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Abstract

While low-level visual features, such as histogram of ori-
ented gradients (HOG), have been successfully used for ob-
Jject detection and categorization, we have been able to im-
prove upon their performance by introducing histogram of
compositions (HoC) in our previous work. In this paper we
propose an extended version of HoC descriptor that uses
additional layers from hierarchical model. We experimen-
tally show that extended HoC surpasses the performance of
the original descriptor by approximately 5% as additional
layer provides higher complexity of compositions. Further-
more, with additional layer we show to produce competitive
results to original HoC descriptor combined with HOG and
can even further increase performance by adding HOG on
top of HoC with additional layer.

1 Introduction

Common to many of the approaches for solving the prob-
lem of object detection and categorization is the use of low-
level features such as [10, 3]. They enable to effectively de-
scribe object’s visual properties using simple features and
produce state-of-the-art results. Particularly, Histogram of
Oriented Gradients [3] has been extensively used by many
different researchers to produce excellent results. Its pop-
ularity can be attributed to simple design where objects
are represented by small local gradient structures with his-
togram of orientations, normalized to their local surround-
ings. Small histograms are able to represent local shapes
through local gradient distributions that are invariant to small
local geometric transformations. As [3] have shown, these
sets of features have proven to be highly effective for rep-
resentation of people in upright position.

While HOG was originally proposed as descriptor for
people detection, it was quickly applied to other object cat-
egories as well. It was used in a well-known Elastic Bunch
Graph Matching (EBGM) [1] to produce better results then
other approaches, while in [13], it was successfully applied
to leaf detection. In [9], authors used it in combination
with a bag-of-features, such as SIFT, and additional context
information and achieved state-of-the-art results on more
then half of categories in PASCAL VOC 2007 and 2008
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Figure 1: Extraction of multiple layer HoC. Significant
edges are first detected as compositions for each layer from
learnt-hierarchy-of-parts, i.e. LHOP (step 1). The object
region is then divided into several partitions, and next, his-
togram over compositions is extracted for each partition and
for each layer (step 2). Our descriptor ‘H is formed by con-
catenating all histograms into a single final histogram (step

3).

dataset [4]. Additionally, many participants of the PASCAL
challenge [5] incorporated HOG descriptor and produced
top results. In [14], a boosted HOG-LBP was used with
additional multi-context approach and their method ranked
first and second in many classes. [7] incorporated HOG
as a low-level feature with a weak geometrical model in a
deformable parts model to produce state-of-the-art results.
Even though HOG descriptor is capable of achieving
state-of-the-art results we have shown in [11] that there are
still ways of improving it. Improvements can be made due
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Figure 2: The library of parts per each layer with some samples of training examples

to certain shortcoming of HOG descriptor such as the use
of a densely sampled local structures which can capture un-
necessary shapes and thus lead to noisier representation of
object’s appearance. In [11], we have introduced a HOG-
like edge based descriptor called histogram of compositions
(HoC). Instead of densely sampling all local shapes and
structures, as in the HOG, this descriptor relies upon sparser
set of hierarchical compositions produced by Learned Hi-
erarchy of Parts (LHOP) [8]. The LHOP method enables
learning of small local shapes through statistics of general
set of images and thus producing a vocabulary of compo-
sitions that are statistically relevant for description of var-
ious object categories. By removing statistically irrelevant
shapes and structures we have achieved better performance
on Caltech-101 dataset [6] compared to HOG descriptor
while at the same time reducing dimensionality of the de-
scriptor.

We have shown in [11] that both descriptors can be
complementary to each other as performance increased con-
siderably when descriptors were combined together. This
indicates that both descriptors, to certain degree, encode
different set of information. HoC descriptor used in [11]
relies only on second layer of hierarchical model, which al-
lows the use of compact set of compositions with smaller
vocabulary size thus producing descriptor with lower di-
mensionality but still superior performance. But using only
one hierarchical layer allows for only limited complexity
of compositions. In this paper we explore the effect of us-
ing additional higher layer compositions in HoC descriptor.
With higher layer compositions we can model parts with
higher complexity and can therefore capture more complex
shapes and structures. We show that by using additional
third-layer compositions we can achieve better performance
than we would with only second-layer compositions. We
also show that adding third-layer compositions to only HoC
descriptor can achieve similar performance as adding only
HOG to original HoC descriptor. This allows us to use a
single framework (HoC) and can reduce certain disadvan-

tages brought by HOG. For instance, such as the problem of
dimensionality, which in HOG descriptor is determined by
preselected window size. Additionally, if we are willing to
tolerate problems of HOG, we show that adding HOG de-
scriptor produces even higher performance as information
contributed by third-layer compositions is still more shape-
based while HOG captures more texture-like features.

The remainder of the paper is structured as follows. In
Section 2, we briefly describe the application of the his-
togram of compositions to multiple layers. In Section 3, we
conduct the experiments and discuss the results of compar-
ing the HoC computed from different set of layers to HOG
and their combinations. We draw conclusions in Section 4
and provide several venues for further research.

2 Multiple layer Histogram of Compositions

We use existing HoC descriptor introduced in [11] and ex-
tend it to additional layers with ability to use arbitrary com-
bination of layers (see, Figure 1). We form multiple layer
HoC descriptor H from specific image region by starting
with a simple descriptor H(%) for each layer £ obtained
through processing of image with an LHOP method and ex-
tracting HoC descriptor according to procedure described
in [11]. We use the same weighting function and same re-
gion split so we can define H(4) as

HE = ol 1), )

where HS,[L: ) is histogram of compositions within m-th re-
gion on £-th layer and o(#) is a normalization factor such
that the histogram of cells at £-th layer sum to one. We
form final descriptor H{ by simple concatenation of his-
tograms from desired layers :

H=[HED, . HEN), )

where [L1, Lo, ..., Ly] is a set of layer numbers used for
final descriptor. In general we can combine arbitrary set of



layers but we focused only on combining second and third
layer parts as compositions in higher layers represent parts
tuned to more category specific shapes. Such specific parts
are not desired for general based vocabulary.

3 Experiments and results

We evaluated the use of higher layer compositions by con-
ducting three sets of experiments. In first set we used orig-
inal HoC with only second-layer compositions. This ex-
periments formed a baseline comparison for our proposed
extended descriptor. In second set of experiments we evalu-
ated HoC with only third-layer compositions, while in third
set we evaluated the use of HoC descriptor with combined
second-layer and third-layer compositions. All experiments
were conducted on the Caltech-101 [6] dataset by extract-
ing descriptor on whole image and following the method-
ology of [12]: we trained using different number of exam-
ples, tested on randomly selected 15 examples from the rest
of the set and finally repeated this process 5-times.

To learn libraries of compositions with second and third
layer, we trained LHOP method using reference implemen-
tation from [8] on approximately 250 general images thus
producing library with 77 compositions on the second layer
and 445 compositions on the third layer. All learnt compo-
sitions per layer are shown in Figure 2 together with some
samples of training examples.

We used the binary from [3] for HOG descriptor with
the same parameters as in [11], i.e. 8 x 8 pixels wide cells
and 16 x 16 pixels wide blocks, where all images were re-
sized to 64 x 64 pixels. For classification we used one-
versus-rests LIBSVM [2] with an RBF kernel using chi-
squared distance function (RBF-X'2).

3.1 Results

Looking at the results of descriptor with second-layer parts,
shown in Figure 3, we can notice performance that is con-
sistent with the results in [11]. HoC descriptor outperforms
HOG by approximately 4% in all cases, while combination
of HoC with HOG boosts performance by additional 7%.

Focusing next on HoC descriptor with third-layer parts
(see, Figure 4) we notice improvement of approximately
2% across different number of training examples when com-
pared with second-layer HoC, while concatenation of sec-
ond and third-layer adds additional 3% increase of perfor-
mance, therefore achieving overall 5% increase compared
to second-layer compositions. Improved performance can
be attributed to more richer vocabulary at third layer where
there are many more parts with more complex composi-
tions. But with increased complexity we cannot capture
some simpler and smaller shapes therefore by adding second-
layer parts we achieve even greater performance.

Note that HoC with the second and third-layer compo-
sitions achieves nearly equivalent performance compared
to combined second-layer HoC and HOG. Although latter
has by around 1% to 2% better performance, we are still

HoC descriptor with second-layer parts
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Figure 3: Repeated baseline results on Caltech-101

database using only second-layer HoC descriptor

able to achieve comparable performance without relaying
on different type of descriptor.

By adding HOG descriptor to HoC with compositions
from different layers we see consistently higher performance
as additional layers are used. With HoC constructed from
second and third-layer parts and additionally combined with
HOG producing best results that have accuracy at around
67% at 30 training examples per category. While achieving
best performance using this combination of descriptors, we
notice from Figure 4b, that this value is only by 5% better
relative to HoC without HOG, but when using only second-
layer parts (see, Figure 3) we notice that increase of per-
formance by adding HOG is around 7%. This difference in
increased performance is a indication that by adding third-
layer composition we were now able to capture certain local
structures that were originally captured by HOG.

4 Conclusion

In this paper we presented an extended version of histogram
of compositions, originally introduced by [11]. Our ex-
tended version includes additional layers and have shown to
produce better performance by adding third-layer compo-
sitions. Additional compositions provide a richer vocabu-
lary and are capable of capturing more complex shapes and
structures. We have evaluated two types of HoC descrip-
tors on Caltech-101 dataset; one with only third-layer parts
and one with second-layer and third-layer parts combined.
Both of them have exceeded the performance of original de-
scriptor. Additionally, we have shown that HoC descriptor
with second and third-layer compositions can produce sim-
ilar results to combined second-layer HoC descriptor with
HOG, thus reducing dependency on using different frame-
work. But, by adding HOG descriptor to HoC with second
and third layer we’ve shown to achieve even higher results.
In our future work we will investigate the impact of com-
bining more texture-based features with HoC descriptor and
evaluate the use of HoC for detection and localization of



HoC descriptor with third-layer parts
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Figure 4: Results on Caltech-101 database with (a) third-layer and (b) combination of third and second-layer

objects using a sliding-window technique.
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