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Abstract. This paper presents a new approach to object categorisa-
tion in range images using our novel hierarchical compositional repre-
sentation of surfaces. The atomic elements at the bottom layer of the
hierarchy encode quantized relative depth of pixels in a local neighbour-
hood. Subsequent layers are formed in the recursive manner, each higher
layer is statistically learnt on the layer below via a growing receptive
field. In this paper we mainly focus on the part selection problem, i.e.
the choice of the optimisation criteria which provide the information on
which parts should be promoted to the higher layer of the hierarchy.
Namely, two methods based on Minimum Description Length and cate-
gory based entropy are introduced.

The proposed approach was extensively tested on two widely-used
datasets for object categorisation with results that are of the same qual-
ity as the best results achieved for those datasets.

Keywords: Range images · Object categorisation · Compositional
hierarchies · Shape parts

1 Introduction

In recent years, the processing of range images has experienced a renaissance in
the computer vision community. The topic was popular in the 1980s and early
1990s [3,5], but attention waned until the advent of affordable range cameras.
This has led to two approaches: i) ideas from the 1990s have been re-tested using
new hardware; ii) recent techniques for intensity images have been adapted to
range images.

This work aims at improved representations of 3D shape for the purposes of
categorisation. Based on the successful implementation of compositional hierar-
chies [6,16] and their use in categorisation tasks on intensity images, a proper
hierarchical representation is sought for range data. However, this is not a trivial
task as intensity and depth data are different in their properties. For example,
the notion of scale variance for intensity images is associated with a projection
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Fig. 1. Overview of the approach. Learning process (A) – a set of depth images is fed
into the system. Detections of possible compositions for the next layer are found. Can-
didate parts undergo a selection process. A vocabulary for the selected layer is provided.
Based on the learnt compositional hierarchy (B) an inference process is performed (C).
The parts inferred for the specific object are fed into Histograms of Compositional Parts
(D). Based on the discretised distribution of parts in partitioned images, categorisation
of the object is performed.

from the 3D world onto a 2D image plane, whereas range images provide metric
data and the notion of scale variance is thus associated with the support size –
the area for which a descriptor is computed.

An overview of the information flow in the system is shown in Fig. 1. The app-
roach presented in this paper is based on computing small depth differences at
the bottom layer. These atomic parts are then combined, using statistical learn-
ing (Fig. 1B), to form compositions at the second layer of the hierarchy. The
compositions at each subsequent layer of the hierarchy are learnt from the previ-
ous layer. This representation is inherently surface based. In the learning process
(Fig. 1A) a set of depth images is fed into the system, then detections of pos-
sible compositions are found. The rich set of candidate parts goes through a
selection process that provides a constrained vocabulary for the selected layer.
The compositions are promoted to the next layer if they fulfil the selected opti-
misation criterion. This work studies two selection criteria and their influence
on object categorisation. The Learnt Compositional Hierarchy inference process,
where specific nodes of the hierarchy are activated, is performed for an example
object (Fig. 1C). Subsequently the active compositions are fed into a Histogram
of Compositional Parts (Fig. 1D). Based on the discretised distribution of parts
in the partitioned images, the object is categorised.

The paper begins with a description of related work in the field of cate-
gorisation and detection using range images and compositional representations.
In section 2, the proposed compositional hierarchy for range images is presented.
Section 3 provides a study of the part selection process. The theoretical descrip-
tion is then followed in sections 4 and 5 by an evaluation based on two widely



Categorisation of 3D Objects in Range Images 291

available datasets [7,13]. Finally, concluding remarks and plans for future work
are given in section 6.

1.1 State of the Art

Most vision categorisation systems, either for intensity or depth images, are
based on feature extraction and have three main sub-systems. i) keypoints (local
extrema of a saliency measure) detector ; ii) keypoints descriptor; iii) feature
matching algorithm, which performs the actual object recognition process. This
survey examines all the aforementioned aspects of feature-based categorisation
systems.

Keypoint Detection. An extensive survey of keypoint detection algorithms
for depth data was presented in [9]. The authors divided these techniques into
two categories: Fixed-Scale and Adaptive-Scale detectors. An evaluation of dif-
ferent keypoint detection algorithms was presented in [22], and results on the
repeatability of keypoints (under slight object transformations) were reported.

Local Shape Descriptors. The detected keypoints should be equipped with a
good descriptor, which maintains a high level of distinctiveness and separabil-
ity between descriptors so as to make the matches between keypoints unique.
A recent survey of local surface descriptors by Guo et al. [9] listed 38 different
descriptor types and divided approaches into signature, histogram, and trans-
form based methods.

Global Shape Descriptors. In contrast to local shape descriptors, global
descriptors are designed to describe a whole object with a single descriptor – see
[2] for a survey. The four main classes of descriptor are histogram, transform,
2D view and graph based. The latest approach reported in [20] used covari-
ance descriptors. Another method is to use a Hough Transform for 3D shape
recognition [24].

Compositional Hierarchies. Local shape descriptors are suitable for detection
tasks as they are robust to clutter and viewpoint changes, whereas global shape
descriptors are better for shape retrieval tasks – coping with intra-class variabil-
ity. One concept to link these two worlds is that of compositional hierarchy.

Obtaining 3D object templates by hierarchical quantisation [15] is one way
of building the compositional hierarchy for 3D data using a volumetric repre-
sentation. An alternative approach is to use a Deep Neural Network that learns,
in an unsupervised manner, the representation of the provided range data [18].
An approach using depth images and building the compositional representation
from surface patches was described in our previous work [11]. In this paper we go
beyond our previous results and provide a study of the mechanisms for establish-
ing part importance, and hence how to obtain better classification performance.

Part Selection. This process is understood here as an optimisation technique
for selecting appropriate parts which are then combined in the subsequent layer.
It is strongly dependent on the actual task; e.g., for shape retrieval the parts
ought to be generic, whereas for pose estimation the parts are required to be
discriminative. The problem of part importance for 2D recognition and recon-
struction task was considered in [8], as well as the more general problem of finding
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interesting, salient points [1] or ranking 3D features [23]. Additionally, the prob-
lem of how to learn to detect repeatable parts in depth data was addressed
in [10]. In the context of 3D compositional hierarchies, our previous work [11]
used a frequency-based part selection strategy, i.e. the probability of including
a candidate part in the vocabulary depended on the frequency of observing that
part in the training data.

Histogram Similarity Measures. In our approach, object categories are rep-
resented as stacked histograms of compositional parts (see Fig. 1D). Histograms
have widely been used for image classification, as shown in study [26]. χ2 and
histogram intersection are very popular histogram similarity measures. How-
ever, these measures fail to take into account cross-bin similarities, which are
very important for compositional hierarchical approaches, since different com-
positional parts may represent similar surface types.

Cross-bin relations are tackled with Earth Mover’s Distance (EMD), defined
as a minimal cost that must be paid to transform one histogram into the other.
Zamolotskikh et al. [25] show three ways in which EMD kernels may be used
with an SVM classifier. The Quadratic-Chi histogram distance measure [17] not
only takes into account cross-bin relations, but also performs normalisation such
that a difference between small bins becomes as important as a difference of
large ones.

1.2 Contributions

The main contribution of this paper lies in a successful conception, design and
implementation of a learnt compositional hierarchy of surface parts, which are
used for 3D object categorisation. The representation optimises two different part
selection criteria which results in state-of-the-art categorisation performance on
two publicly available datasets. We also tested three different affinity measures
to produce kernel functions for SVM classification.

2 Hierarchical Compositional Representation of Surfaces

This section outlines the compositional hierarchical representation for depth
data using surface patches. The description is divided into two parts. First,
the learning process is described; second, the inference procedure is specified.

The coordinate system for the remainder of this paper is as follows: the x and
y axes span the image plane and the z-axis encodes depth information.

The general scheme of the proposed compositional hierarchy is shown in
Fig. 2d. The representation is defined as a hierarchy of layers Ln where n denotes
the layer number. The vocabulary of each layer Ln contains a set of parts rep-
resenting surface patches with different geometrical properties.

The first layer L1 consists of pre-defined parts. Following [11] we use quan-
tized differences of depth between pixels at a fixed distance from each other
(along the x-axis). An example of the vocabulary of the first layer parts is
depicted in Fig. 2a, while an example of the surface, represented in terms of
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Fig. 2. Quantization of depth differences into nine bins (a). Realization of L1 parts on
the example object – colour coded depth differences (b). Three adjacent depth differ-
ences form a small oriented surface patch of layer L2 (c). A scheme of the hierarchical
shape vocabulary (d).

the first layer parts is shown in Fig. 2b. Each part Pn
i of the higher layers Ln,

∀n > 1 describes spatial configurations of the parts from the previous layer Ln−1:

Pn
i ≡ (Pn−1

central, {Pn−1
j , μj , Σj}), (1)

where: μj = (xj , yj , zj) is the mean relative position of the sub-part Pn−1
j w.r.t.

the central sub-part Pn−1
central, and Σj is the covariance matrix representing vari-

ability of possible relative positions. These spatial configurations are described
in a local neighborhood (termed receptive field) of the central sub-part Pn−1

central.
The process of constructing second layer parts is depicted in Fig. 2c. In the

current implementation of our framework the design choice is to build parts of
the odd layers describing relative positions of sub-parts adjacent in x-direction,
while parts of even layers are formed by describing relative positions of sub-parts
that are adjacent in y-direction.

2.1 Learning the Vocabulary of Parts

The hierarchical shape vocabulary for each layer Ln, ∀n > 1 is learnt using the
procedure described in detail in our previous work [11]. In the current paper,
only those steps of the algorithm that remained unchanged are outlined. Here
the emphasis is on the proposed novel approaches to the part selection problem.
The entire vocabulary learning procedure for the layer Ln, ∀n > 1 comprises the
following steps:

1. Represent the given training range images in terms of parts of layer Ln−1. As
a result we are given some instances (part realizations) of each vocabulary
part of layer Ln−1 that reside in certain locations in the training images.
Let Rn

ik
be the k-th part realization of part Pn

i of layer Ln. Usually each
vocabulary part has many realizations in the training images.
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2. In the local neighborhood of each part realization perform local inhibition,
i.e. suppress strongly overlapped part realizations.

3. Build statistical maps characterizing the 3D spatial relations between part
realizations of the layer Ln−1 in training images.

4. Detect peaks in the statistical maps of occurrences of parts in a local neigh-
bourhood. These peaks indicate the most frequently observed spatial configu-
rations. Then we fit the area around each peak with 3-dimensional Gaussian,
and establish its parameters μj and Σj .

5. Based on the peaks in statistical maps build candidate parts of the layer Ln

as shown in Eq. (1) and insert these parts into S, the set of candidate parts.
6. Perform a part selection procedure, i.e. select a subset S ′ ⊆ S that satisfies

some optimality criteria (selection criteria). The subset S ′ becomes a learnt
vocabulary of the layer Ln. In this paper we propose, discuss and experi-
mentally evaluate two novel part selection strategies, presented in section 3.

2.2 Inference

The main goal of the inference process is to detect vocabulary parts in input
range image using a previously learnt hierarchical compositional shape vocab-
ulary. Inference is sequentially performed for all layers starting from L1. Since
the parts of the layer L1 represent quantized differences of depth measured in
direction of the x axis, the inference process for this layer can be done as follows:

1. Convolve the range image with Gaussian-derivative filter (for x-derivative).
The parameter σ can be chosen according to the image size and noise level.
For our experiments we use σ = 1.0 for the SHREC07 dataset and σ = 1.5
for the Washington RGBD dataset.

2. Quantize the filter responses at each pixel and assign each of them to the
bin that corresponds to the closest first layer part.

For each subsequent layer Ln, ∀n > 1 the inference process is done as follows:

1. Consider a local neighborhood (termed receptive field) around each part
realization Rn−1

ik
. For this receptive field we call the part realization Rn−1

ik

the central part realization and denote it as Rn−1
central.

2. Extract all other part realizations Rn−1
j present in this receptive field and

their relative positions ΔXj = [Δxj ,Δyj ,Δzj ] with respect to the the central
part realization Rn−1

central.
3. Spatial configurations of Rn−1

central and neighboring part realizations extracted
from receptive field are then matched to vocabulary parts of the
layer Ln. For instance, if we observe a spatial configuration: Rn

i ≡
(Rn−1

central, P
n−1
j , {ΔX, }j)

we have to match it to the vocabulary parts of layer Ln defined as shown in
Eq. (1). If the match is found, we say that we detected a part realization of
the layer Ln in the location of Rn−1

central.
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As we proceed to higher layers of the hierarchy, the size of the receptive field
increases. At the end of the whole procedure, the input depth image is described
in terms of parts from the learnt vocabulary for each layer.

3 Part Selection Criteria

In our previous work [11] the part selection problem was described as follows. For
the rich set of candidate parts S = {Pn

i : i= 1..N} for a given layer Ln, we want
to obtain an efficient representation with a relatively small number of parts in the
vocabulary. Additionally, to facilitate generalization using our representation,
similar surfaces should be encoded by the same vocabulary element.

In order to fulfil these requirements we specify a procedure that selects a
subset S ′ ⊆ S, solving the following optimization problem:

E(S ′) =
N∑

i=1

d(Pi, P
′(Pi)) νi + α |S ′| (2)

where νi is the frequency of occurrence of realizations of the i-th candidate part
Pn
i in the training data, d(·, ·) is a distance function that quantifies the similarity

between two parts (from the same layer), and P ′(Pi) is the part in S ′ that is
closest to Pn

i . Finally α ∈ R
+ is a meta-parameter that regulates the trade-off

between precision of the representation and the number of selected parts.
Two main disadvantages of this approach are: i) a selected vocabulary

strongly depends on the frequency of parts’ observation in the training images;
e.g., three surface patches constituting a corner and surfaces of high curvature are
usually observed less frequently than planar surfaces; ii) a vocabulary selected
in this manner is not specifically designed for any particular task, i.e. a specific
measure of part importance for solving different computer vision tasks is missing.
Therefore, we introduce two different selection criteria.

Minimum Description Length. This part selection strategy finds the minimal
subset of candidate parts which is required to represent most of the input range
data in terms of the shape vocabulary. It is implemented as a greedy algorithm
similar to the one used in [14]. Let us introduce two definitions first. The total
coverage Cover(Pn

i ) of the part Pn
i is the sum of areas (expressed in the number

of pixels) in training images where the part Pi is active.
The second measure is Cover(Pn

i |S ′), which is the conditional coverage of
part Pn

i given that the subset S ′ is already included in the vocabulary. It mea-
sures the total area in the training images where the part Pn

i is detected, exclud-
ing those locations where realizations of parts from S ′ are detected. As part
realizations may overlap with each other (in terms of area of images where they
reside), conditional coverage is a non-increasing measure: As the subset S ′ grows,
the conditional coverage of each non-selected part either remains unchanged or
is lowered by the influence of an already selected part.

Consider learning a vocabulary for layer Ln. The part selection algorithm
can be described as follows:
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Fig. 3. Entropy based on the probability of the class given individual part P (class|Pn
i ).

Histogram for part with: high entropy(a), mean entropy(b), low entropy(c). Sorted
entropy values for the candidate parts at layer three (d).

1. Assume the set of selected parts S ′ is empty. All candidate parts are stored
in the set S.

2. Consider the part Pn
i in S which has the largest Cover(Pn

i ); remove this
part from S and insert it into S ′. Candidate parts Pn

j which are similar to
Pn
i (if d(Pn

i , Pn
j ) < Thresh)) are also removed from the set S.

3. Perform the following steps: in each iteration find in the set S the part Pn
k

which has the largest Cover(Pn
k |S ′), remove this part from S, and add it to

the S′; Parts that are similar to Pn
k , are also removed from S.

4. Proceed until the largest value of Cover(Pn
j |S ′) becomes less than a pre-

defined threshold value T .
5. The resulting vocabulary is S ′.

In contrast to the part selection criteria defined by the cost function in Eq. (2),
this part selection algorithm allows selection of parts with high curvature as long
as their total coverage is above the threshold value T .

Entropy-based part selection. In this part selection strategy we incorporate
some discriminative information into the vocabulary learning procedure. The
decision to include a candidate part to the vocabulary is based on the distri-
bution of part realizations across object categories. If realizations of a candi-
date part Pn

i reside in objects of one category only, we consider this part quite
category-specific, while if realizations of a candidate part appear in objects of
many categories, we assume this part would be less helpful for categorization.

The category probability given a candidate part Pn
i P (category|Pn

i ) is
approximated using histograms computed for all candidate parts throughout
the whole training dataset. The entropy of each individual part is computed
from the histogram using:

H = −
n∑

i=1

pilog(pi). (3)

The P (category|Pn
i ) for the parts with high, mean and low entropy are shown in

Fig. 3 a,b,c respectively. A graph presenting the sorted entropy H computed for
all the the compositions detected at layer L3 is shown in Fig. 3d. Our proposed
strategy is to select a certain number of candidate parts with the highest entropy
at each layer of the hierarchy.
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Fig. 4. A histogram of Compositional Parts – the histograms from all sub-regions and
all layers detections are stacked together to form a category signature

4 Experiments

In order to test the performance of our hierarchical compositional representation
two publicly available datasets were used. We focus our attention on the task of
object categorization from range images. The RGB-D Washington Dataset [13]
contains real world data registered with a Kinect-like device – 300 objects are
split into 51 categories. We used only 20% of the images of each object instance
(depth channel only). To partition the data into train and test sets, the exact
list of object instances left out provided in [13] was used.

The second dataset used was SHREC07 [7], which contains 400 meshes rep-
resenting objects that are split into 20 categories. We rotated these mesh models
about the z-axis with a step of 18 degrees, thus producing 400×20 = 8000 depth
images. We evaluated performance using leave-one-out cross-validation.

Learning of Hierarchical Shape Vocabulary. We learnt layers 2-6 of the
compositional hierarchical shape vocabulary on each dataset separately. In our
first experiment we learnt a compositional hierarchy using the MDL principle. In
the second experiment we additionally included the most category-specific parts
to the vocabulary of each layer (parts with low entropy). All the experiments
were conducted in a way to avoid data snooping, i.e. we extracted category-
specific parts from the training data only.

Classification. The procedure started with the inference of parts of layers 1-6
from range images. Then, following [11], we built stacked histograms of parts as
shown in Fig. 4, i.e. we partitioned each object image into 14 sub-regions (1 for
the whole object, plus 2×2 and 3×3 partitioning). The distribution of parts of
layers 2-6 within each sub-region was represented as a histogram; histograms of
each sub-region were then concatenated to form a HOCP (Histogram of Com-
positional Parts) surface descriptor. These descriptors were fed into an SVM
classifier.

Experiments with kernels for SVM. Three different types of kernels for
SVM were tested in our experiments. χ2 kernels are implemented in standard
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packages for SVM. The EMD measure which does not produce a positive
semi-definite kernel matrix was modified [25]. The following transformation:
K(S,Q) = exp(−EMD(S,Q)), where S and Q are histograms, was applied.
Additionally, a ground distance metric Dij which denotes distance between bins
i and j of the histogram was defined based on geometric similarity of parts.
Note that we consider part similarities within each sub-region, and do not take
into account cross sub-region relations. For Quadratic-Chi measure [17], it is
required to define a bin-similarity matrix Aij . We do it in the same way as in
case of EMD kernels, i.e. only similarities of parts within each sub-region are
taken into consideration. The Quadratic-Chi histogram distance is defined as:

QCA
m(P,Q) =

√√√√
∑

ij

(
(Pi − Qi)

(
∑

c(Pc + Qc)Aci)m

) (
(Pj − Qj)

(
∑

c(Pc + Qc)Acj)m

)
Aij (4)

where: P and Q are two non-negative bounded histograms P,Q ∈ [0, U ]N ;
A is a non-negative symmetric bounded bin-similarity matrix;
A ∈ [0, U ]N × [0, U ]N and ∀i,j Aii ≤ Aij .

5 Results and Discussion

The results achieved on the Washington dataset are shown in Fig. 5. Our exper-
iments show that combined MDL and entropy-based selection performs better
than MDL alone (see Fig. 5a), especially for higher layers where parts become
more category-specific. Additionally, the comparison of performance of different
kernels used in the classification procedure is shown in Fig. 5b. The best results
were achieved for the Quadratic-Chi kernel, which takes into account cross-bin
relations and performs normalisation as well, such that the difference between
small bins becomes as important as the difference of large ones. This turns out
to be a substantial property: all parts in the histograms are distributed non-
uniformly and some non-frequent but discriminative parts may have a larger
impact on category detection. This observation might also explain the poorer
performance of the EMD kernel as pointed out in [17]. The comparison of our
results with other approaches is given in Table 1, which shows that our approach
is almost as good as the best results achieved for this dataset. Additionally we
have also provided the results for the artificial data which are given in the dataset

Fig. 5. Categorisation accuracy achieved on Washington RGBD dataset for: different
part selection strategies – SVM with χ2 kernel (a); different types of SVM kernels(b)



Categorisation of 3D Objects in Range Images 299

Table 1. Results for Washington RGB-D dataset [13] and SHREC’07 dataset [7]

Washington dateset SHREC’07 dataset

Method Depth data only Method Depth data

Random Forest [13] 66.8±2.5 ISM 1-NN [19] 79.0
HCR [11] 75.6 BoW [21] 87.3
HMP3D [12] 76.5±2.2 HCR [11] 95.6
CNN-RNN [18] 78.9±3.8 ISM 2-NN [19] 100.0
SP+HMP [4] 81.2±2.3
Ours 80,1±2.2 Ours 96.4

from the Shape Retrieval Contest SHREC07 [7]. Table 1 shows our approach is
also almost reaching the top score.

6 Conclusion

The research presented in this paper is focused on the part selection problem and
its influence on the performance of hierarchical compositional representations in
the object categorisation task. The presented results show that an appropriate
selection criterion can boost task performance. Compared to our previous app-
roach, the gain for the RGB-D dataset is about 4%. Additional tests with the
histogram similarity measure show that an additional one percent was added
to the final result. The use of compositional hierarchies could not only improve
performance, but being generative models, they can also furnish additional prop-
erties such as better scalability and robustness to partial occlusions. Moreover,
they enable performing detection tasks without using sliding windows. A thor-
ough investigation of all these aspects of compositional hierarchies is envisioned
as future work.
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