class which improves from 31.9% to 32.5% or the ‘bicycle’ class with an improvement
from 27.7% for VIS to 28.1% for VIS+NMS. While these results indicate that the new
NMS scheme can not provide improved results for the majority of object classes, it is still
general i.e. we believe it will prove beneficial with improved modeling of partial visibility.

Table 4.3 presents the maximum recall of detectors from the VIS and VIS+NMS ex-
periments. Comparing maximum recall at a certain detection threshold enables us to
determine whether a specific method is able to extract more true-positive detections of an
object class. The mean of the maximum recall increases slightly from 31.3% to 31.4%.
For some object classes the increase in maximum recall is relatively strong e.g. the ‘car’
object class increases from 33.3% for VIS to 34.2% for VIS+NMS.
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max recall (val) aero bicycle bird boat bottle bus car
VIS 46.9 50.5 4.1 7.3 12.2 57.3 33.3

VIS+NMS 49.6 49.2 4.1 7.6 12.2 55.3 34.2

max recall (val) cat chair cow table dog horse person
VIS 35.7 18.4 24.2 26.1 23.1 40.3 27.0

VIS+NMS 36.6 18.4 24.6 24.8 22.1 41.0 26.8
max recall (val) mbike plant sheep sofa train tv mean

VIS 44.9 20.3 30.8 33.0 36.5 53.1 31.3
VIS+NMS 45.2 20.6 31.1 34.8 36.9 53.6 31.4

Table 4.3: PASCAL VOC 2010 maximum recall results (comp3, test-set). We show
maximum recall at a detection threshold of t = −1 and compare VIS to VIS+NMS. On
average the new NMS scheme provides additional positive detections, i.e. recall increases.

4.6.3 Qualitative Results

In the following we establish the applicability of partial visibility modeling to object de-
tection by presenting qualitative results in form of example detections comparing BL to
VIS in Figure 4.11 and VIS to VIS+NMS in Figure 4.12.

Partial Visibility Modeling

Figure 4.11 shows example detections for four object classes. Compared to the base-
line BL (dashed yellow bounding boxes), the proposed method VIS (solid blue bounding
boxes) is able to infer partial visibility – active visibility flags are shown in cyan. Our
method detects a wide range of occlusions for these different object classes. In example
(f), the person occludes the middle-part of the car and these blocks are correctly consid-
ered not visible. Our method is also able to deal with larger degrees of occlusion, see e.g.
example (j) in which the horse in the background is significantly occluded, or example (i)
in which the bottle occludes large parts of the car.

Note that the inferred visibility flags are not absolutely precise, e.g. the person in Fig-
ure 4.11 (g) is partially considered visible as part of the car in the background. We note
that these blocks might not offer significant negative evidence against the presence of
the object, and hence are considered visible. This is also a consequence of the imposed
discriminative learning scheme, which will sometimes be ‘satisfied’ if an occluder resem-
bles part of the object class it occludes or at least does not contribute additional negative
evidence. A generative model, which models what it expects to see rather than to discrim-
inate between what it expects to see and what it does not expect to see, might be helpful
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(a) bicycle (b) bicycle (c) bicycle

(d) car (e) car (f) car

(g) car (h) car (i) car

(j) horse (k) motorbike (l) motorbike

Figure 4.11: Example detections for the baseline and partial visibility modeling. We show
detections from the BL and VIS experiments. If available, baseline detections are shown
as bounding boxes with dashed yellow lines. Our method is able to infer the visible extent
of an object (cyan regions) c.f . the baseline, which does not have this capability. To avoid
visual clutter we only draw one detection per image.
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for inferring precise visibility flags in these cases.

Globally Optimal NMS Scheme

In Figure 4.12 we compare detections to the greedy NMS scheme of Felzenszwalb et

al. [38] with the globally optimal scheme proposed in Section 4.5. The new NMS scheme
yields additional detections, including occluded objects. For example, in (a, b, d) addi-
tional occluded instances of the ‘car’ class are extracted. Examples (k, l) show additional
instances of the ‘person’ class, which the new NMS scheme is able to select in contrast
to the greedy NMS scheme of Felzenszwalb et al. [38]. These additional detections are
mainly selected because the proposed NMS scheme employs a principled overlap mea-
sure which considers the overlap of the area the visible parts of two detections share w.r.t.
the area both detections cover – see Equation 4.9. This is in contrast to the greedy NMS
scheme [38] used by VIS which measures the overlap of two detections w.r.t. the area
the lower-ranked detection covers and consequently suppresses lower-ranked detections
which are largely contained within a higher-ranked detection. However, it should be noted
that the majority of detections in Figure 4.12 infers an object instance to be fully visible
and our principled NMS scheme is still able to select these detections c.f . the scheme of
Felzenszwalb et al. [38] which suppresses them.

The new NMS scheme is also able to extract entirely new non-occluded detections in
comparison to the scheme of Felzenszwalb et al. [38] – see e.g. Figure 4.12 (h). While
the greedy scheme of Felzenszwalb et al. [38] first selects the highest ranked detection in
a scene, our scheme maximizes the block-wise score – see Figure 4.9. This can conse-
quently yield different detections.

In summary, the proposed NMS scheme is able to extract additional detections due to
the principled overlap measure and the block-wise energy optimization. It does so at the
cost of a slightly lower precision rate, i.e. it also extracts more false-positives on average.
These additional false-positives are mainly a consequence of the imposed overlap mea-
sure. While the new overlap measure allows partially visible object instances to remain
as an element of the scene interpretation, it may also allow other false-positives satisfying
the overlap constraint of Equation 4.10 to remain as an element of the scene interpreta-
tion – see also Section 4.5.3 and Figure 4.7. The greedy NMS scheme of Felzenszwalb et

al. [38] commonly removes such false-positive detection instances as it considers the
overlap of bounding boxes rather than the overlap of visibility flags.

The positive aspects of the proposed NMS scheme remain: (i) it is more principled
than the greedy NMS scheme [38] in that it takes partial visibility into account. (ii) It
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(a) car (b) car (c) bus

(d) car (e) chair (f) chair

(g) horse (h) horse (i) motorbike

(j) motorbike (k) person (l) person

Figure 4.12: Additional detections of the proposed NMS scheme (VIS+NMS). If available,
VIS detections are drawn as yellow bounding boxes with dashed lines. The new NMS
scheme yields additional occluded detections. We are also able to extract entirely new
fully visibly detections c.f . VIS – see e.g. (g, h).
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provides a globally optimal solution and (iii) it is general, i.e. we believe we can improve
it with better modeling of partial visibility.

4.7 Conclusions

This chapter proposed a method for detection of partially visible objects in a sliding-
window framework. Key contributions of the method are the treatment of partial visibility
as latent variables and a non-maximum suppression scheme that makes use of additional
cues in form of partial visibility.

Quantitatively the proposed method yields improved results for 16 of 20 object classes
and mean AP increases from 12.2% to 12.9% – see Table 4.1. The majority of object
classes does however not model partial visibility as true-positive detections are either
considered completely visible or not visible at all. We plan to improve this situation
in future work. The presented qualitative results are promising in that we are able to
detect object instances exhibiting many types of occlusion – see Figure 4.11. In addition
our method infers the visible extent of each detection and therefore provides additional
information about the image scene c.f . common object detection methods [38, 134] which
do not have this ability.

The novel NMS scheme takes partial visibility into account by defining a principled
overlap measure between two detections (Equation 4.9). Quantitative results show that
the method improves AP for some object classes while qualitative results indicate that
more object instances are selected by the proposed NMS scheme compared to the greedy
NMS scheme of Felzenszwalb et al. [38].

In summary, the proposed method offers possibilities to detect partially visible objects
and on average performs better than a model without the ability to consider partial visibil-
ity while also providing promising qualitative results in that the proposed method is able
to report on the visible extent of an object instance.





CHAPTER 5

CONCLUSIONS AND FUTURE WORK

This thesis investigated the problem of object detection in still images and is separated
into three different parts. Each part considers a different problem in the research area
of object detection: (i) the development of a new segmentation-based feature descriptor;
(ii) the extension of deformable part-based models to share parts and better handle finite
training data, and (iii) the detection of partially visible objects.

In Chapter 2 we proposed a new feature descriptor, named CHOG, which builds on
the popular HOG features [23] and takes advantage of potentially useful instance-specific
object characteristics. These features implicitly incorporate color-based segmentation of
an object into the feature extraction process and as a result offer the possibility to exploit
potential foreground/background relationships in an image window. In addition to com-
bining the new feature descriptor with a linear SVM, we also combined it with an SVM
using an inhomogeneous quadratic kernel, which can model dependencies between pairs
of elements of the feature descriptor.

Chapter 3 deals with deformable part-based models (DPMs) [38], the current state-
of-the-art in object detection [32]. We extended the DPM with the ability to share parts
across mixture components (i.e. subclasses, which often correspond to viewpoints) and
object classes, resulting in a more efficient use of finite training data and a reduction in

158
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the number of model parameters as parts can be reused across viewpoints/object classes.
The proposed method allows, for example, the sharing of the appearance of a car wheel
between two mixture components representing e.g. side-view and three-quarter-view cars.

In the first part of Chapter 4 we proposed a method to detect partially visible object
instances by treating the visibility of an object class as a latent variable to be inferred at
test and training time. The second part of Chapter 4 presented a novel non-maximum
suppression scheme which takes the partial visibility of object instances into account by
defining a principled overlap measure, considering only the overlap of the visible area of
two detections.

5.1 Conclusions

5.1.1 Implicit Color Segmentation Features

The incorporation of instance specific segmentation cues into the feature extraction pro-
cess has, to our knowledge, not been proposed before for the task of object detection.
The ability to model consistent foreground/background relationships as a result of the
imposed segmentation model is also novel and provides additional recognition cues c.f .
HOG features [23] which cannot distinguish between foreground and background.

The proposed method gives significantly improved detection accuracy over HOG fea-
tures [23] (see Sections 2.6.2 and 2.7.2) while qualitative results indicate that detectors
using CHOG features are able to detect more object instances c.f . detectors which only
use HOG features – see Section 2.7.3. These additional detections are often object in-
stances which are imaged under poor lighting conditions, in which case the segmentation
model can improve weak gradient responses, or uniformly colored object instances for
which the segmentation models work especially well.

The computation of the proposed CHOG feature descriptor is fast due to the implicit
nature of the feature extraction scheme, i.e. the gradients of the local segmentations can be
computed by a simple linear combination of the original image gradients. However, due
to the higher dimensionality of the feature descriptors, classification of the feature vector
in the sliding window scheme is usually slower c.f . lower-dimensional HOG features.

In our experiments we have additionally established that the use of an SVM clas-
sifier with inhomogeneous quadratic kernel can further improve detection accuracy for
both HOG and HOG+CHOG features – see Section 2.7.2. The qualitative results in Sec-
tion 2.7.3 indicate that detectors using a kernel SVM are able to detect additional occluded
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object instances as well as visual outliers, i.e. object instances which significantly differ
from the common appearance of an object class. However, it should be noted that the us-
age of a kernel SVM is expensive due to the complexity of computing the kernel function
for each window in the image.

5.1.2 Shared Parts for Deformable Part-based Models

In Section 1.1 we have identified the high variance of appearance of an object class in-
duced by different viewpoints/poses as a major challenge of object detection. Most cur-
rent methods either (i) ignore such issues, or hope that they can be implicitly modeled e.g.
by using a non-linear classifier [97, 134, 115], or (ii) by dividing the data into different
sub-classes e.g. corresponding to viewpoints [135, 38, 147]. In our work we adopt the sec-
ond approach while also proposing to share elements of the model across sub-classes - an
idea which has previously only been considered by a few other methods (see Section 3.2.1
for an overview).

Specifically our model shares part appearance in a deformable part-based model [38]
(DPM) while maintaining individual geometric configurations for parts in different sub-
classes, i.e. while parts might appear similar across viewpoints they are commonly located
differently. To the best of our knowledge, the work undertaken in Chapter 3 is the first
that considers the sharing of parts across subclasses and object classes in a DPM.

In the course of describing our framework we have also proposed a modular refor-
mulation of the DPM, which defines the detector as an accumulation of individual part
responses. This modular reformulation as well as the employment of an energy function
for discriminative learning made it possible to conveniently express the extension of the
regular DPM to models which are able to share parts across subclasses and object classes.

The sharing of parts results in a more efficient use of finite training data while the num-
ber of model parameters is reduced as parts can be reused and do not have to be learned
separately for each subclass. In addition, training and test time is usually significantly
shortened due to the efficient use of parts and coupled training procedures.

In our experiments we found in Section 3.6.2 that DPMs with shared parts perform
better compared to their counterparts without shared parts and often require fewer parts to
reach a similar or better performance. In addition, the presented qualitative results show
that the DPMs successfully use the learned part appearance across object viewpoints and
different object classes – see Section 3.6.3.
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5.1.3 Detection of Partially visible Objects

Models based on sliding window detectors which consider the partial visibility of an ob-
ject instance in a principled way are very rare [50] and often only consider occlusion
caused by the truncation of an object by the image boundary [53, 135]. Chapter 4 pro-
poses a method for partial visibility modeling, in which visibility is treated as a latent
variable to be inferred at test and training time. A novel aspect of our method is the infer-
ence of latent visibility at training time, eliminating the requirement of additional training
data annotation indicating the visible extent of each object instance.

In contrast to common object detection schemes, which only report on object location
and hallucinate the visible extent of an object instance by predicting a bounding box which
assumes the entirety of an object instance to be visible, the proposed method provides
additional scene information by indicating the visible extent of an object instance.

The hallucination of the visible extent of an object instance by common object detec-
tion schemes also poses a significant problem for non-maximum suppression (NMS) in
that partially visible object instances might be suppressed. In contrast, the proposed NMS
scheme (Section 4.5) takes the partial visibility of an object class into account by defining
a principled overlap measure which considers the visible area two object instances share
and hence does not suppress detections which occlude each other.

The NMS scheme is accompanied by an optimization method which is guaranteed
to converge to a globally optimal solution c.f . other methods such as mean-shift tech-
niques [80, 22], which can arrive in poor local minima corresponding to an unfitting scene
interpretation. To our knowledge the proposed NMS scheme has not been considered be-
fore and is therefore novel.

Quantitative results indicate that partial visibility modeling improves detection accu-
racy for most object classes (see Section 4.6.2) while qualitative results indicate that our
approach works successfully in that we are able to report on the visible extent of many
object instances – see Section 4.6.3. The proposed NMS scheme selects additional true-
positive detections due to the use of a principled overlap measure at the cost of a slightly
increased false-positive rate.
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5.2 Future Work

5.2.1 Implicit Color Segmentation Features

In our work we have shown that, in contrast to previous methods which compute a feature
descriptor which is not dependent on local image properties, adapting the descriptor to
such local image properties gives improved detection accuracy as well as improved re-
call, i.e. we are able to detect more objects. The promising quantitative and qualitative
results indicate that the development of such image descriptors is a promising research
direction and deserves further work. Specifically, future work on the segmentation fea-
tures proposed in Chapter 2 should focus on three directions: (i) improvement of the local
segmentation models; (ii) improvement of the computational efficiency of the detection
scheme when kernel SVMs are used for classification and (iii) the combination of the
proposed feature descriptors with other descriptors.

Improved Segmentation Models

In the future we intend to investigate further the incorporation of segmentation cues in
the form of instance-specific models of appearance. The proposed models of foreground
and background can be improved by using additional information to build the local seg-
mentation models. For example, a combination of color normalizations, a more advanced
discriminative model for separating foreground and background c.f . the Fisher discrimi-
nant [10] used in our approach, or by building the segmentation model from more ‘global’
cues rather than basing it merely on small image regions around a CHOG block. However,
challenges remain in incorporating such more advanced models of segmentation without
excessively compromising computational efficiency.

Improvement of Computational Efficiency

We have shown that using CHOG feature descriptors in combination with HOG feature
descriptors can improve detection accuracy over detectors only using HOG features. We
have further established that combining HOG+CHOG with an SVM using a quadratic ker-
nel improves detection accuracy further. However, using such an SVM is computationally
expensive due to the requirement to compute the kernel function for the feature vector of
every window in the image. Further research into improving the computational efficiency
of the detectors which use a kernel classifier is therefore worth pursuing. Possibilities for
improving the efficiency of sliding window detectors were presented in Section 1.3.4 and
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include the use of a cascade architecture [107, 138] or coarse-to-fine search [102, 103].
Furthermore the use of homogeneous feature maps to approximate kernels in a SVM
classifier as proven successful in previous studies [136]. Another possibility is to apply
dimensionality reduction techniques, such as Principal Component Analysis [10], to the
feature vector of each window prior to the computation of the kernel function [115].

Combination of Feature Descriptors

The proposed method combines HOG features with the novel CHOG features in one joint
descriptor per window. Future work should also focus on additional feature descriptors
which could be added to this combination. Local Binary Patterns (LBP) are one option
and have shown promising performance improvements in previous research when com-
bined with HOG features [140].

5.2.2 Shared Parts for Deformable Part-based Models

Chapter 3 established that the sharing of parts in a deformable part-based model (DPM)
is beneficial to detection accuracy and allows for a better handling of finite training data.
Future work on the methods presented in Chapter 3 extends into four possible directions:
(i) scaling of the proposed detectors to more classes; (ii) development of more sophisti-
cated mixture models; (iii) reconsideration of the proposed learning scheme and (iv) the
exploration of possibilities in transfer learning.

Scaling to more Classes

In future work we aim to show the applicability of part sharing in enabling scaling to many
more classes while maintaining the accuracy achieved by the DPM for the few classes in
existing studies [38, 147, 97]. Scaling to more classes is an important component of
future research as it allows for the sharing of even more data and can potentially create
a universal collection of parts for the modeling of a large number of object classes in
a DPM. In addition, the learning and evaluation of detectors for many object classes is
generally faster than learning and evaluating each detector separately due to the efficient
use of parts and coupled training procedures.
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Improved Mixture Models

In our experiments we were not able to improve detection accuracy further by simply in-
creasing the number of mixture components in the mixture model independent of whether
parts were shared or not. This suggests that the initialization strategy and the latent update
scheme for the mixture components might be limiting factors. Girshick et al. [53] sug-
gest that training separate mixture components for left and right facing object instances
is beneficial to detection accuracy. Other initialization strategies than the one used in our
experiments (k-means clustering on the width/height-ratio of bounding boxes) should be
explored. A good starting point might be to arrange object instances of an object class into
intuitive subclasses according to a human understanding and proceed from there. Such
subclasses might correspond to different types of objects e.g. vans, limousines, compact
cars and regular cars for the ‘car’ object class. While such an approach could be seen
as “moving backwards”, it can potentially lead to new insights into how to automatically
organize mixture components for creating models with improved detection accuracy.

Reconsideration of the Learning Scheme

A significant challenge of the DPMs as well as the models considering partial visibility
(Chapter 4) is how to efficiently train them. In our scheme we used a heuristic initial-
ization strategy to avoid ‘getting lost’ in a region of the energy surface with badly gen-
eralizing solutions (local minima) at the beginning of training – see Section 3.6.1. The
optimization problem itself is a very tough one, with unsatisfactory local minima caused
by a non-convex and non-continuous energy surface. This situation will not improve in
the future with more complex models capable of sharing information becoming avail-
able e.g. the grammar model of Girshick et al. [54]. Despite significant improvements
in modeling capacity, this model only offered a small improvement in detection accuracy
over the regular DPM [38] in the recent PASCAL VOC challenge [31]. A major challenge
therefore remains in either (i) reformulating these more expressive models in a way which
makes training more effective, or (ii) developing a new approach to optimization which
should be more domain-specific than the generic approaches currently used.

Possibilities in Transfer Learning

While in previous implementations of the DPM [38, 147] parts were assigned to only one
mixture component, the proposed models with part sharing assign a part to all mixture
components. This raises the question whether it would be possible to learn detectors for
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one object class and reuse their learned part appearances in the training of a detector for
another object class. While in our implementation we have suggested the parallel learning
of multiple detectors and sharing parts between them, we have not considered reusing the
parts of an already learned detector to learn an entirely new detector. Such approaches
are referred to as transfer learning [98] and would offer an elegant way to quickly learn
object detectors for different classes using a DPM.

5.2.3 Detection of Partially Visible Objects

We have shown in Chapter 4 that partial visibility modeling can increase detection accu-
racy while providing a better scene understanding c.f . common object detection schemes
by indicating the visible extent of an object instance. Future work on partial visibility
modeling should focus on two main directions: The first direction focuses on how to bet-
ter model partial visibility by (i) using better appearance models; (ii) improving the model
of partial visibility and inference, and (iii) incorporating contextual cues into the detec-
tion scheme. The second direction focuses on the learning of models for partial visibility
and should concentrate on (iv) the analysis of available datasets and (v) improving partial
visibility modeling by providing additional training data annotation and/or segmentation
cues.

Better Appearance Models

We believe that in our current approach partial visibility modeling can be improved and
applied to more classes by using better detectors. Future work should therefore focus on
building detectors which use better appearance models, such as more sophisticated feature
descriptors [96, 140] than the ones used in our study. Another possibility is to incorpo-
rate partial visibility modeling into the deformable part-based model [38] (Chapter 3) by
assigning a latent variable to each part in the DPM which indicates whether this part is
visible or not. In case the part is not visible, a unary bias term can be added to the score
– a similar approach has recently been presented by Girshick et al. [54].

Improved Models of Partial Visibility and Inference

From a broader point of view the question should be asked whether the way we model par-
tial visibility, i.e. using a block-based Markov Random Field (MRF) at the window level,
is sufficient. Further research should consider the extension to a pixel mask rather than a
block-based scheme to allow for more detailed modeling of partial visibility. Challenges
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remain in how to efficiently perform inference in such models: in our current implemen-
tation we use Graph-Cut [13] to infer a solution. While this approach is fast enough for
the proposed method, it will most likely not scale to more precise and/or more sophis-
ticated models of partial visibility. Fast approximations of inference as well as possible
improvements to the sliding window detector e.g. better upper bounds on the detection
score or the use of an cascade architecture (which is aware of partial visibility) should
be explored. More sophisticated models of partial visibility should also consider the use
of image cues to detect where occlusion is apparent in the image scene e.g. edges can
provide information regarding the occlusion of an object.

Contextual Relationships

In our approach we have treated each object class separately by learning independent
detectors. However, it is obvious that inter- as well as intra-class contextual relationships
can be helpful in the modeling of partial visibility. Consider, for example, a car which is
half occluded: it is likely that the occluder is another known object class, possibly another
car, and can be reliably detected. Approaches to leverage contextual information have
been presented in Section 1.3.5 of this thesis. An elegant approach which can be extended
to use in combination with partial visibility modeling is that of Desai et al. [25] who model
the ‘geographical’ relationships of object instances in an scene by learning how likely it
is that one object instance appears e.g. on top of another or two object instances appear
next to each other. This method could be extended to be used in combination with partial
visibility modeling and could further be incorporated into the proposed NMS scheme.
Challenges remain in how to model partial visibility in case the object in question is
occluded by an unmodeled object e.g. a tree or a wall.

In addition, 3D information can be a valuable cue for partial visibility modeling and
should be considered for future work. Our model is purely 2D, i.e. the model parameters
(including those of the MRF) are not updated depending on scale, or based on any per-
spective information in the scene. This is a possible direction for future research: more
advanced models which take 3D scene information into account can potentially improve
the modeling of partial visibility.

Data Analysis

In our experiments we were able to successfully model partial visibility for 6 object
classes of the PASCAL VOC 2010 dataset [30] . The detectors of all other object classes
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considered true-positive detections to be fully visible. This raises the question whether
the training data is sufficient and offers enough partially visible object instances to suc-
cessfully model partial visibility. For the PASCAL VOC 2010 dataset [30] we can report
that, for most object classes, many partially visible training instances are available while
some object classes e.g. ‘aeroplane’ are naturally not occluded very often. However, it
remains an unanswered question whether more data is required to successfully learn the
proposed models for all object classes. This issue will become even more important with
more complex models which may consider contextual information e.g. occlusion between
object classes or 3D factors.

Additional Training Data Annotation and Segmentation Cues

One way to ease this problem might be to provide additional annotation regarding partial
visibility for the object instances in the training dataset. In our approach we have treated
the visibility of an object class as a latent variable to be inferred at training and test
time, and consequently no additional annotation for the training data regarding the visible
parts of object instances had to be provided. Loosening this restriction by allowing for
additional information to be used during modeling of partial visibility can be beneficial to
detection accuracy and successful learning. Partial annotation regarding the visible extent
of an object instance is available for the PASCAL VOC datasets [32] and can be used
during training to set the latent visibility flags for some training examples. Furthermore,
methods which combine object detection and image segmentation (e.g. Ladicky et al. [72]
or Ramanan [105]) should be considered for improving our models.

5.3 Outlook and Final Thoughts

The field of object detection is a challenging one and will remain so for quite some time.
This thesis presented methods towards solutions of individual problems in the research
area and we have also presented, sometimes significant, performance improvements com-
pared to the relative baselines.

From a bigger viewpoint, current research mainly extends in two directions: (i) adding
more prior knowledge to the detection scheme or (ii) learning major parts of the detec-
tion scheme. This thesis has mainly focused on the first direction and current research,
e.g., using grammar models for object detection [54], follows this direction as well. The
grammar models proposed by Girshick et al. [54] explicitly assume an object to be decom-
posable into smaller parts, which themselves can be decomposed into smaller subparts.
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Furthermore, feature descriptors (e.g. HOG, CHOG) incorporate various forms of invari-
ance into the image representation e.g. translation invariance – an object can move by a
small degree without changing the feature descriptor significantly. This choice of image
representation and its tunable parameters are another example of prior knowledge which
is explicitly incorporated into the detection scheme.

The other direction, which is commonly summarized under the label of “Deep Learn-
ing” [57, 8] and was shortly introduced in Section 2.2.4 learns how to recognize an object
class. For example, a deep learning model might learn how to effectively recognize indi-
vidual object parts, of which size these parts should be, how to combine them into larger
parts, and how to model invariance as well as the degree of invariance required to model
object appearance.

Both approaches have their advantages and disadvantages: hand-crafted models,
which use a lot of prior knowledge in their design, are usually quite intuitive and fit
well into ‘common’ machine learning schemes (e.g. discriminative learning or structural
learning). Deep learning models, on the other hand, are attractive due to their enormous
modeling capabilities but are often very hard to train. At the time of writing this thesis it is
as yet undecided which of these directions, if either, will lead the way towards a solution
to the task of object detection. Only one thing is for certain: both directions have to be
explored further.

This is the end of the thesis. I hope you have enjoyed reading it and that you will feel
inspired to think of ways of improving the methods presented or applying them to your
own research. Object detection is a difficult yet beautiful research field, holding many
mysteries which have yet to be solved. Much more research is required to work towards a
general solution. Although, as I assume, he was unaware of object detection and computer
vision in general, nobody could have expressed this situation better than Robert Frost:

The woods are lovely, dark and deep,

But I have promises to keep,

And miles to go before I sleep,

And miles to go before I sleep.





APPENDIX A

ADDITIONAL RESULTS

A.1 Implicit Color Segmentation Features

In Section 2.7.2 we presented precision/recall plots for a selection of object classes –
see Figure 2.15. We present the remaining 14 plots in Figures A.1, A.2 and A.3. The
presented curves compare HOG, HOG+CHOG with linear and kernel SVM respectively.
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Figure A.1: Precision/recall curves for selected PASCAL VOC 2010 ‘aeroplane’, ‘bicy-
cle’, ‘boat’, ‘bottle’, ‘bus’ and ‘cat’, comparing HOG to HOG+CHOG with linear and
quadratic kernel SVM. In addition we also present results for HOG features using signed
and unsigned gradients [38] (HOG-31) in combination with a linear SVM.
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Figure A.2: Precision/recall curves for selected PASCAL VOC 2010 ‘chair’, ‘din-
ingtable’, ‘dog’, ‘horse’, ‘pottedplant’ and ‘sofa’, comparing HOG to HOG+CHOG with
linear and quadratic kernel SVM. In addition we also present results for HOG features
using signed and unsigned gradients [38] (HOG-31) in combination with a linear SVM.
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Figure A.3: Precision/recall curves for selected PASCAL VOC 2010 ‘train’ and ‘tvmoni-
tor’, comparing HOG to HOG+CHOG with linear and quadratic kernel SVM. In addition
we also present results for HOG features using signed and unsigned gradients [38] (HOG-
31) in combination with a linear SVM.

A.2 Shared Parts for Deformable Part-based Models

Figure 3.8 shows precision/recall plots for selected object classes of the PASCAL VOC
2010 dataset. The remaining plots are shown in in Figures A.4, A.5 and A.6 for models
with and without part sharing.

A.3 Detection of Partially Visible Objects

We have evaluated partial visibility modeling on six selected object classes in Figure 4.10.
The remaining precision/recall curves for the partial visibility modeling experiments are
shown in Figures A.7, A.8 and A.9.
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Figure A.4: Precision/recall curves for selected PASCAL VOC 2010 ‘aeroplane’, ‘bird’,
‘boat’, ‘bottle’, ‘cat’ and ‘chair’, comparing DPMs with and without shared parts.
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Figure A.5: Precision/recall curves for selected PASCAL VOC 2010 ‘cow’, ‘diningtable’,
‘dog’, ‘motorbike’, ‘pottedplant’ and ‘sofa’, comparing DPMs with and without shared
parts.
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Figure A.6: Precision/recall curves for selected PASCAL VOC 2010 ‘train’ and ‘tvmoni-
tor’, comparing DPMs with and without shared parts.
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Figure A.7: Precision/recall curves for selected PASCAL VOC 2010 ‘aeroplane’, ‘bird’,
‘boat’, ‘bottle’, ‘cat’ and ‘chair’, comparing the baseline (BL), visibility modeling (VIS)
and visibility modeling with novel NMS scheme (VIS+NMS).
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Figure A.8: Precision/recall curves for selected PASCAL VOC 2010 ‘diningtable’, ‘dog’,
‘person’, ‘pottedplant’, ‘sheep’ and ‘sofa’, comparing the baseline (BL), visibility model-
ing (VIS) and visibility modeling with novel NMS scheme (VIS+NMS).
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Figure A.9: Precision/recall curves for selected PASCAL VOC 2010 ‘train’ and ‘tvmoni-
tor’, comparing the baseline (BL), visibility modeling (VIS) and visibility modeling with
novel NMS scheme (VIS+NMS).
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