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Abstract—A novel pairwise 3-D shape context for partial object
matching and retrieval is developed for extracting 3-D light poles
and trees from mobile laser scanning (MLS) point clouds in a
typical urban street scene. Unlike the single-point shape context
describing only the local topology of a shape, the pairwise 3-D
shape context can simultaneously model the local and global geometric structures of a shape in manifold space. By using histogram
descriptors, the pairwise 3-D shape context has such characteristics as invariance to scale, invariance to orientation, and partial
insensitivity to topological changes. Our results show that 3-D
light poles and individual trees can be extracted from the RIEGL
VMX-450 MLS point clouds and the performance achieved using
our algorithm is much more accurate and effective than those of
the other two existing algorithms.
Index Terms—Correspondence, mobile laser scanning (MLS),
object matching, object retrieval, shape context.

I. I NTRODUCTION

T

ECHNOLOGIES on automated object extraction and detailed 3-D object reconstruction in urban environments
are currently in demand in the fields of photogrammetry, remote sensing, and computer vision. Detailed geometric information of 3-D objects plays an important role in modeling
and reconstructing real-world objects. Therefore, accurate and
cost-effective extraction of objects from big data or complex
environments has drawn many researchers’ interest. Much work
has been conducted on the exploration of shape descriptors to
model the relative relationship of a point with its nearest neighbors [1]. However, because of the diversity of objects within the
same category, the different environments of the same object,
and the similarity between the objects from different categories,
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it is challenging to define a general model to describe the
geometric structure of a shape from a specific class of objects.
In general, 3-D shapes are described by the following three
main types of input data: 1) point sets; 2) oriented points; and
3) surfaces (or meshes). Based on the representations of shape
descriptors, shape matching methods are divided into three
broad categories [1]: 1) feature-based methods [2]–[4]; 2) graphbased methods [5]–[7]; and 3) geometry-based methods [8]–
[11]. Heat kernel maps [12] and persist heat signatures [13]
were developed for matching partial and incomplete shapes.
Instead of using local single-point-based shape descriptors,
pairwise shape descriptors [14], [15] were developed for shape
matching and retrieval. However, these methods required that
the input data must be meshes. Thus, it is challenging to directly
transplant these methods to unoriented sparse 3-D point sets.
In the past decades, light detection and ranging (LiDAR)
technologies have been rapidly developed for the acquisition
of geospatial information. Due to the capability of the LiDAR
systems in measuring the surface topography directly, the highdensity high-accuracy 3-D point clouds acquired by the LiDAR
systems have enriched the corpus of 3-D data and become a
leading source for various applications. Algorithms for object
detection and retrieval (e.g., trees [16], [17], roads [18], and
buildings [19]) from LiDAR point clouds have also been presented in the literature.
In this letter, we propose a novel pairwise 3-D shape context for partial object matching and retrieval on mobile laser
scanning (MLS) point clouds. Unlike the existing local pointbased shape contexts which only model the local topology of
a feature point, the pairwise 3-D shape context, which is an
object-oriented shape context and defined in manifold space,
can do the following: 1) describe the local topology of a specific
point and 2) model the global geometric structure of a shape
through pairwise combinations. By using histogram descriptors, the pairwise 3-D shape context has such characteristics
as invariance to scale, invariance to orientation, and partial
insensitivity to topological changes. The pairwise 3-D shape
context has been tested in shape correspondence and object
retrieval on the MLS point clouds acquired by a RIEGL VMX450 MLS system. The results demonstrate the efficiency and
feasibility of the proposed pairwise 3-D shape context in partial
object matching and retrieval.
II. PAIRWISE 3-D S HAPE C ONTEXT
The pairwise 3-D shape context of a point is depicted
by histogram descriptors in manifold space. The histogram
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measurements are taken with respect to the relative relationship
between A and B. Thus, the pairwise 3-D shape context is
invariant under translating and rotating.
Partial Insensitivity to Topological Changes: Since our construction is based on the shortest radial path between two
points, the pairwise 3-D shape context is affected only when
the shortest radial path is unstable. However, the paradigm of
using pairs of points makes this approach partially insensitive to
topological changes. When a local topological change occurs,
most of the histogram descriptors still remain intact because the
local topological change affects only the descriptors related to
points in their vicinities.
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Fig. 3. Correspondences computed with the pairwise 3-D shape context.

III. R ESULTS AND D ISCUSSION
The point cloud data used in our experiments were acquired by a RIEGL VMX-450 MLS system on Xiamen Island,
China. This system consists of two full-view RIEGL VQ-450
laser scanners, an Inertial Measurement Unit/Global Navigation
Satellite System, a wheel-mounted Distance Measurement Indicator, and four high-resolution cameras. The accuracy of the
scanned point clouds is within 8 mm (1σ standard deviation),
and the precision is 5 mm.

Fig. 4. Correspondences computed with the single-point 3-D shape context.

A. Shape Correspondence
A variety of methods that use local shape descriptors for
correspondence have been proposed in the literature [20]. In
this section, we test the proposed pairwise 3-D shape context
for correspondence on the MLS point clouds. Given two objects
P and Q, we first sampled a set of points from each of these two
objects, respectively. In our experiments, we used the sampling
method mentioned in [21] to sample N (e.g., N = 20) points
from each object. For a sample point p, its shape context with
respect to pairwise combinations with the remaining sample
points is defined as


H p = hp1 , hp2 , . . . , hpN −1 ∈ RKb ×(N −1)
(7)
where hpi (i = 1, 2, . . . , N − 1) denotes the histogram descriptor defined in (5).
Consider a point p on object P and a point q on object
Q. Since the shape contexts are distributions represented as
histograms, the cost of matching these two points is naturally
defined using χ2 distance as follows:
2
Kb  p

hi (k) − hqj (k)
N −1 1
.
(8)
C(p, q) = mini,j=1
2
hpi (k) + hqj (k)
k=1

N ×N

Then, the cost matrix C ∈ R
, whose entry C(i, j) denotes
the cost of matching points i and j, for matching objects P and
Q is constructed. Finally, the one-to-one matching between the
points on object P and the points on object Q is given by
M (π) = minπ

N
1 
C (i, π(i))
N i=1

(9)

where π is a permutation of {1, 2, . . . , N }. This is an instance
of the square assignment (or weighted bipartite matching) problem, which can be solved in O(N 3 ) time using the Hungarian
method [22]. In our experiments, we used the more efficient
algorithm proposed in [23].

Fig. 5. Flowchart of the object retrieval method.

Results With the Pairwise 3-D Shape Context: In Fig. 3, we
present visual examples of correspondences computed using
the pairwise 3-D shape context with rs = 0.3 m, θp = 0.2,
and Kb = 30. The pairwise 3-D shape context can provide
meaningful and correct matches for objects with missing parts,
or even different topologies. Thus, the proposed pairwise 3-D
shape context is suitable for partial object matching.
Comparison With the Single-Point 3-D Shape Context: To
compare the proposed pairwise 3-D shape context with other
local shape descriptors, we conducted several experiments
using the single-point 3-D shape context [24] to compute
correspondences (Fig. 4). By comparing the correspondences
in Fig. 4 with those in Fig. 3, we conclude that the proposed
pairwise 3-D shape context performs better than the singlepoint 3-D shape context in partial object matching.
B. Object Retrieval
Fig. 5 shows the flowchart of the proposed object retrieval
method. The point clouds are first preprocessed by filtering
out the ground points and segmenting the off-ground points
into clustered objects [25]. N (e.g., N = 20) points are then
sampled from each object. After the pairwise 3-D shape context
is constructed with rs = 0.3 m, θp = 0.2, and Kb = 30, the
curvature for each sample point p is computed by
σp =

λ0
λ0 + λ1 + λ2

(10)

where λ0 , λ1 , and λ2 (λ0 ≤ λ1 ≤ λ2 ) are the eigenvalues
obtained by decomposing the covariance matrix of point p. The
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TABLE I
L IGHT P OLE R ETRIEVAL R ESULTS FOR L IGHT P OLE DATA S ETS

TABLE II
T REE R ETRIEVAL R ESULTS FOR T REE DATA S ETS

Fig. 6. Illustration of prototypes for six different data sets.

Fig. 8.

Part of Dataset-6: (a) Raw point cloud and (b) extracted trees.

Fig. 9.

(a) Photograph of the study area and (b) the point cloud coverage.

Fig. 7. Part of Dataset-3: (a) Raw point cloud and (b) extracted light poles.

covariance matrix of point p is constructed using the k nearest
neighbors (p1 , p2 , . . . , pk ) of p as follows:
1 
(pi − p) · (pi − p)T
k + 1 i=0
k

Cp =

(11)


where p0 = p and p = (1/(k + 1)) ki=0 pi is the centroid of
the k + 1 points. The objective function for measuring the
similarity and matching between objects P and Q is defined as
O(P, Q) = min
π

N
N
1 
1 
C (i, π(i)) +
|σpi − σqi |
N i=1
N i=1

Fig. 10. Retrieval results of light poles using (a) our proposed algorithm,
(b) the DoPP algorithm, and (c) the PCA-based algorithm.

even when partial missing or partial topological change exists,
and to achieve a good performance in 3-D object retrieval.

N N −1

+


1
min Hpi (j) − Hqm (n)1 .
N (N − 1) i=1 j=1 m,n

(12)

The first part in (12) corresponds to (9), the second part serves
to measure the local similarity between two objects, and the
last part aims to measure the global similarity between two
objects.
Table I shows the light pole retrieval results obtained from the
three selected data sets with different light pole types, shown in
Fig. 6(a)–(c). In Table I, “Size” denotes the size of the data set
in gigabytes, “Clean” denotes the number of light poles without
any attachments (e.g., traffic signs and advertising boards), “Attachment” denotes the number of light poles with attachments,
“Total” denotes the total number of light poles, and “Rate”
denotes the light pole retrieval rate. Fig. 7 presents a part of the
raw point cloud from Dataset-3 along with the extracted light
poles. Table II presents the tree retrieval results for the three selected data sets with different tree types, shown in Fig. 6(d)–(f).
Fig. 8 shows a part of the raw point cloud from Dataset-6
along with the extracted trees. Based on these results, we can
conclude that the proposed pairwise 3-D shape context is able
to model and distinguish the geometric structure of a shape,

C. Comparative Study
To further demonstrate the efficiency and correctness of the
proposed algorithm in 3-D object retrieval, a study was carried
out to compare the performance of our proposed algorithm with
those of the Density of Projected Points (DoPP) algorithm [26]
and the Principal Component Analysis (PCA) based algorithm
[27] on light pole retrieval. Fig. 9 presents a photograph of the
study area along with the point cloud coverage of this area.
Fig. 10 shows the better retrieval results of the light poles using
our proposed algorithm [Fig. 10(a)] over the other two existing
algorithms [Fig. 10(b) and (c)].
IV. C ONCLUSION
This letter has presented a novel pairwise 3-D shape context
for modeling the geometric structure of a shape in a typical
urban street scene. The results obtained from six MLS data
sets demonstrate that the pairwise 3-D shape context has the
capabilities to describe the local topology of a point and to
model the global geometric structure of a shape. By using
histogram descriptors, the pairwise 3-D shape context has the

YU et al.: PAIRWISE 3-D SHAPE CONTEXT FOR PARTIAL OBJECT MATCHING AND RETRIEVAL

properties of invariance to scale, invariance to orientation, and
partial insensitivity to topological changes. The results also
show that the pairwise 3-D shape context can match more homologous points and achieve better performance in 3-D object
retrieval. A comparative study demonstrates that our proposed
algorithm achieved the highest correctness and efficiency over
the other two existing algorithms. However, due to the pairwise
scheme, the construction of the pairwise 3-D shape context is
slower than that of the single-point-based 3-D shape context. In
practice, parallel computing and multithread techniques may be
used to speed up processing and further improve the efficiency
of 3-D object retrieval from big point cloud data.
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