


II. RELATED WORK

Computer vision literature presents numerous works on

using different cues for correspondence based on textural

information. SIFT [1] and SURF [2] are popular algorithms

for keypoint detection and descriptor creation. They build

their feature detectors and descriptors on local gradients

and specific directions to achieve rotational invariance. More

recently, several compact descriptors, such as [5], [6], [7], [8]

have been proposed employing ideas similar to those used

by Local Binary Patterns (LBP) [9]. These descriptors are

computed using simple intensity difference tests, which have

small memory consumption and modest processing time in

creation and matching process. However, in virtually all of

these approaches, features are extracted from images alone,

and as consequence, they are more sensitive to variations

in illumination and they are not able to handle images of

textureless objects.

If on one hand image texture information can usually

provide better perception of object features, on the other hand

depth information captured by 3D sensors is less sensitive to

lighting conditions. Spin images descriptor [3] is an example

of a successful descriptor extracted from 3D data. This

approach creates a rotation invariant 2D representation of

the surface patch hemming a 3D point. Other approaches

proposed to handle unordered 3D point clouds are based on

feature histograms [10], [11]. Even though these descriptors

are accurate, they present high computational cost since the

construction of a single descriptor for general raw point

clouds or range images involves highly complex geometric

operations.

A promising idea for the design of descriptors that is

becoming popular in the last few years is to consider

multiple cues. Zaharescu et al. [12] proposed the MeshHOG

descriptor using texture information of 3D models as scalar

functions defined over a 2D manifolds. Tombari et al. [13]

presented the Color-SHOT (CSHOT) descriptor based on

an extension of their shape only descriptor Signature of

Histograms of Orientations (SHOT) [14] to incorporate

texture. CSHOT signatures are composed of two histograms,

one contains the geometric features over the spherical support

around the keypoint and the other contains the sum of the

absolute differences between the RGB triples of the each

of its neighboring points. The authors of [13] compared

CSHOT against MeshHOG and reported that their approach

outperformed in processing time and accuracy. In the case of

global descriptor, Kanezaki et al. [15] presented the Voxelized

Shape and Color Histograms (VOSCH) descriptor, which

by combining depth and texture, was able to increase the

recognition rate in cluttered scenes with obstruction.

Considering the promising ideas employed in [15], [13],

[12], our proposed local descriptor brings forth the advantages

of using both appearance and depth information. However,

differently from them, our approach spend little memory

space and little processing time without losing accuracy.

Fig. 2. Assembling diagram of BRAND descriptor. After computing the
scale factor s using depth information from RGB-D image, our methodology
extracts a patch of the image in the RGB domain to estimate the dominant
direction θ of the keypoint. Finally, appearance and geometric information
are fused based on the features selected with a pattern analysis.

III. METHODOLOGY

In this section we detail the design of the BRAND

descriptor. The stages performed to build this descriptor are

illustrated in Figure 2 and will be described in detail in this

section.

Our methodology, which is composed of three main steps,

receives a list of keypoints that can be detected by algorithms

such as [1], [2], [16], [17], and returns a list of signature

vectors. In the first step, we compute the scale factor using

the depth information from RGB-D image. The scale factor

is used in the next step (dominant direction estimation)

and in the feature analysis in the keypoint’s vicinity. In

the dominant direction estimating step, a patch in the RGB

domain is extracted and used to estimate the characteristic

angular direction of the keypoint’s neighborhood. At last, we

combine both appearance and geometric information to create

keypoints descriptors that are robust, fast and lightweight.

The goal is to bring forth the best cues that each domain can

provide, and combine them as efficiently and as inexpensively

as possible, into one binary string.

A. Scale and Orientation Assignment

Due to the lack of depth information in the images,

approaches such as [1], [2] and [18] use scale-space rep-

resentation to localize keypoints at different scales. In their

approach, the image is represented by a multilevel, multiscale

pyramid in which for each level the image is smoothed and

sub-sampled.

Since RGB-D images are composed of color as well as

depth information, instead of computing a pyramid and

representing the keypoints at the scale-space, we use the

depth information of each keypoint to define the scale factor

s of the patch to be used in the neighborhood analysis. In

this way, patches associated with keypoints farther from the

camera will present smaller sizes.

In order to compute the dominant orientation θ for the

keypoints, we employ the fast orientation estimator presented

in [2]. The orientation assignment for each keypoint is

achieved by computing the Haar wavelet responses in both

x and y directions. Differently from [2], that uses the scale

factor s at which the keypoint was detected to compute the

radius (6s) of the circular neighborhood around the keypoint,

we use the keypoint depth acquired from the RGB-D data.

This value is used to scale the size of wavelets (4s) and to





Fig. 5. Example of ambiguity in the dot product. Despite the fact that the
points ps(x) and ps(y) define a concave surface patch while ps(y) and
ps(z) define a convex surface patch, the dot products 〈pn(x),pn(y)〉 =
〈pn(y),pn(z)〉. In such cases, the curvature signals κ1 < 0 and κ2 > 0
are used to unambiguously characterize the patch shape.

displacement threshold ρ, the convexity test is accomplished

by the local curvature signal, κ, estimated as:

κ(xi,yi) = 〈ps(xi)− ps(yi), pn(xi)− pn(yi)〉, (4)

where 〈.〉 is the dot product and ps(x) is the 3D spatial

point associated to the pixel x and depth D(x). Figure

5 illustrates an example where the dot product between

surface normals is ambiguous, since θ1 = θ2, but different

signed curvatures, κ1 < 0 and κ2 > 0, are used to

unambiguously characterize these different shapes, besides

capturing convexity as additional geometric features.

The final geometric test is given by:

τ(xi,yi) = (〈pn(xi), pn(yi)〉 < ρ) ∧ (κ(xi,yi) < 0) . (5)

Finally, the descriptor extracted from a patch p associated

with a keypoint k is encoded as a binary string computed by:

b(k) =

256∑

i=1

2i−1f(xi,yi). (6)

In order to show that our descriptor is based on invariant

measures, we recall that it combines appearance and geometry.

Appearance is an object property invariant to any geometric

transformation, although its projection on an image may

vary with illumination and other conditions. The geometric

component of our descriptor is based on the relation between

the normal displacement and the surface convexity, which

are geometric measurements invariant to rotation, translation

and scaling.

IV. EXPERIMENTS

For evaluation purposes, we perform a set of tests to

analyze the behavior of the BRAND descriptor for the

matching tasks. Comparisons are performed with the standard

approaches of two-dimensional images descriptor, SIFT [1]

and SURF [2], with the geometric descriptor, spin-images [3],

and the state-of-the-art in fusing both texture and shape

information CSHOT [13].

For the experiments, we use the dataset presented in [19].

This dataset is publicly available1 and contains several

real world sequences of RGB-D data captured with a

KinectTMsensor. Each sequence in the dataset provides the

ground truth of the camera pose estimated by a MoCap

1https://cvpr.in.tum.de/data/datasets/rgbd-dataset
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Fig. 6. (a) Angular threshold for dot product test. On the average, the best
choice is use 45 degrees. (b) The best binary operator to be used for fuse
appearance and geometric was the OR operator.

system. We selected four sequences in the dataset to use

in our experiments: i) freiburg2 xyz, in which the Kinect is

moving individually along the x/y/z axes; ii) freiburg2 rpy

with Kinect rotated individually around the three axes;

iii) the handheld slam sequence freiburg2 desk; and iv)

freiburg2 pionner slam2 with a Kinect mounted on top of a

Pioneer robot.

To evaluate the performance of our descriptor and compare

to other approaches, we use the criterion presented in [20].

We match all pairs of keypoints from two different images.

If the Euclidean (for SURF and SIFT), Correlation (for spin-

image) or Hamming (for BRAND) distance between the

descriptors falls below a threshold t, a pair is termed as a

valid match. Therefore, we plot the recall versus 1-precision

values, obtained by changing the values of t. Recall is the

number of correctly matched keypoints and 1-Precision is

the number of false matches relative to the total number of

matches.

For each sequence, given an RGB-D image of frame i,

we compute a set of keypoints Ki using the STAR detector2.

To make a fair comparison among all descriptors’ approach,

the depth information was not used to detect keypoints. All

keypoints k ∈ Ki are transformed to frame i +∆ creating

the second set Ki+∆, using as the ground truth pose those

frames (xi and xi+∆). We compute a descriptor for each

keypoint in both sets and then perform the match.

In the following sections, we evaluate several aspects of

the proposed descriptor and show comparisons with other

methods regarding computation time, memory consumption

and accuracy.

A. Parameter Settings

Experimentally, we found that a threshold ρ that corre-

sponds to 45 degrees for the maximum angular displacement

of normals results in a larger number of inliers (Figure 6 (a)).

The plot shown in Figure 7(a) depicts the accuracy versus

the number of bytes used for the BRAND descriptor. The

results show that the accuracy for 32 bytes is similar to

the accuracy for 64 bytes. Therefore, to obtain a more

compact representation, we have chosen to use 32 bytes

in the experiments.

2STAR detector is an implementation of Center Surrounded Extrema [16]
in OpenCV 2.3.
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Fig. 8. Precision-Recall curves for (a) freiburg2 xyz, (b) freiburg2 rpy, (c) freiburg2 desk and (d) freiburg2 pionner slam2. The keypoints were detected
using STAR detector. BRAND outperforms all others approaches, including CSHOT, which combines, like BRAND, texture and geometric information.

using both estimating techniques. We can see that, even with

a less precise normal estimation, BRAND presents higher

accuracy in the correspondences. Therefore, BRAND can

be optimized if necessary for a given application without

penalizing significantly its accuracy.

D. Comparisons

We have recorded the creation and matching time. The

experiments were executed in an Intel Core i5 2.53GHz (using

only one core) running Ubuntu 11.04 (64 bit). The values

were averaged over 300 runs and all keypoints were detected

by the STAR detector. We clearly see in Figure 10(a) that
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Fig. 10. Comparison between descriptors using: (a) processing time to
create a keypoint descriptor and (b) the memory consumption in kbytes of
each descriptor.

BRAND is faster than the other descriptors in the creation

step, losing only for SURF. Addionally, BRAND presents

the lowest memory consumption with 32 bytes for keypoint

descriptors, while CSHOT, like BRAND, which combines

appearance and geometry, has descriptors of 5.25 kBytes in

size (Figure 10(b)).

Figure 8 shows the results of the threshold-based simi-

larity matching tests. As illustrated in the precision-recall

curves, the BRAND descriptor showed a significantly better

performance than all other approaches in all sequences. Even

for the two more challenging sequences, freiburg2 desk and

freiburg2 pionner slam2, which have high camera speed,

and also in the particular case of freiburg2 pionner slam2

sequence, with few (which was acquired with the robot

joysticked through a textureless large hall).

E. Alignment Quality

We also examined the performance of our descriptor on the

registration task. Usually, a registration algorithm is divided

in two main steps: coarse and fine alignment. We use BRAND

descriptor in the coarse alignment to compute an initial

estimation of the rigid motion between two clouds of 3D

points using correspondences. In the fine alignment, we use

Iterative Closest Point (ICP) algorithm to find a local optimum

solution based on the prior coarse alignment with BRAND.



Fig. 11. Registration of a partially illuminated lab. The frames were used with images from a scene ranging from well illuminated to complete darkness.
As BRAND contains geometric information, it is possible to match even if the scene is under inadequate illumination.

The tests were performed in a room with poor lighting

to show that we can register the clouds even with sparsely

illuminated environments since the BRAND descriptor also

contain geometric information. Due to the lack of RGB infor-

mation in the regions without illumination, we implemented

an alignment algorithm which uses the geometrical keypoint

detector NARF [23] whenever the number of STAR keypoints

is below a threshold. We have acquired several frames

from our lab with regions ranging from well illuminated to

completely dark. The final alignment is shown in Figure 11.

This result makes it clear that, even for some regions without

illumination, it was possible to successfully accomplished

alignment of the point clouds.

V. CONCLUSIONS

We proposed a new descriptor named BRAND. This

descriptor takes into account appearance and geometry from

RGB-D images, presenting orientation invariance and robust-

ness to different illumination conditions. In our experiments,

BRAND outperformed all the other descriptors, including

the state of the art CSHOT descriptor, which also fuses

appearance and geometry. Experiments demonstrate that our

technique is robust for registration tasks under poor lightning

and sparsely textured scenes.

The results presented here extend the conclusion of [4],

[13], [24] where the arrangement of appearance and geometric

information is advantageous not only in perception tasks, but

also useful to improve the quality of the correspondence

process. Appearance and geometry information indeed enable

better performance than using either information alone.

The main constraint of our methodology are the bumpy

surfaces. Since the geometrical features are extracted using a

threshold for the displacement between normals, the small

regularities of these surfaces can be confused with noise.
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