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5
T H E W I N D O W S T H AT T E L L T H E S T O RY O F A N I M A G E

As a step towards generating the full narrative of an image, this chapter aims
to jointly predict the presence of multiple objects using single-object classifiers
only, necessary to deal with the combinatorial explosion of multiple objects. To
this end we introduce the most telling window, which focuses its window on the
most discriminative features of an object for its recognition. Using different fea-
tures within the image enables classifier combinations through an independence
assumption. Our main contributions are: (I) We introduce the most telling win-
dow for multi-class object classification as a step towards generating the story
of an image. (II) We show that, depending on the object class and image com-
position, the most telling window focuses on an object part, complete object, or
an object collection for its recognition. For single-object classification, the most
telling window outperforms Bag-of-Words. Combined with exact localisation it
yields competitive results on the Pascal 2010 classification challenge. (III) For
joint three- and two-object classification on Pascal 2007 our most telling window
significantly outperforms Bag-of-Words and exact localisation plus Bag-of-Words:
Bag-of-Words respectively yields 0.079 MAP and 0.138 MAP, exact localisation
plus Bag-of-Words yields 0.109 MAP and 0.157 MAP, while the most telling win-
dow yields 0.170 MAP and 0.216 MAP.

5.1 introduction

Every picture tells a story. For some pictures the story is very obvious, even
straightforward. The showroom photo of a chair, see Figure 42a, is about nothing
else but that. The picture of a motorcycle in Fig. 42b is from real life with other
objects in view, but the photograph is about one object where the rest of the
picture serves as a frame of context to the object. Many pictures of famous scenes
as the one in Fig. 42c are about a single topic also. For other, more complex
images, the story can be single topic on a higher level of abstraction, such as
depictions of a city-scape or party. Automatic concept classifiers based on Bag-
of-Words [18, 82] have demonstrated tremendous progress in recognising single
concepts in the image as a big step towards understanding the semantics of an
image. Now the next horizon is to understand the story of the picture.

Some pictures tell a story of two objects. When two people meet, the picture is
about person and person, although the essence is their combined presence. When
aeroplanes fly in formation, see Figure 42d, the picture of the group tells more than
a single plane. In Figure 42e the story is spun between three objects: car, horse and
person. It specifically frames the scene at horse riding for leisure. And in Figure
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the windows that tell the story of an image

42f, a chair, diningtable, and a pottedplant tell a story about a certain, cosy style of
home decoration. In these cases, the story is more and more specific when the
number of objects grow. Many pictures tell such a story of multiple objects. In
this chapter we focus on the joint classification of one, two or three objects as the
first step towards telling the story of an image.

(a) (b) (c)

(d) (e) (f)

Figure 42: Images tell stories. Some involving a single concept, others involving
multiple concepts. This chapter aims to jointly classify multiple objects as a step
towards telling the full story of an image.

We aim to identify pictures with combined objects: person with horse and car,
for example. A straightforward strategy to recognise a combination is to train
the pair or triplet of objects as one combined class. However, examples of horse
and car will be much more rare than horse and car alone, not even mentioning
the rarity of person with horse and car. In the Pascal VOC 2007 collection [23], out
of all possible 190 dual-class combinations 88 are without learning example, and
only 17 class-pairs have more than 50 learning examples. Out of all 1140 triple-
class combinations 1029 are without learning examples and only 3 triples have
more than 25 learning examples. And this is within a dataset containing just 20

classes for which the data has been especially collected. Hence ultimately learn-
ing combinations fails as the number of object pair or triplets is vast, making it
prohibitively laborious to collect training samples and computationally infeasible
to learn all combinations of classes.

A better strategy is to combine the outcomes of separate object classifiers. Cur-
rent object classification, however great the recent progression has been, is not
suited for combining. This is because the best object classifiers are based on Bag-
of-Words [18, 82] and start from the underlying assumption that the all pixels
in the image best provide support for the object in the image. Searching for a
combination of two objects in the image by using current classifiers who gather
evidence from all pixels will violate the independence assumption and lead to
poor performance. In this chapter we focus the attention to the “most telling win-
dow” of an object, reintroducing locality in the Bag-of-Words classification. This
opens the door to combining multiple object classifications as now the features
they operate on are spatially disjunct and hence largely independent.
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5.2 related work

There is an important difference between the “most telling window” and try-
ing to find the exact location of the object, an area where recently tremendous
progress has been made [20, 27, 42, 49, 104]. Our aim is not to accurately localize
the object but rather we aim for the window which is most discriminative for the
topic, the most informative one. The most telling window may have a different
focus than the localization: a face when detected is a better identifier for a person
than the total body including all possible variations in clothing. When sheep are
in a group it is hard to single out their individuals, while the most telling window
will instead focus on the group as a whole which is easier to identify. Occlusions,
which occur more frequently as the image contains more objects, are generally
difficult if one searches for the whole object, while the most telling window fo-
cuses on those parts which are visible. Finally, when objects are interacting, such
as “man and horse”, the appearance of the objects may change. The man will
take an atypical position and is hard to find completely, while the most telling
window may focus on the still typical appearance of the upper body. Hence for
object classification there are good reasons not to focus on an accurate localisation
of the object - an important topic in its own right - but rather to focus on “the
most telling window”.

We leave finding the most telling window to the classifier, as “most telling” is
only defined in the context of object classification. In training our most telling
window classifiers we limit ourselves to using only the complete object locations
in terms of bounding boxes; we do not require laborious annotation in terms of
object parts or groups of objects. While our method was designed for searching
combined objects, we have found that the most telling window is frequently bene-
ficial for single object recognition as well. From [57,96] it was already known that
using features from or close to the object may improve recognition. And while the
surrounding of an object carries information to classify the object, when the loca-
tion of the object is known, the rest of the image adds little more its distinction
both in human vision [7] and in computer vision [96]. Tailoring the features to
the most telling window yields better discrimination than using features derived
from the whole image.

Our main research questions are: 1. Can we recognise pairs or triplets of objects
as the most important ingredients of the story the picture tells? 2. Can we recog-
nise pairs or triplets of objects when training only single object classifiers, that is
while avoiding to train every possible combined pair or triplet? 3. To that end,
can we find the most telling window which is most discriminative, yet permits
independence in the object classification? We evaluate our most telling window
method on the difficult Pascal VOC 2007 dataset on the joint classification of one,
two, and three objects.

5.2 related work

In previous research the classification results of a global image representation
such as Bag-of-Words is often used to better localise objects within the image.
Many researchers use contextual or global image features as a prior for the object
location [44, 93] or to increase confidence that the located object is indeed of the
correct category [21, 42]. Works in pixel-wise classification incorporate global
image representations [106] or use the output of a presence prediction system
directly [19, 38]. In this chapter we move in the opposite direction: we use a local
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representation to improve the prediction of the presence of an object within the
whole image.

Harzallah et al. [42] showed that object localisation has matured to the point
that it can be used to increase image classification. Encouraged by their result, in
this chapter we especially design a system which uses object features within the
image for the prediction of its presence. This results in the following important
differences: 1) Our most telling window uses the most discriminative object re-
gion for identifying the object. This region may be an object part, complete object,
or a collection of objects. 2) In object localisation the classifier is often trained to
penalise inexact object locations. In our chapter such inexact object locations may
be the most discriminative, hence we encourage the use of such locations. 3) We
developed our method for the joint classification of multiple objects. As will be
shown, using exact localisation may not be optimal for this task.

Bosch et al. [10] showed earlier that localisation of the complete object yields
better results than the standard global image representation in a Bag-of-Words
framework on the Caltech-256 dataset. However, such improvements using local-
isation alone have not been transferred to the much more difficult Pascal VOC
dataset [23, 42]. In contrast to [10], in this chapter we propose a different search
technique to find object regions, use a more complicated training scheme, and
report results on the Pascal VOC dataset.

In this work we use the most telling window within an image to represent the
object features. The use of such a “best window” is also common within instance
matching, finding the exact same object within another image. This is for example
done by Lowe [53] and Jamieson et al. [45] but also by Philbin et al. [71] who
base image retrieval based on a query region which acts as the object instance. In
this chapter we use the best classifying window within the image not for object
instance matching but for object-based image classification. The most important
difference is that the best matching window may be completely different from
the best classifying window: all details and the spatial layout are important for
image matching but only a small detail may be important for object-based image
classification.

In Multiple Instance Learning the goal is to retrieve images based on discrim-
inative regions within the image [32, 116]. When applied to object-based image
classification, the goal would translate to classifying image based on one or multi-
ple discriminative object regions, similar to the goal of this chapter. But the main
problem that Multiple Instance Learning addresses is to automatically generate
a training set out of partially labelled data. In the case of [32] they create train-
ing regions within an image based on globally annotated images. As this is a
costly procedure, the datasets used are generally of a limited size. In this chapter
we already have a ground truth annotation of objects hence we bypass the main
problem of Multiple Instance Learning. Instead, we show that on the highly com-
petitive Pascal VOC dataset the use of the most telling window is beneficial both
for single- and multi-class object classification. As larger datasets often have only
global annotations, this result underlines the increasing importance of Multiple
Instance Learning.

In their work on object identification, Ferencz et al. [29] showed that object in-
stances can be successfully discriminated by zooming in to specific object-parts.
As object instances only differ slightly in appearance, their method presupposes
localized and aligned objects and uses more specific features than in general clas-
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5.2 related work

sification. In this chapter we show that the idea of recognition based on discrim-
inative object parts transfers to the domain of image classification while using a
highly varying dataset.

For computational efficiency we only want to consider a small subset of all pos-
sible windows to consider as object representation. A classical window selection
method is the sliding window approach, which is an exhaustive search over all
possible windows within the image using a weak but fast classifier [31,42,74,107].
A fast alternative is the jumping window approach which selects windows based
on discriminative visual words [16, 104]. However, as objects and object parts are
usually visually coherent, there is an increasing interest in using segmentation
either as additional feature for candidate window selection [2,110] or to generate
regions by itself [13, 22, 41, 91]. In this chapter we use the segmentation as selec-
tive search method of [102], which was proven to be superior to sliding [42] and
jumping [104] windows in generating a small set of good object locations. As this
method does not involve learning, we expect it to also generate object parts and
object collections, which we will demonstrate in this chapter.

A good alternative to the window selection method we use would be the Effi-
cient Subwindow Search (ESS) strategy of Lampert et al. [49] which uses a branch
and bound method to find the global optimal window within an image. But as
stated by [104] and acknowledged by [48], with non-linear kernels this method
still visits several thousands of regions per image, many more than evaluated in
our chapter.

Just before submission of this article, Farhadi and Sadeghi [25] make an inter-
esting step towards the detection and localisation of combined objects. In their
contribution they propose to detect and localize “Visual Phrases”, defined as com-
plex composites such as person riding horse. Even with a few training examples,
their detectors perform significantly better than the combination of the location
of an individual person with an individual horse detector. Performance improves
because objects in a relation may substantially change appearance. While their
strategy is highly applicable to standard composites, we make a different contri-
bution. We do not need the combined examples as collecting data and training
models for all possible visual object phrases is too cumbersome, especially when
there are three things to combine. Instead, our approach for dealing with appear-
ance changes of objects in relation is to use the most telling windows of these
objects and combine scores using an independence assumption. This way we can
recognise pairs of triplets while not even needing a single example to learn them.

To summarize, our novelties are the following: 1) We provide a framework
to combine single-object classifiers to jointly recognise multiple objects as step
towards the full narrative of an image. 2) We reintroduce location inside the Bag-
of-Words framework, enabling the combination of classifiers through an indepen-
dence assumption as the used features are often spatially disjunct and therefore
largely independent. 3) Our most telling window focuses on those parts of the
image that are most discriminative for the identification of the target object. This
enables the identification of an object by recognising an object part, complete ob-
ject or object collection, and at the same time makes it robust to occlusions and
pose changes.
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5.3 method

The computational approach builds upon Bag-of-Words. The learning phase re-
quires annotations in the form of labels and bounding boxes around the objects.
The testing phase requires a candidate set of potentially interesting windows. An
overview of the method is given in Figure 43.

Figure 43: Our framework for using the most telling window for single or multi-
object narratives. For all images we assign visual words per pixel. In the training
phase we use the ground truth windows to extract visual word histograms from
positive and negative training examples. Then we learn a Support Vector Machine
model. In the testing phase we create a set of candidate windows by a hierarchi-
cal grouping. This yields segments at different scales which may include object
parts, complete objects, or object collections. Then visual word histograms are
created for each candidate window. The learned SVM-model is applied to the
candidate windows and the window with the highest classification score is se-
lected. This score acts as the classification score for the target object. We add
hard negative examples by taking the highest scoring window of negative train-
ing images. Because each classifier selects its own object-centred window, we use
an independence assumption to generate multi-object narratives.
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5.3 method

5.3.1 The Bag of Words implementation

This chapter builds upon Bag-of-Words. As we use windows within the image
for classification, we sample SIFT descriptors [53] extremely dense at each pixel
enabling small regions to still generate sufficient statistics.

To keep computational costs reasonable we use our fast Bag-of-Words imple-
mentation et al. [99]. SIFT descriptors are calculated at single scale of 16 by 16

pixels using a Gaussian derivative filter of σ = 0.8, extracted using our publicly
available descriptor extractor software [99]. PCA is used to reduce intensity-based
SIFT from 128 to 48 dimensions and colour SIFT [103] from 384 to 104 dimensions.
The visual vocabulary is formed by a Random Forest [63] consisting of four bi-
nary decision trees of depth ten, resulting in a total of 4096 visual words per SIFT
descriptor. The location of a visual word is assigned to the centre pixel of its
image patch. Classification is done using a Support Vector Machine with a fast,
approximate Histogram Intersection classifier [15,54]. Uneven visual word counts
are balanced by taking the square root of the visual word frequency histograms.
The uneven number of positive and negative examples are balanced by weighing
them inverse proportional to their prior.

All classifier combinations in this chapter, for both classes and methods, are
done by multiplying probabilities. For each class ci the distance to the decision
boundary dci is converted to a (pseudo-) probability using a sigmoid function

P(ci) =
1

1+ edci
. (5.1)

Alternatively, one could combine scores by adding distances or fitting a full sig-
moid function per class [15] using

P(ci) =
1

1+ eαdci
+β

, (5.2)

both with and without using the bias term β. Yet for all combinations we found
the basic sigmoid function to perform similar or better.

All experiments use the spatial pyramid [51]. In the representation of the whole
image, which is the common Bag-of-Words representation, we use the whole
image and a regular subdivision into into three horizontal regions, found to work
well by several researchers [58, 90]. This will serve as our Bag-of-Words baseline.
In the representation of the candidate regions we use a regular subdivision into 2

by 2 regions. As the representation of both the baseline and the candidate regions
use a subdivision into 4 regions, the final vector size is the same and has 81,920

dimensions.

5.3.2 Training

We want our classifiers to automatically select the “most telling” window of the
object, while keeping annotation requirements limited to bounding boxes around
the object. We do this by using three types of learning examples: A) Positive
training examples. These are obtained using the ground truth windows of all
target objects. B) Negative training examples of non-target objects. These are ob-
tained from the ground truth windows of non-target objects in negative images.
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We use only negative images to avoid any target-object features to be incorpo-
rated in negative examples. To keep the size of the training set limited, we take
for each negative image a single non-target object. C) Hard negative training
examples. These examples include difficult background windows, as well as non-
target object-parts and non-target object collections. We obtain the hard negative
examples using a retraining step on the negative training images as described
below.

We collect hard negative examples using the method proposed in [50]. We first
train a classifier on the target and non-target objects given by the ground truth
(type A and B). Then we apply the classifier to all negative images. For each
negative images, the window with the highest score serves as a hard negative
example. Hence each retraining step yields n extra hard negative examples, n
being the number of negative images.

Empirically we have found that only two retraining steps are sufficient to yield
optimal classification performance. For all classes except person, the initial train-
ing set is about the size of the total number of training images. Each retraining
step yields less than the number of training images as extra examples. In practice,
the final training set is about three times the number of training images.

5.3.3 Hierarchical Grouping for Candidate Window Generation

During testing we can only evaluate a limited number of windows due to com-
putational constraints. We generate windows using the window selection mecha-
nism of [102] which was created for finding complete objects. In this chapter we
show that this algorithm generalizes to finding object parts and object collections
as well, as required by our most telling window.

The starting point of [102] is an oversegmentation created using Felzenszwalb
and Huttenlocher [28], yielding relatively small, homogeneous regions which de-
scribe object parts. We hierarchically and greedily group similar regions together
in order to merge the parts into complete objects, and the objects into collections.
By considering all regions throughout the hierarchy we capture all levels of gran-
ularity.

Specifically, let R1 be the set of t initial regions {r1, · · · , rt} generated by [28].
Let A1 be a set of undirected adjacency pairs where (ri, rj) ∈ A1 for all regions
ri and rj that are connected. For each adjacency pair (ri, rj) ∈ An a region
based similarity measure S(ri, rj) is defined and calculated for all pairs in An.
A merge operation M(ri, rj) is defined subject to i �= j as a series of production
rules on Rn and An:

Rn → Rn+1 ⇒ ri, rj → ri, rj, rn+t, (5.3)

where rn+t ≡ ri ∪ rj is the union of both regions.

An → An+1 ⇒ (5.4)

∀x, (rj, rx) /∈ An : (ri, rx) → (rn+t, rx)

∀x, (ri, rx) /∈ An : (rj, rx) → (rn+t, rx)

∀x : ((ri, rx), (rj, rx)) → (rn+t, rx),

where care has been taken to not include double adjacency pairs in An+1.
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The regions are greedily merged together as follows. In each step n the adja-
cency pair (ri, rj) ∈ An whose similarity measure S(ri, rj) is highest is merged
according to the production rules defined above. For all new adjacency pairs
∀x, (rn+t, rx) the corresponding similarities are calculated. This is repeated un-
til the set of adjacency pairs is empty, which is the case at step t− 1: At−1 = ∅.
At this point all t initial regions have been merged into a single region which is
the entire image.

The similarity measure is defined as

S(ri, rj) = Stexture(ri, rj)+Ssize(ri, rj), (5.5)

where Stexture(ri, rj) is the histogram intersection between the SIFT-like texture
histograms of ri and rj), and where

Ssize(ri, rj) = size(im)− size(ri)− size(rj) (5.6)

encourages small regions to merge earlier, keeping regions in Rn of similar size
throughout the algorithm. The latter is necessary to, for example, let an arm first
merge with a hand and only afterwards with the body.

To account for different scene conditions the regions of eight different hierarchi-
cal groupings are used. Variations are made by selecting two parameter settings
for [28]: k = 100,200, σ = 1, minSize = k, giving different importance to
colour similarity, and by using four colour spaces with different invariance prop-
erties: opponent colour space, RGB, normalized rgb, and hue. Accounting for
different scene conditions was found to significantly improve the quality of the
windows [102].

After the regions are obtained, the tight fitting windows around the regions are
used as candidates for the most telling window. Using boxes instead of regions
makes the algorithm robust against mistakes in the segmentation and makes the
test phase more consistent with the training phase as the ground truth is defined
in terms of boxes.

In [102] the described window selection mechanism was tested on finding com-
plete objects within the Pascal VOC 2007 test set using the Pascal Overlap Crite-
rion. With 1536 candidate windows per image a recall of 96.7% was obtained. As
argued earlier, the nature of the algorithm allows it to generate object parts and
object collections as well, shown qualitatively in Figure 44.

5.3.4 Multi-Object Classification

Joint classification of multiple objects is possible by directly learning a classifier
on the given multi-class problem. Yet even for two objects there are already many
possible combinations for which training data is necessary and which have to
be learned. Ultimately, this strategy is therefore computationally infeasible and
requires an unreasonable amount of training samples.

We designed our most telling window to support multi-object classification by
combining single-object probabilities. We let the classifier select the most telling
window, whose focus is likely different for each class. Therefore we make the
assumption that given any two classes ci and cj, their corresponding features
xci and xcj are independent. Furthermore, we assume that each feature xci is
only generated by its corresponding class ci. The derivation below is made on a
two-class problem, but can easily be extended to a multi-class problem.
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Figure 44: Examples of windows generated by Segmentation as Selective Search.
The first column depicts the complete images. The other columns show exam-
ple windows. These windows include complete objects, object parts, and object
collections.

For the classification of two classes, we use Bayes Rule to describe the probabil-
ity of occurring jointly:

P(c1,c2|x) =
P(x|c1,c2)P(c1,c2)

P(x)
, (5.7)

where x represents all the features of the image. Now using the assumptions
above, we can rewrite this to

P(c1,c2|x) =
P(xc1 |c1)P(xc2 |c2)P(c1,c2)

P(x)
. (5.8)

In our framework we learn classifiers using a one-versus-all strategy, where we
balance the number of positive and negative training examples. Therefore our
models have no class-bias. This means we can assume equal single-class priors,
leading to

P(c1,c2|x) =
P(c1|xc1)P(c2|xc2)P(c1,c2)

K
, (5.9)

where K is a normalization factor that is constant for all class-pairs and which
includes both the prior on the data and the single-class priors.

In this chapter we evaluate our object-based image classification on a ranking
problem. Therefore we consider the joint class distribution P(c1,c2) as a con-
stant.
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5.4 evaluation

5.4 evaluation

We use the Pascal VOC 2007 dataset as it is one of the hardest and most fre-
quently studied dataset with box annotations. This dataset consists of 5011 train-
ing images and 4952 test images, and contains the following twenty object classes:
aeroplane, bicycle, bird, boat, bottle, bus, car, cat, chair, cow, dining-table, dog, horse,
motorbike, person, potted-plant, sheep, sofa, train, and TV/monitor. The classes are
annotated by a label and bounding box around each object. A single image may
contain multiple instances of the same or different object classes. As evaluation
measure we use Average Precision (AP) and Mean Average Precision (MAP). In-
variably, any parameter optimization was done on the training set only.

Our evaluation is divided in two sections. First we evaluate single object clas-
sification. We use Bag-of-Words, which uses features from the whole image as
evidence, as a baseline. We compare with the use of exact localisation and the
most telling window. We are particularly interested in how the most telling win-
dow deviates from the exact location of the object. Is it bigger, smaller, or identical
to the ground truth box location? And, can the most telling window improve ob-
ject classification? Then, we focus on joint two and three object classification by
combining results of the classifiers without learning the combination.

5.4.1 Single Object Classification

We first investigate the validity of using the most telling window per image for
single-class object classification. We use a state-of-the-art Bag-of-Words method
of 2010 as the baseline [99] and compare with the most telling window.

As can be seen in Figure 45 the most telling window significantly outperforms
the use of the complete image with Bag-of-Words. While Bag-of-Words yields
a MAP of 0.588, the most telling window yields a MAP of 0.630, which is a
significant improvement.

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

MAP

person
train

horse
aeroplane

car
boat
bus
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bicycle

cat
bird
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sofa

chair
dog

diningtable
sheep

cow
pottedplant

bottle

 

 
BoW (Baseline)
Most Telling Window

Figure 45: Results of presence prediction on the Pascal VOC 2007 classification
task. Comparison of Bag-of-Words with the most telling window. The most
telling window clearly outperforms Bag-of-Words for most classes. The overall
performance is 0.588 MAP for Bag-of-Words and 0.630 MAP for the most telling
window.
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The most telling window results in better performance for objects like cow, din-
ingtable, motorbike,pottedplant, sheep, and tv/monitor. These objects have a distinct
appearance but share their context with other competing objects. As cow and
sheep share a grass-field context it is harder to discriminate them when the infor-
mation is derived from the whole scene. The same holds for motorbikes which
share their context with cars and buses, as well as dining tables and potted plants
which share their context with sofas and chairs.

aeroplane

bicycle

boat

cat

motorbike

person

Figure 46: Visualisations of the most telling window for the highest ranked im-
ages various classes. Note that often the most discriminative image window cor-
responds to an object part or collection rather than the complete object.

Figure 46 shows the most telling windows of the highest ranked images for
six of the twenty objects. The most telling window indeed tells the story of
the object: it zooms in to the object features which are most informative for the
objects to discriminate the topic of the image against other objects. Aeroplanes
and motorbikes are generally characterised by the complete object. However, the
fifth picture of plane is characterised by the more informative formation of planes.
The last picture of motorbike captures two instances. For bicycles, a variety of most
telling frames is selected: images 1,2,3, and 6 capture the whole bike, images 4

and 8 capture the front wheel and part of the frame, ignoring the rear wheel,
while images 5 and 7 capture a collection of three wheels in two bikes. Boats and
cats are characterised by parts. For boat often a sail or mast against the sky is
most telling of the class. For cat the classifier often ignores the body and focuses
on its head instead, which means that classifier correctly learns that fur occurs in
all animals and its head is the most informative part. Trains (data not shown) are
regularly characterised by their first wagon; the rest of the train is just a repetition
of the same structure. Finally, persons are frequently recognised as groups, often
focusing on the upper bodies and heads. To conclude, the most telling window
flexibly focuses on the most informative parts of an image, which may be an
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object part, complete object, or object collection, depending on the object class
and image composition.

Te get a better insight into which windows are selected to be the most telling,
we analyse the overlap between the most telling window wt and the set of
ground truth object boxes Wgt for all positive images of each class. First we
measure how well the most telling window captures a complete object, using the
ground truth window with the Maximum Pascal Overlap (MPO), where the Pas-
cal Overlap is defined by dividing the area of intersection of two boxes by the
area of their union [23]:

MPO = max
w̃gt∈Wgt

area(wt ∩ w̃gt)

area(wt ∪ w̃gt)
. (5.10)

We also measure what area of the most telling window contains object features,
which we call Object Area Overlap (OAO) and is defined as

OAO =
area(wt ∩ [

⋃
Wgt])

area(wt)
, (5.11)

where in a slight abuse of notation
⋃
Wgt is the union of all boxes in Wgt. In

Figure 47 we plot against threshold t, the fraction of most telling windows for
which MPO > t and AOA > t. Note that for a threshold t, the shown fraction
of most telling windows is the average over all classes.
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Figure 47: The fraction of the most telling windows which have a higher overlap
score than a given threshold.

As is apparent from Figure 47, approximately 60% of the most telling windows
have a Pascal score over 0.5. These cases can be considered to represent a com-
plete object. In contrast, over 80% of the selected windows contain more than 50%
of the object, and over 20% of the selected windows contain exclusively object fea-
tures. This shows that the most telling window in a majority of cases describes
object features, but regularly focuses on object parts or object collections. The
distinction between the curves for the PASCAL overlap measure and the OAO
is most revealing that the most telling window is by far not always the object’s
silhouette, and reverse.
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We conclude that the most telling window, even though it has been trained
using only boxes around complete objects as positive learning examples, chooses
to select object parts and object collections as better discriminating. This pro-
vides insight for that complete segmentation is rarely needed for cognition, and
should follow after classification of the object. The most telling window for object
recognition is not limited to complete objects, but can also be a part or collection
depending on the object class and image composition.

Next we compare the most telling window with two other systems using local
object information. As a baseline for this experiment we use the results of Harzal-
lah et al. [42], who combine Bag-of-Words classification scores with an exact object
localisation method. Analogously, we combine Bag-of-Words with the exact lo-
calisation of [27], which is a state-of-the-art, part-based localisation framework
which uses HOG features [20].
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Figure 48: Result for the classification of a single object, evaluated on Pascal VOC
2007. Overall [42] yields a MAP of 0.635, exact localisation [27] plus Bag-of-
Words yields 0.657 MAP, and the most telling window plus Bag-of-Words yields
the highest score of 0.674 MAP. In general, exact localisation performs better on
rigid objects, while the most telling window performs better on non-rigid objects.

The results in in Figure 48 show that the combination of the most telling win-
dow with Bag-of-Words has the highest overall performance: the method of [42]
yields a MAP of 0.635 MAP, [27] plus Bag-of-Words yields 0.657 MAP, while the
most telling window plus Bag-of-Words yields 0.674 MAP. Quite surprisingly, re-
sults differ widely for individual objects (compared to differences between state
of the art methods commonly reported in literature). The method of [42] is sig-
nificantly better for bottle (+0.07 AP) and chair (+0.04 AP). Exact localisation [27]
plus Bag-of-Words is significantly better for bottle (+0.07 AP), bicycle (+0.09 AP),
and bus (+0.03 AP). Bottle, bicycle, and bus are all rigid classes for which the HOG-
based method of [27] is expected to do well. In contrast, the combination of our
most telling window plus Bag-of-Words is superior for the classes tv, plant, cow,
sheep, and dog (+0.04 - 0.06 AP). These classes include most of the non-rigid, flex-
ible objects where exact localization generally yields much worse classification
performance.

From Table 11 it is evident that the most telling window plus Bag-of-Words in
all but one case (bus) outperforms the most telling window alone. Furthermore,
the combination is always better than using the Bag-of-Words based on the entire
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plane bike bird boat bottle bus car cat chair cow table
Baseline .802 .606 .567 .722 .243 .643 .770 .575 .493 .403 .470

[42] Loc only .582 .595 .193 .269 .375 .608 .802 .367 .393 .407 .283

[27] Loc only .562 .760 .147 .344 .421 .683 .856 .414 .447 .407 .366

Ours .754 .676 .461 .595 .290 .675 .861 .590 .482 .548 .623

[42] .772 .693 .562 .666 .455 .681 .834 .536 .583 .511 .622

Base + [27] .823 .781 .587 .733 .424 .748 .891 .596 .539 .477 .517

Base + Ours .829 .695 .598 .759 .384 .718 .867 .609 .545 .561 .626

Base + Ours + [27] .826 .789 .605 .761 .504 .765 .903 .628 .577 .584 .657

dog horse motor person plant sheep sofa train tv/monitor MAP
Baseline .471 .807 .639 .866 .364 .470 .503 .816 .530 .588

[42] Loc only .352 .679 .638 .740 .384 .401 .357 .567 .543 .477

[27] Loc only .231 .756 .664 .881 .296 .371 .449 .676 .602 .517

Ours .471 .794 .735 .897 .551 .579 .516 .770 .724 .630

[42] .452 .784 .697 .861 .524 .544 .543 .758 .621 .635

Base + [27] .474 .848 .736 .922 .409 .529 .577 .849 .688 .657

Base + Ours .516 .829 .725 .908 .581 .609 .571 .832 .726 .674

Base + Ours + [27] .518 .850 .778 .932 .601 .626 .631 .846 .762 .707

Table 11: Detailed overview of classification scores of the different methods com-
pared in this chapter. The upper table presents scores of single methods, the
middle table presents scores of the combination of two methods, the last row is a
combination of Bag-of-Words, the most discriminative window, and exact object
localisation [27].

plane bike bird boat bottle bus car cat chair cow table
NEC .933 .729 .699 .772 .479 .856 .797 .794 .617 .566 .611

NLPR .903 .770 .653 .750 .537 .859 .804 .746 .629 .662 .541

NUS .930 .790 .716 .778 .543 .852 .786 .788 .645 .640 .627

Base + Ours + [27] .900 .732 .670 .741 .558 .839 .807 .707 .622 .554 .608

dog horse motor person plant sheep sofa train tv/monitor MAP
NEC .711 .767 .793 .868 .381 .639 .558 .875 .729 .709

NLPR .668 .761 .817 .899 .416 .663 .570 .850 .743 .712

NUS .696 .820 .844 .916 .486 .649 .596 .894 .764 .738

Base + Ours + [27] .622 .741 .796 .913 .540 .680 .581 .831 .780 .711

Table 12: Comparison with results on the Pascal VOC 2010 challenge. Our
method yields competitive results.

image. Finally, the most telling window is complementary to exact object local-
isation, as a combination of exact localisation [27], Bag-of-Words and the most
telling window raises performance to 0.707 MAP. In conclusion, for single-object
classification our most telling window is complementary to using exact localisa-
tion scores and works especially well for non-rigid objects with a high variety in
appearance.

To be sure that the results remain valid for the newest data, we apply combina-
tion of the most telling window, Bag-of-Words [99] and the exact localisation [27]
on the Pascal VOC 2010 challenge. For this challenge the test labels have not
been released. Instead, results are analysed using an online evaluation server. A
comparison with the top results of this competition is shown in table 12.

As can be seen, our method yields competitive results, yielding the best scores
for 5 out of 20 objects. Overall, we achieve a MAP of 0.711, comparable to 0.709

MAP of NEC Labs America and 0.712 MAP of NLPR (National Laboratory of Pat-
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tern Recognition, China), but 0.02 MAP less than the 0.738 MAP of the National
University of Singapore. We attribute the excellent performance of the other
method to the use of Multiple Kernel Learning, the use of additional descrip-
tors such as Local Binary Patterns or HOG, the use of sparse coding to create
the visual vocabulary (e.g. [111]), and using a contextualized support vector ma-
chine [88], all independent improvements, applicable separately from the most
telling window.

5.4.2 Joint Multi-Object Classification

We now proceed to the task our method was designed for: the joint classifica-
tion of multiple objects without learning anything about the combination, i.e. we
using combinations of single-object classifiers only. As a baseline we use Bag-
of-Words on the whole image. We report results for the exact, part-based locali-
sation method of [27] combined with Bag-of-Words, yielding better performance
than [27] alone. We compare using our most telling window only, as in contrast to
single-object classification the combination with Bag-of-Words does not improve
performance for multi-object classification. We evaluate the joint classification of
two classes and three classes on the Pascal VOC 2007 dataset. To ensure reliable
Average Precision scores, we evaluate those pairs and triplets which occur at least
5 times in the test set.

Joint Classification of Two Objects

As can be seen in Figure 49 the most telling window significantly outperforms
both Bag-of-Words and the combination of exact localisation [27] plus Bag-of-
Words. While Bag-of-Words yields 0.138 MAP and exact localisation plus Bag-of-
Words yields 0.156, the most telling window achieves 0.216 MAP.

Out of the 50 object pairs which occur more than 5 times in the test set, Bag-
of-Words performs best on 3. For aeroplane+person the context is important, as
the other two methods find many contextually implausible planes and persons.
The high performance on horse+person reflects the fact that recognising the object
horse implies recognising a person as well as the vast majority of horse pictures
are when they are being ridden. Exact localisation plus Bag-of-Words performs
best on 6 out of 70 object pairs. Among them are car+person and car+motorbike
as there are many images in which both these objects are fully visible, while this
method performed best on these three rigid objects individually (see Figure 48).

The most telling window performs best on 21 out of 50 object pairs. In most
cases the difference with Bag-of-Words is significant. This happens often for ob-
ject pairs which share context, such as plant+tv, chair+tv, chair+diningtable, car+train
and car+motor. This is understandable as Bag-of-Words uses the entire image and
returns substantial evidence on the usual context of an object even when the ob-
ject is absent. By zooming in to the most telling window, mostly object features
are used which avoids such contextual confusion. In general, using windows
within the image makes the features and hence classification independent, mak-
ing a combination of classifiers more meaningful.

The most telling window outperforms exact localisation plus Bag-of-Words al-
most always. To appreciate why, consider the top-ranked images of person+sheep
and motorbike+person visualised in Figure 50. Two out of the three found per-
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Figure 49: Results for the joint classification of two objects, evaluated on Pascal
VOC 2007. Combining classifiers for Bag-of-Words results in 0.138 MAP, com-
bining classifiers for the localization method of Felzenszwalb et al. [27] results in
0.157 MAP, combining classifiers for our most telling window method results in
0.216 MAP, significantly better than either of the two. The numbers next to each
pair report the number of train/test samples in the dataset.

son+sheep images contain occlusions. The most telling window deals with this
occlusion by focusing on the upper part of the body. Exact localisation has dif-
ficulties with occlusion, focusing rather on complete cows, which share many
characteristics with sheep. In general, when occlusion is more frequent, the most
telling window gets an advantage. For motorbike+person the individual person and
motorbike scores are higher for exact localisation plus Bag-of-Words (see table 11),
yet the combination is lower than the most telling window. The top-results of
exact localisation plus Bag-of-Words show two images where the person is not
located on the motorbike, but is standing next to the motor. This suggests that for
exact localisation it is difficult to find persons riding a motor, which makes sense
as such persons have a changed pose. Instead, the most telling window finds
persons on motorbikes, where it in three out of the four cases ignores the difficult
legs and focuses on the still recognisable upper body parts instead. The better
performance on horse+person and bicycle+person in Figure 49 can be attributed to
the same phenomenon, where the new method is telling a better story of the
image indeed.

5.4.3 Joint Classification of Three Objects

Figure 51 shows the results for all 24 triplets that occur 5 times or more in the
test set. Again, our most telling window method significantly outperforms the
other methods: Bag-of-Words using the entire image yields 0.079 MAP, exact
part-based localisation [27] plus Bag-of-Words yields 0.104 MAP, while the most
telling window yields a result of 0.170 MAP.
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Figure 50: Visualisations of the top ranked images for person+sheep and mo-
tor+person, for the most telling window, exact localisation [27] plus Bag-of-Words,
and Bag-of-Words. Above each image it is shown if the object is present. Below
each image are the probabilities per object class.
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Figure 51: Results of the joint classification of three objects, evaluated on Pascal
VOC 2007. Combining classifiers for Bag-of-Words results in 0.079 MAP, combin-
ing classifiers for exact localization [27] plus Bag-of-Words results in 0.109 MAP,
combining classifiers for the most telling window results in 0.170 MAP, signifi-
cantly better than the other two methods.

Bag-of-Words on the entire image is never leading. Exact localisation plus Bag-
of-Words wins on bottle+person+sofa, while the most telling window outperforms
others on bicycle+car+person, car+horse+person, and on 8 other, living room related
triples. The top-ranked results in Figure 52 give an indication why. Bag-of-Words,
which uses the whole image, relies heavily on the context of the living room
triplets: for bottle+person+sofa this can be seen as all four images capture the
context, but for three images there is only one out of three target objects present.
Exact localisation plus Bag-of-Words often finds two objects, but less often three
complete objects, as these images tend to be more crowded resulting in more
occlusions and atypical viewpoints for some objects in the image. The most telling
window has less problems with occlusion and atypical viewpoints.

The results of the multi-object classification show that the use of the most
telling window yields superior retrieval rates. In fact the advantage of the most
telling window has become bigger than in the case of two object classification. It
outperforms Bag-of-Words as it succeeds in better combining single-object classi-
fiers while ignoring the context which often is a source of confusion. It outper-
forms exact localisation plus Bag-of-Words as the most telling window focuses on
those parts of the image which are still recognisable. This helps with occlusion
and with interaction of objects in the picture. When the story told by a picture
grows in complexity, occlusions and interactions will happen more frequently.
Therefore the use of the most telling window is an important step towards gener-
ating the full narrative of an image.

5.5 discussion and conclusion

This chapter introduced the most telling window for classifying multiple objects
in a picture by combining single-object classifiers. The aim is to find combinations
of objects as part of telling the story of pictures.

The most telling window concentrates on the most discriminative parts of an
object for its recognition. The most discriminative parts can encompass the com-
plete object, but in many occasions the most telling window describes an object
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Figure 52: Visualisations of the top ranked images for joint classification of three
objects. Results are shown for chair+table+pottedplant and car+horse+person. Above
each image the presence/absence of each object is reported (according to the
dataset the upper right image of chair+table+pottedplant does not contain a chair
nor a pottedplant). Below each image the probabilities of each object is displayed.
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part or a collection of objects. Using an object part for recognition is advantageous
when objects are occluded, changes pose, or have a characteristic part, such as a
face. Using a collection for recognition is advantageous when they are in a group
and hard to distinguish individually, such as sheep in a flock. This shows that a
perfect segmentation, finding the exact contours of the object, is not only hard but
also unnecessary for recognition; often object parts or object collections are more
informative. Therefore we designed the most telling window to flexibly adjust its
focus depending on the object type and image composition.

For single object classification the most telling window significantly outper-
forms Bag-of-Words. Comparing exact localisation [27] plus Bag-of-Words, intro-
duced by [42], with the most telling window plus Bag-of-Words shows that the
exact localisation performs better on rigid objects, while the most telling window
is superior on non-rigid objects. More importantly, these methods are comple-
mentary as the most telling window plus Bag-of-Words yields an overall score
of 0.674 MAP, while adding exact localisation [27] brings the score to 0.707 MAP.
On the Pascal VOC 2010 dataset this combination results in the best performance
of 5 objects and yields overall 0.711 MAP, just below the highest score of 0.738

MAP of the National University of Singapore. This shows that the most telling
window is a useful addition to current object classification techniques on single
object classification.

For multi-object classification the advantages of the most telling window be-
come more apparent. For the joint classification of two objects Bag-of-Words
achieves 0.138 MAP, exact localisation [27] plus Bag-of-Words achieves 0.157 MAP,
while the most telling window yields a performance of 0.216 MAP. For the joint
classification of three objects the differences grow further: Bag-of-Words yields
0.079 MAP, exact localisation plus Bag-of-Words yields 0.109 MAP, while the
most telling window yields 0.170 MAP. By experiment and visual illustrations,
we have shown that the most telling window outperforms Bag-of-Words through
decorrelating the features by focusing on the most discriminative parts of the ob-
ject, which also ignores the often confusing context. The most telling window
outperforms exact localisation plus Bag-of-Words as the most telling window is
robust to occlusions, atypical views, and pose changes, which occur more often
as the picture tells a more complex story. We conclude that the use of the most
telling window is an important step towards generating the full narrative of an
image.

We emphasize that the most telling window combines objects by straightfor-
ward combination of the outcomes of classifiers trained on single objects. In that
sense, our method is capable to tell stories it has not yet seen. Furthermore it
is able to address recognition problems which occur as objects interact, such as
occlusion and pose changes, a topic very recently addressed by [25]. Other than
the reference, where for each combined object pair a few training samples need
to be found and learned, once our method has learned single-object classifiers it
is capable of combining them without any additional learning. As combinations
become more and more abundant, the advantage of our method grows with the
complexity of the story that pictures tell.
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