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ABSTRACT

In recent years, the local feature descriptor called SHOT (Sig-
nature of Histograms of OrienTations) has achieved excellent
performance in 3D vision. However, there still exists room for
improvement: on the one hand, the convexity and concavity
information is still ambiguous; on the other hand, it is not con-
sistent and unique enough for constructing histograms with
just angle information between normals. In this paper, we
propose a new robust descriptor called Signature of Unique
Angles Histograms (SUAH) with consideration of the unique
angles, which are used to construct histograms, between lo-
cal reference frames. And the convexity sign is embedded to
disambiguate the convexity and concavity. In addition, power
normalization is used to address the point density problem. A
series of experiments are conducted to show that the perfor-
mance of our method is better than state-of-the-art methods
on synthesized dataset and real scenes dataset.

Index Terms— 3D local feature, local reference frame,
3D vision

1. INTRODUCTION

With the growing availability of inexpensive and real-time
depth sensors (such as Microsoft Kinect, Xtion, Time-of-
flight cameras), high-resolution depth image and visual (RG-
B) image are becoming available for widespread use. Some
new areas of work are opened up and researchers are able to
revisit some classical problems, such as object recognition,
region matching, registration and so on. Correspondence, as
the core of numerous tasks, is a crucial problem and a funda-
mental task which resides both in robotics and 3D computer
vision. In other words, the key challenge is to automatically
and precisely find a point in another image which is the pro-
jection of the same point in the scene with noise and clutter
for a given point in one image. Meanwhile, correspondence
can also be used in the registration problems [1]. This is a
challenging problem due to several issues, such as scene il-
lumination, surface reflectance, rotation, translation, clutter,
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occlusion and acquisition noises.
However, developing accurate three-dimensional models

of scenes, Simultaneous Localization And Mapping (SLAM)
[2], tracking, and object recognition are representative exam-
ples. And all these applications are built upon a correspon-
dence foundational layer, of which a good descriptor is the
cornerstone.

In the past few years, several local feature descriptors
have been proposed for correspondence based on shape fea-
ture. Spin Image [3], as a successful 3D shape feature, is
rotation and translation invariant and has been used largely
and massively in 3D recognition. After it occurs, a plenty
of modifications and extensions have been made for improv-
ing the descriptive power [4, 5]. Dinh and Kropac [6] show
that Spin Image can also be used as a multi-resolution repre-
sentation. And efficiency is increased when comparing Spin
Images in a low-to-high resolution manner. Furthermore, Per-
sistent Point Feature Histograms (PFH) is proposed by R. B.
Rusu, who also improves it by providing the descriptor Fast
Point Feature Histograms (FPFH) [7, 8, 9]. PFH and FPFH
are both proved to be of better performance than Spin Image
in the context of registration and object recognition problem.
3D shape context descriptor (3DSC) [10] has also shown bet-
ter performance than Spin Images for its excellent descrip-
tiveness and robustness to noise. One characteristic of 3D-
SC is that it requires the computation of multiple descriptions
of each model feature point due to the lacking of the defini-
tion of a local reference frame associated with each feature
point. Based on a different partitioning of the 3D local vol-
ume, intrinsic Shape Signatures [11] is an improvement of
3DSC [10] . To find a more discriminative descriptor, SHOT
is proposed which combines a unique and repeatable local
reference frame with a 3D descriptor of hybrid signature and
histogram [12, 13, 14]. And in the meantime, uniqueness and
ambiguity of local reference frame are improved obviously.
Based on the unique local reference frame, a signed angle is
used to improve the original Spin Image (ISI) [15], which is
proved to have better performance than SHOT.

A large number of 3D local feature proposals only con-
sider the shape feature. But actually in the last few years tak-



Fig. 1. Signature structure for SHOT: spatial subdivision ap-
plied over the spherical local support.

ing multiple cues including shape and appearance feature into
consideration has become very popular. The MeshDog/HoG
approach, proposed in [16], takes the texture information of
3D data as scalar function defined over a 2D manifolds. In
[17], the descriptor SHOT is extended through simply com-
bining the visual cues with their shape only descriptor, which
is referred to as CSHOT. The authors compared the CSHOT
against MeshHOG and as a result, the CSHOT outperformed
in both processing time and accuracy.

However, SHOT structure is the concatenation of his-
tograms in essence, which are constructed by the angle infor-
mation between normals. But the normals are not consistent
and unique, especially under clutter and occlusion. As a re-
sult, the obtained angle information is not consistent enough.
In addition, it may be ambiguous when taking the convexity
and concavity into consideration. All of these issues motivate
us to make improvement.

In this paper, we propose a new descriptor, which is
dubbed SUAH, with combination of original signature struc-
ture for SHOT and unique angles histograms. Firstly we em-
bed the unique angles information between the local reference
frames into original SHOT structure. Then, in order to dis-
ambiguate the convexity and concavity, the convexity sign is
encompassed for better descriptiveness. Finally we use pow-
er normalization instead of using just L2 normalization. In
addition, the unique angles histograms can be not only used
in SHOT structure but also in CSHOT structure (CSUAH). In
order to demonstrate the advantages of SUAH and CSUAH
descriptors, experiments are conducted to compare with state-
of-the-art methods.

The rest of paper is organised as follows: in section 2
the proposed method with convexity sign and power normal-
ization is demonstrated in details; section 3 gives the experi-
mental results on both Stanford synthesized dataset and real
scenes dataset; and finally, conclusion is presented in section
4.
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Fig. 2. An toy example of ambiguity for convexity and con-
cavity. Though a concave surface patch is defined by points
x1, x2 and a convex surface patch is defined by points x2, x3,
the dot product between normals Nx1 , Nx2 is equal to the dot
product between normals Nx2 , Nx3 (θ1 = θ2). In this kind of
cases, the sign of κ(x1, x2) and κ(x2, x3) is different and can
be used to describe the surface patch unambiguously.

2. PROPOSED METHODS

In this section the proposed SUAH is demonstrated in details.
At first, the SHOT descriptor is presented briefly. Then SUAH
is detailed in constructing histograms with unique angles in-
formation between local reference frames and convexity sign.
Finally power normalization is presented and compared with
the standard L2 normalization.

2.1. SHOT with unique local reference frame

SHOT structure: in [14] SHOT descriptor is constructed
in two steps, one for Signature construction and one for
Histogram construction.

For Signature, an isotropic spherical grid is defined to
encode spatially well localized information based on the lo-
cal reference frame, which is shown in Fig. 1. And then a
histogram is defined for each sector of the grid.

ForHistogram, point is accumulated into bins based on
the angle information between the normal at each point with-
in the corresponding part of the grid and the normal at the
reference feature point.

Finally, the overall descriptor results from the concatena-
tion of these histograms.

Unique local reference frame: the definition of a unique,
unambiguous local reference frame has been lacking in liter-
ature until recently [14]. Given a feature point p and a spher-
ical neighbourhood centred on p and defined by radius R, a
weighted covariance matrix M of the points within the neigh-
bourhood is computed as:

M =
1

Z

∑
i:di≤R

(R− di)(pi − p)(pi − p)T (1)
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Fig. 3. Constructing histograms with unique local reference
frame information (i.e., α, β, θ).

where di = ‖pi − p‖2 and Z is a normalization factor com-
puted as:

Z =
∑
i:di≤R

(R− di) (2)

Then a Total Least Squares (TLS) estimation of the three
unit vectors for the local reference frame of p is performed by
computing the EigenValue Decomposition (EVD) of M. And
a further stage in the computation is to carry out a sign disam-
biguation step by reorienting the vectors. The obtained local
reference frame for each point is repeatable and consistent.

2.2. SUAH with convexity sign

Convexity sign: Since original SHOT computes the his-
tograms by using dot product between normals, it is ambigu-
ous for convexity and concavity. As shown in Fig. 2, the re-
sult that the dot products are identical indicates that the point
x1 and x3 should be accumulated into the same bin for fea-
ture point x2. But in fact, they have different shape feature.
In order to deal with this situation, we firstly compute a local
convexity signal, κ, defined as:

κ(x, y) = 〈x− y,N(x)− N(y)〉 (3)

where 〈.〉 is the dot product, N(x) and N(y) are the normals of
point x and y separately. Then a variable D, which is defined
as Convexity Sign, is computed to represent the sign of κ.

D =

{
1, κ > 0
−1, otherwise (4)

As a result, the surface patch is defined as convexity when
D = 1, otherwise concavity.

Signature of unique angles histograms: based on the
unique local reference frame, we construct histograms by us-
ing the angles information between different axes as shown
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Fig. 4. The distribution of SUAH descriptor for a random-
ly selected point: (a) with L2 normalization; (b) with power
normalization (α = 0.5) followed by L2 normalization.

in Fig. 3. We firstly compute a function of the angles, i.e.,
cosine function:

cosα = 〈px,p’x〉 (5)
cosβ = 〈py,p’y〉 (6)

cos θ = 〈pz,p’z〉 (7)

where 〈.〉 is the dot product, px, py and pz correspond to the
x, y and z axis respectively of local reference frame for point
p. Then the average of cosα, cosβ and cos θ is computed as
follows:

τ =
cosα+ cosβ + cos θ

3
(8)

Since the unique local reference frame is consistent and u-
nambiguous, the angles between the axes are unique and con-
sistent and as the result, τ is a very descriptive and discrimi-
native value and can be used to construct histograms. Similar
to the ambiguous angle information between normals shown
in Fig. 2, it is still ambiguous for the angles information be-
tween local reference frames. As a result, the convexity sign
D is combined with τ to differentiate convexity and concavi-
ty.

φ = D(τ + 1) − 1 ≤ τ ≤ 1 (9)

Then the obtained φ is quantized and corresponding point
is accumulated into a histogram bin. Finally we use the his-
togram for each sector of grid to replace histogram in original
SHOT structure.

In our proposed SUAH, the unique angles information be-
tween reference frames are used instead of the angle infor-
mation between normals. Additionally convexity sign is also
encompassed in order to disambiguate the convexity and con-
cavity. These improvements will result in a more descriptive,
robust and discriminative descriptor than original SHOT. Our
method can be also embedded in CSHOT with consideration
of the texture cues as suggested in [17]. The performance of
SUAH and CSUAH will be proved to be better than state-of-
the-art methods in section 3.
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Fig. 5. The Precision-Recall curves for different parameter α:
(a) SUAH descriptor with power normalization; (b) CSUAH
descriptor with power normalization.

2.3. Power normalization

In [14], the whole descriptor is finally normalized to have Eu-
clidean norm equal to 1 in order to achieve robustness to vari-
ations of the point density. But in fact L2 normalization just
solves this problem partially. As shown in Fig. 4 (a), some
components of the descriptor are still too high or low, which
will affect the result when matching two point descriptors. In
order to solve this problem better, we apply power normaliza-
tion in each component of SUAH descriptor with the function:

f(c) = cα (10)

where 0 < α ≤ 1 is a parameter of the normalization. When
power normalization is applied followed byL2 normalization,
the distribution of descriptor is more smooth in Fig. 4 (b). We
will prove the advantages of power normalization in the fol-
lowing experiments.

However, in order to obtain optimal performance, we test
the parameter α from 0.1 to 1 on a randomly selected scene
of real scenes dataset, which will be detailed in section 3. The
results are shown in Fig. 5, the optimal α is different. α = 0.5
for SUAH and α = 0.4 for CSUAH. At the meantime, when
comparing the original descriptor (α = 1) and power normal-
ized descriptor , we can find that the power normalization can
improve the performance of original descriptor significantly.

3. EXPERIMENTS

This section shows an experimental evaluation on the pro-
posed method. We select two datasets, which are publicly
available on-line1, to perform matching task, i.e., matching
the feature points between the models and scenes. One dataset
is synthesized scenes [17] by using models comes from S-
tanford 3D scanning Repository2, while the other is the real
scenes captured by 3D sensing technique called Spacetime
Stereo [18].

1http://www.vision.deis.unibo.it/SHOT
2http://graphics.stanford.edu/data/3Dscanrep

(a) The scenes at different levels of noise.

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1-precision

re
ca

ll

 

 

SHOT
SUAH
ISI

(b) Precision-Recall curves with σ = 10%.
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(c) Precision-Recall curves with σ = 20%.
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(d) Precision-Recall curves with σ = 30%.

Fig. 6. Synthesized dataset and Precision-Recall curves with
different levels of noise.



3.1. Matching the feature points on different datasets

Synthesized dataset: the synthesized dataset includes 6
models and 45 scenes. The scenes are built up by random-
ly rotating and translating different subsets of the model set
so as to create clutter. The number of models in the clutters
can be 3, 4 and 5. Then, similar to [12], we add Gaussian
random noise with increasing standard deviation, respective-
ly σ =10%, σ =20% and σ =30%. In this way we create a
simulated environment for the matching task. An example of
the synthesized dataset with different levels of noise is shown
in Fig. 6 (a). Since there is no color information in the syn-
thesized dataset, we use it to compare SUAH and SHOT, ISI
descriptor.

Real scenes dataset: the real scenes dataset is captured
in real environment and includes 8 object models against 15
scenes characterised by clutter and occlusions, each scene
contains two models. An example of scenes is also presented
in Fig. 7 (a). The real scenes contain both shape information
and visual cues and are used to compare our proposed SUAH,
CSUAH with state-of-the-art methods.

To evaluate the performance of our descriptor and com-
pare to other approaches, we use the Precision-Recall curves
[19, 12]. For each model 1000 feature points are randomly
selected, and likewise n*1000 key points are extracted from
each scene (n indicates the number of models contained in
each scene). 3D feature vectors are built for each feature point
using the 3D local feature descriptor. During the matching
procedure, all the feature points of scenes are matched against
the selected feature points of the models by iterating the mod-
els one by one. We use FLANN to find the two nearest points
for each scene feature point. The ratio between the distances
for each of the two nearest points and the scene point is com-
puted. If the ratio is below a given threshold λ, the matching
point in the model is found, i.e, the nearest point. A correct
positive indicates a match where the two feature points corre-
spond to the same physical location, while a false positive is a
match where two feature points are from different physical lo-
cations. Hence we can compute the total number of positives,
namely the number of scenes multiply by number of feature
points of each scene. So the recall and 1 − precision value
can be calculated as followings:

recall =
correct positives
total positives

(11)

1− precision =
false positives
total matches

(12)

In order to generate the recall and 1− precision curves, we
just need to vary the threshold λ. At last based on the curves
we can compare different descriptors.

3.2. Experimental results

Specifically, in our experiments we mainly compare our
method with currently state-of-the-art approaches: ISI [15],
SHOT and CSHOT. All descriptors are tested by keeping con-
stant parameters. In particular, all parameters included in
SHOT and CSHOT are set the values originally proposed in

(a) A model and two scenes of the real scenes dataset.

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

1-precision

re
ca

ll

 

 
SHOT
CSHOT
SUAH
CSUAH
ISI

(b) Precision-Recall curves for different methods.

Fig. 7. Real scene dataset and comparison results between
SUAH, CSUAH and SHOT, CSHOT.

[14]. And the parameters SUAH (CSUAH) shares with SHOT
(CSHOT) are set the same values. In addition, we set the pow-
er normalization parameter α as the optimal value 0.5 and 0.4
for SUAH and CSUAH respectively. For ISI, the image size
is set as 15 and the support angle is set as 90 degree as intro-
duced in [15].

In Fig. 6 the comparison results on synthesized dataset
are illustrated, which shows that our proposed method is bet-
ter than ISI and SHOT. It’s worth noticing that SHOT, ISI and
SUAH have similar results at Gaussian noise level σ=10%,
but SHOT and ISI show much worse performance than SUAH
at high noise levels. This proves that SUAH is more robust to
noise than SHOT and ISI. As presented in Fig. 7, no mat-
ter whether the visual information is taken into consideration,
our proposed method SUAH (CSUAH) has obviously better
descriptive power than SHOT (CSHOT) and ISI. It also can
be noticed that SHOT is more robust under clutter and occlu-
sion than ISI. From the experimental results, we can see that
our proposed method is more robust to noise and has better
performance than state-of-the-art methods.

4. CONCLUSION

This paper specifically presents a new 3D local feature de-
scriptor for improving the SHOT descriptor. At first, the u-
nique angles information between the local reference frames
is encompassed to construct histograms instead of the angle
information between normals. These methods will generate



a more consistent and discriminative descriptor. Then the
convexity sign is taken into consideration for disambiguating
convexity and concavity. In addition, power normalization
is also applied to address the point density problem better.
Finally, experiments show that our proposed SUAH and C-
SUAH outperform current state-of-the-art methods on both
synthesized dataset under different levels of noise and real
scenes dataset.
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