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Abstract. In this paper an evaluation of RGB-D descriptors in the
context of Object Recognition and Object Tracking is presented. Spin-
images, CSHOT and ECV context descriptors were used for detecting
objects in point clouds. Empirical evaluation over a dataset with ground
truth shows that shape is the most important cue for RGB-D descrip-
tors. However, texture helps discrimination when objects are large or
have little structure.
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1 Introduction

The study of feature descriptors has been one of the main areas of research
in image processing and computer vision for many years. Nowadays, the intro-
duction of new low-cost sensors capable of capturing 3D scene information, has
generated attention to descriptors that combine color and depth.

Traditionally, 2D descriptors capture, for example, color, texture or shape
information from the image. RGB and depth sensors (RGB-D), such as the
Kinect, allow the extraction of color and depth information of the scene. With
this data, 3D descriptors can be used to model the geometry and color appear-
ance of objects. The combination of color and depth allows for more discrimina-
tive power, making this an interesting area of research.

In this work, 3D point clouds are used instead of RGB and depth images
independently. Working directly with 3D point clouds is a recent trend in com-
puter vision; traditionally applications build polygonal meshes and then discard
point cloud data. Here we evaluate different RGB-D descriptors in terms of their
performance in two important applications: object recognition and tracking.

There are many works about 3D and RGB-D descriptors [7,11,3,4,9] (to name a
few) but generally they do not assess their performance in particular applications.
The analysis of their impact on the results of two applications, such as Object
Recognition and Tracking, is very important and provides new cues and method-
ologies to understad which descriptors perform better in real applications.
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In order to quantitatively analyze object recognition and tracking we make
use of a dataset with ground truth [8]. This is a large dataset, thus, first we
analyze object recognition with three different descriptors and then the best
descriptor is used in the tracking application.

This work is organized as follows. In Section 2 we describe RGB-D sensors
and point clouds, then in Section 2.1 we talk about 3D descriptors and the data-
sets used. After that, in Section 4 and 5 discuss object recognition and tracking
contributions respectively. Finally, in Section 6 we present a discussion of the
presented work along with the conclusions.

2 RGB-D Sensors and Point Clouds

RGB-D sensors are composed of an RGB camera that captures color information
of the scene, and a depth sensor which provides information about the distance
from the camera to the objects in the scene.

There are different implementations for this kind of sensors to choose from,
each one having its own unique sets of characteristics: image quality, frame rate,
depth range. One that has gained popularity in recent years is the Kinect by
Microsoft which provides RGB-D images with a default resolution of 640x480
pixels at rate of 30 fps.

Depth information used in conjunction with color information (RGB) allows
3D scene reconstruction. The calibration parameters for the RGB-D sensor can
be used to estimate each pixel’s position in the 3D scene, forming what is called
a point cloud, where each point contains depth and color information.

2.1 Evaluated RGB-D Descriptors

In this work, we use local descriptors for object recognition because they are more
robust to noise, clutter and occlusion, typical problems that arise when working
with real RGB-D data. We use three histogram-based descriptors: CSHOT [11],
Spin-Images [7] and ECV context descriptors [4], each one capturing information
about the underlying surface in a different way. The selection of the previous
descriptors takes into account the results presented in [1], where the author con-
cludes that CSHOT and histogram-based descriptors are well suited for object
recognition.

All descriptors are built for a set of selected input points but they use the
entire point cloud to create them.

CSHOT (Color Signatures of Histograms of Orientations) [11]. The
SHOT descriptor, first defines a robust local reference frame that is unique and
unambiguous, built upon a local sign disambiguation method for the problem of
normal estimation. At each input point a 3D grid is superimposed defining 3D
volumes where local histograms are computed. Each local histogram accumulates
into bins the angles (cosines) between the reference frame and the normal at each
point. The Color SHOT (CSHOT) descriptor is an enhanced version of SHOT
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that also accumulates in a histogram the absolute color difference between points
and then is chained together to the SHOT descriptor itself.

Spin-Images [7]. A Spin-Image (SI) is a cumulative 2D histogram which is
computed on each oriented point (3D position plus surface normal) over a given
set of points over the model’s surface mesh or point cloud. At each input point a
2D histogram is built binning neighboring points that are projected on a plane
(image) passing through the point’s normal. Each bin is defined as a ring product
of spinning that plane.

ECV Context Descriptors [4]. Early Cognitive Vision (ECV) systems were
first developed with the aim to understand how human visual and cognitive sys-
tems work. Image pixels are classified as belonging to either an edge or a texture
region and accompanied with an appearance and geometry-based description
of their spatial neighborhood. At each input point all point-pair relations are
considered, estimating geometric (cosine between orientations) and appearance
(color gradients) relations and then binning them into histograms. The geome-
try part, the 3D position and orientation, is used, where the orientation are the
direction along the edge or the normal vector to the local surface.

3 Dataset

Along this work we used sequences of RGB-D images with ground truth infor-
mation with the goal of testing the studied methods and creating a reference
to compare and assess the performance of the RGB-D descriptors under eval-
uation. We took scenes of a database from Kevin Lai et al. [8] where objects
and scenes databases were created. Since our work is focused on real world
scenarios, we took 3 annotated scenes from the dataset containing 10 different
objects. Figure 1 shows the sequences employed for the results. For the objects
we construct 3D models from their partial views acquired in a turning table, see
Figure 2 for some of them. Note that we discard the flashlight due the impossi-
bility of building the 3D model from its views.

4 Object Recognition

An object recognition system has the purpose of finding objects in images or
point clouds. From now on, we will call model to the point cloud which has the
object to be searched, and scene to the point cloud in which we wish to find it.

We divide our object recognition pipeline in the following steps: 1. Keypoint
Extraction, 2. Descriptor Generation and 3. Matching. An overview of the steps
of the employed procedure to recognize objects is shown in Figure 3a.

1. Keypoint Extraction: a subset of points from the original set is extracted.
Keypoints are interesting points which are repeatable, there is a high chance
that the same point is found in the same scene with different data-acquiring
methods. Also, since they are distinctive, they are very useful for achieving
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Sequence: desk 1

Sequence: desk 2

Sequence: table 1

Fig. 1. Example frames taken from the sequences of the dataset.

bowl 2 2 cap 1 4 cereal box 4 1 coffe mug 1 soda can 6

Fig. 2. Object models built from partial views.

an effective recognition. This point selection can be done using a keypoint
detector, or by simply subsampling the points and using the resulting sub-
sampled set as keypoints. In this work, we use subsampling every 1 cm for
the model and the scene.

2. Descriptor Generation: for each keypoint in the model and the scene,
RGB-D descriptors are computed, representing object’s information in a
distinctive and meaningful way. In our work, we use SI, CSHOT and ECV,
described in Section 2.1.

3. Matching: descriptors computed for the model and the scene are compared
in order to establish associations between them. A match between a pair
of descriptors can translate into a match between the corresponding points.
Point matches can then be used to determine the roto-translation needed
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to align the model with its instance in the scene. To find a match, vector
distances are used, such as L1 and L2 norms.

For the matching stage, we compare all pair of descriptors using L1 norm
and then we impose a threshold over the ratio between the first and the second
nearest match.

5 Tracking

Several ways of tracking objects in 3D images are known. In [10] the well known
Iterative Closest Point (ICP) is used for this goal, originally proposed in [12,2].
Then, they improve the obtained results using edge information taken during
the training phase. In [5] a frame by frame object tracking is proposed based on
edge detection.

A video tracking system can be divided into three main different stages (see
Figure 3b):

1. Training: consists in obtaining a model or representation of the object to
follow.

2. Object Detection: using the object model obtained in the previous stage,
the main goal is to detect the object in a video frame and report its position
in a previously defined coordinate system. It is used as a starting point in
the video tracking system and when frame by frame tracking fails.

3. Tracking: using the object location in the previous frame, the goal is to
track the object frame to frame. This is the most important stage because
it is used in most of the video frames. The efficiency of this method will
determine the system efficiency.

We use this pipeline because it allows us to test different methods for each
stage without much effort and is a modular way of treating the tracking problem.

We choose different methods for each of the proposed stages. First, we
reconstruct a complete 3D model of the object to track merging several views
of it taken from different angles and all around of it, using an ICP based
method. Reconstructions obtained using this method are then improved manu-
ally. Figure 2 shows an example of some of the constructed models in the dataset.

Once the model is built, we use the method explained in Section 4 to detect it
in the first frame of the scene. Once a matching between the model and the scene
is found, we use a KD-Tree to filter the nearest object points from the scene’s
point cloud. The points obtained by this filter are then used as the model to
track in the next stage. This is done to increase robustness in tracking.

The most important features of the tracking stage are efficiency and robust-
ness. The selected method needs to be computationally efficient because the
system needs to be fast. Thus, it has to be robust because otherwise we will
need to use the object detection method and that would be time consuming,
losing the overall efficiency.
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(a) (b)

Fig. 3. Diagrams showing: (a) object recognition method, (b) tracking method.

Fig. 4. Frame by frame overlapping analysis. Object: coffee mug 5. Scene: desk 1. The
object to track shows up at frame 24.

In order to have an efficient method to track objects frame by frame it is
natural to think of an ICP based method. To apply this method, we take the
result from the object recognition stage and take a bounding box twice as big as
the detected one. Then apply ICP between this two point clouds. If there is no
match, we go back to the previous stage and apply object detection. Otherwise,
if a match is found, we filter scene points using a KD-Tree as mentioned before
and continue tracking.

In Figure 4, we show an analysis frame by frame of tracked object. We extract
the object’s bounding box and then compute the overlap between the ground
truth bounding box. In order to measure the quality of the computed object
area of our method we use a formula taken from [6]. This measure punishes
reported areas smaller than or bigger than the ground truth area. We show how
our method obtains a mean percentage overlapping of 62.34% in this example.
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6 Discussion

Object recognition and tracking are two applications that heavily depend on
finding good representations for the object models to recognize and track. In
[1], the author presents a study of several RGB-D descriptors over the RGB-D
object dataset, finding that CSHOT is the best option for object recognition. In
this work we show that SI outperforms CSHOT, which was excluded from their
analysis. As we can see in Table 1, SI outperforms CSHOT and ECV in 10 out
of 12 cases.

Results show that SI describe the shape of objects in a better way than
CSHOT and ECV in spite of having only shape information, mainly due to the
characteristic of the objects present in the dataset. Mostly they are small and
have low texture, i.e. just one or two colors.

We also carried out several tests varying parameters and methods and show
that subsampling is faster than using Harris detector over point clouds. Also,
reducing descriptor support and normal radius decreases computational time
but increases the time spent on matching correspondences.

Note that the ground truth provides only the bounding box information, so
the results are not extremely precise.

In order to achieve a successful tracking over frames, an initial good pose of
the object model is required.

Our tracking application achieves low false positives values (see Table 1)
resulting in a very robust method. Depth information complements RGB and
improves the overall tracking system accuracy. This shows the potential of using
RGB-D descriptors in computer vision applications.

Object size influences both recognition and tracking. On one hand, when
the object to be tracked is near the sensor the tracking accuracy increases.

Table 1. Columns three to five show the object recognition accuracy for three different
descriptors SI (Spin-Images), CSHOT and ECV. Last columns show the tracking results
(Tracking Accuracy) and false positive rate (% FP).

Recognition Tracking

Object Scene SI CSHOT ECV Accuracy % FP

cap 4 desk 1 93.90 81.71 80.89 97.73 0.00
coffee mug 5 desk 1 93.18 93.18 87.12 19.51 40.24
soda can 6 desk 1 91.67 78.33 50.00 58.33 0.00
bowl 3 desk 2 73.13 73.13 59.38 66.88 3.13
soda can 4 desk 2 66.03 53.85 27.88 19.87 30.13
bowl 2 table 1 89.91 86.24 65.14 36.90 0.00
cap 1 table 1 95.26 59.48 50.86 55.83 3.07
cap 4 table 1 70.62 68.04 47.42 76.61 0.00
cereal box 4 table 1 81.09 91.18 54.58 70.93 2.33
coffee mug 1 table 1 44.05 44.05 54.76 48.97 5.15
coffee mug 4 table 1 68.10 65.03 43.56 53.36 0.00
soda can 4 table 1 46.15 49.45 34.07 32.97 9.89
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On the other, when the object appears small in the captured image it contains
less points to be used for recognition and tracking; less points translates into less
discriminative power.

Besides the analysis of the computational performance was not the main focus
of this work we found that working with point clouds acquired from commercial
RGB-D sensors is mandatory to tune methods and theirs parameters to deal
with the noise present in RGB and specially in depth data.

7 Conclusions

Based on our empirical evaluation we showed that shape it is the most important
cue for recognizing and tracking 3D objects. Texture plays an important role
when objects are large or have simple structure.

In particular, objects from the RGB-D database [8] tend to have very low
texture, just one or two colors, making it necessary to have a descriptor that
focuses more on the shape of the objects. Our results showed that SI perform
better than CSHOT and ECV in spite of having only shape information.

Also, we observed that RGB-D descriptors that work well with object recog-
nition not necessary perform in the same way in a tracking application.

In order to achieve robust tracking we saw that a good initial pose is required
and a good object model for the detection phase.
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