A Comparison of Relative Position Descriptors for
3D Objects

Andrew R. Buck, Derek T. Anderson James M. Keller, Robert H. Luke IlY, and Grant Scott
Electrical Engineering and Computer Science (EECS) Department, University of Missouri, Columbia, MO, USA
YUS Army DEVCOM C5ISR Center, Fort Belvoir, VA, USA
Email: f buckar, andersondt, kellerj, scottgf@missouri.edu, robert.h.luke2.civ@army.mil

_ Abstract—The spatial con guration of objects in a scene is of spatial reasoning applications [5], [6], [7], [8]. However,
Important to many appllcatlons. In partlpular, 3D environments a|though 3D versions exist [9], the HoF has not been used
constructed from point cloud observations are often used for \yiqe|y for 3D applications or with point cloud objects. This
navigation and planning with real-time requirements. In these be due to the added lexity of ting f .
settings, the ability to recognize and distinguish one set of objects may be ug 0 X e a, e Comp exity o cpmpu Ing forces In
from another may depend largely on how they are positioned 3D, or the inef ciencies that arise from being unable to treat
with respect to each other. In this article, we explore two dif- objects as solid volumes.

ferent approach_es for describing the relative_ spatial re_Iationship Large outdoor scenes can be captured dynamically by
between two objects represented as 3D points: the histogram of mobile sensing platforms such as unmanned aerial vehicles

forces, and a method using bounding boxes and fuzzy numbers. - . L
We use 2D axis-aligned projections of the objects to facilitate the (UAVs) or autonomous vehicles. Often in these applications,

computation of force histograms, and compare this approach to Processing power is limited due to the use of embedded
the bounding box and fuzzy number method. Our experiments hardware and real-time requirements. In these situations, it can

are performed on the NPM3D dataset, consisting of hand-labeled phe advantageous to represent scene objects using simpli ed
point cloud objects in an outdoor street-level environment. The oh asentations such as axis-aligned bounding boxes. In [10],
results highlight the strengths and weaknesses of each approach - - . :
and we discuss the most appropriate applications for both. the authors propose cpnstructmg a spatla}l relatlonghlp graph
(SRG) of a labeled point cloud dataset using bounding boxes
|. INTRODUCTION and fuzzy numbers. This allows a user to run a spatial query
How can the relative spatial arrangement of two objects the scene, such as “Find all objects that are close to me
be described? This question lies at the heart of many spatiad to the north.”
reasoning applications and guides the ways in which we desigrmAlthough bounding box representations can satisfy the
algorithms that can understand the physical world. Real-womgeds of many applications, their properties as relative position
environments can be captured as 3D point clouds usingdescriptors have not been fully compared to more established
LiDAR scanner or depth camera, representing the locationsroéthods, such as the histogram of forces. Following a brief
objects in the scene and resulting in a large volume of spatiiscussion of related work in Section Il, Section Ill discusses
data. As we seek to understand this data and construct spdt@al the commonly used 2D HoF methods can be applied
models, it becomes important to represent distinct objedts 3D point cloud objects by considering orthogonal 2D
and the ways in which they are positioned relative to eagojections, and how they can be used to compare the spatial
other. In this article, we investigate ways in which the spatia¢lationships between two pairs of 3D point cloud objects.
relationship between two 3D point clouds can be describedMe then introduce a descriptor based on bounding boxes
Throughout this work, we consider the concept of a static Section IV and de ne several different ways to compute
3D object that occupies some position in space and has sospatial similarity. In Section V, we evaluate and compare these
nite, non-zero volume. We represent such an object as a setméthods on simple 2D examples, and then examine how they
3D points, typically captured from some physical sensor orperform on real-world data in Section VI. Section VII con-
simulated depth image at a single moment in time. The poirgiides with a discussion on the differences between methods
represent a portion of the object's visible surface and may ordyd how they can best be used in practice.
cover a limited part of the entire underlying object. In these
situations, the full extent of the object may be unknown and
the spatial relationships that exist between objects need to bén this work, we are mainly concerned with spatial rela-
capable of handling such uncertainty. tionships involvingdistanceanddirection Another commonly
There are several established methods for computing spatiaéd concept, particularly in the area of spatial databases and
relationships between 2D objects, some of which have be@iS, is that of topological relationships [11]. In these systems,
extended to 3D [1]. The histogram of forces (HoF) [2], [3]the representation of imprecise boundaries is important and
[4] is one such approach that has been broadly adopted by #mel queries often ask the degree to which such objects
community and has several desirable properties. It is a robugersect. See [12] for a recent survey of fuzzy approaches
and informative descriptor that has been applied in a varigty this area.

Il. RELATED WORK
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Fig. 1. Two examples of object pairs represented as 3D point clouds. (a) shows a person standing near an information sign and (b) shows two other signs in
a similar spatial con guration. For each pair, we consider the red object as the referent and the blue object as the argument. Each object is projected into 2D
along the three principle axes. Bounding boxes are shown for each object.

Fuzzy sets have also long been used to model spatiilboth theFy and F, histograms, we continue to use both
relationships in image processing applications [13]. Usually and Fo, as they capture different properties for non-
restricted to 2D domains, these approaches can be usedntersecting objects.
evaluate relationships such as above, beside, near, surroundsiost of the existing work done with the HoF focuses on 2D
between, etc. The histogram of forces is one such method &njects. While some methods have been explored to adapt the
describing relative position that we explore in this work.  HoF to 3D [9], the 2D implementations are much more mature.
Furthermore, we use the raster-based implementations of these
methods as they are easier to generalize than the vector-based
A. Force Histograms approaches. The next section explains how we prepare a 3D

The histogram of forces is a well-established means Bgint cloud object as a set of raster image projections along
capturing the spatial relationship between two objects. 1@e principle axes.
compute a force histogram, each angles considered and
the stre_ngth of_ the proposition .“Obje@t is in direction B. Axis-Aligned Projections
from objectB” is evaluated. Various types of forces can be
computed depending on how the distance between objects i¥Ve use a point cloud representation for 3D objects as a
used. Two commonly used histograms are those of constamdtter of practicality. As an example, we consider the NPM3D
and gravitational forces. The histogram of constant forcestaset [15], which consists of a large 3D point cloud with
(Fo) is independent of the distance between objects and théeled objects in an outdoor urban environment. Qebe
histogram of gravitational force$§) is biased toward nearby an object consisting of a set of poin(g;y;z) in R3. The
areas. points can be projected along any of the three axes to give

In cases where the objects overlap, the distahbetween projections in the XY, XZ, and YZ planes. See Fig. 1 for
objects is reduced to zero. This can cause issues for thw® examples of point cloud object pairs from the NPM3D
histogram of gravitational forces, which useslad® term. dataset and their 2D projections. The projected points can be
To accommodate this, a histogram of hybrid forces wakiscretized into binary raster images with a xed pixel size
proposed [2], [14] that acts as a blending of both Fageand as shown in Fig. 2. Here, we use the red and blue channels
F, histograms, being equivalent 16, at far distances andto show the two object images. By choosing an appropriate
resorting toFg when the objects overlap. We refer to thigixel size for the given point density (we use 5 cm for our
hybrid histogram a$o, and use it in place of, throughout experiments), the projected 2D images are made to capture the
this work. Although theFg, histogram incorporates elementobjects' shapes as seen from looking down each axis.

Ill. HISTOGRAMS OFFORCES
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Fig. 3. The HoF relative position descriptors (HoF-RPDs) for the object
pairs in Fig.1. TheFg and Fo2 histograms are computed for each of the
three projected images in Fig. 2. The histograms from pair (a) are shown
in orange and those from pair (b) are shown in green. The horizontal axis
shows the angle in degrees, and the vertical scales of each histogram are
normalized to aid in visual comparison.

often encounter overlapping objects in the 2D projections, we
choose to use the hybrid histogram over the histogram of
(b) gravitational forces, which can lead to unpredictable results
Fig. 2. The projected points from the examples in Fig. 1a (a) and Fig. When objects overlap. The histograms from both pairs are
(b) are discretized into three raster images representing the XY, XZ, and }fﬁotted on the same axes and normalized to aid in visual
planes. comparison.
Since we are interested in the spatial relationships betwe%h Force H|stogrf31m Similarity o
objects, projections are done in pairs. To build the projectedWe now consider how to evaluate the similarity of two
images for a given pair of objects, the image bounds aftoF-RPDs. The HoF provides a rich fegture desc_rlptor that
set to cover the extents of both objects. This can lead tot@Ptures much of the nuance between different object shapes
compact image if the objects are nearby, but may result qwd pqsitions. In general, however, we would like to compute a
large (mostly empty) images if the objects are far apart. ThiMilarity measureSuor (A; B; A% B9 2 [0; 1] that represents
is done to facilitate the computation of the force histogramB0W similar the object pairgA;B) and (A% B9 are to each.
which require common image sizes for both objects. other. There are many ways this could be de ned, all with
For each of the three 2D projections, we compute both tH@riations on what aspects of the spatial relationship are most
histogram of constant force&4) and the histogram of hybrid Important.
forces Fqp) with an angular resolution o2 . This gives a In this work, we consider the following three histogram
total of six histograms, each being a 180-dimensional vect§imilarity measures used in [4],
We refer to this set of histograms as the HoF relative position . .
min hy();h2() |

descriptor (HoF-RPD), hi;hy))= P ; 2
ptor ( ) 1(h1;h2) max hi( ):ha() 2)
HoF-RPD(A;B) = 9 ) 0 0} . = P 1 2 .
FOAZB XY Fé'\ZB xz F(;-\ZB Yz p(hi;hy) =1 ha( )+ ha( ) ) 3)
where F{*® * is the histogram of constant forces computed P LOho()
from projectionk and likewise F;> * is the histogram of c(hi;hy) = fHDhi—zplF?hi—z; (4)
hybrid forces. i() 2()

The force histograms computed between each pair of objestisereh, andh, are force histograms and( ) is the value in
from each projection in Fig. 2 are shown in Fig. 3. The todirection . 1 is a Tversky index (Tanimoto coef cient),p
row of the gure shows the histograms of constant fordeg) ( is a Pappis' measure [16], and: is the normalized cross-
for each of the three projections, and the bottom row showsrrelation. All three methods produce values in the range
the histograms of hybrid force${,). Note that because we|[0;1] with O representing no similarity and 1 representing



TABLE |
FORCEHISTOGRAM SIMILARITIES

Fo Foz2
XY XZ YZ XY XZ YZ
T 0.236 0.201 0.722 0.016 0.207 0.868
0.381 0.334 0.839 0.031 0.343 0.929
c 0.548 0.859 0.948 0.482 0.899 0.989

o

TABLE I
OBJECTPAIR SIMILARITIES USING THEHOF-RPD
sV sX sY Smin Smean b

T | 0126 0.204 0.795 0.126  0.375 ()

p | 0.206 0.338 0.884 0.206 0.476 Fig. 4. 3D object pairs from Fig. 1a (a) and Fig. 1b (b) shown as AABBs and

c | 0515 0.879 0.968 0.515 0.787 their centroids. The pairs have each been translated to the origin to simplify the
presentation. (This does not change the relative position between the objects
in each pair.)

equivalence. The ¢ measure also has the property of being
independent to the scale of each histogram.

To compute an overall similarity score for two object ;- 14 X
pairs (A;B) and (A% B9, the histogram similarities for each M /\ /\
force type and projection need to be aggregated. Becat ° 5 ¢ y j o 0 - < 7
the histograms of constant and gravitational (hybrid) force Y
are considered to be of equal importance, their similarit ] H A
scores are averaged together. For a given histogram similar | . 7 RN S . ‘ : ‘
measure and projectiork, the similarity is computed as -0 -05 00 05 10 -1.0 -05 00 05 10

14 z 1 z
AB . A% AB . A%y ] A ] A
(aBactgy= 0 Fo " Foo "Fe * = 3% 5 3 & "% 2§ @ s
? SN @ ®)

Across the three projections, we then consider both the mifig. 5. Triangular Fuzzy Numbers (TFNs) for the object pairs shown in

i ig- 4a (a) and Fig. 4b (b). Along each axis, the difference TFN is shown as
mum and mean as two ways to aggregate the combined SCOF%%éen dashed line for (a) and an orange dashed line for (b). These difference

T.he. minimum provides a pessimistic view of the overaﬁFNs comprise the TFN-RPD and are computed by subtracting the position
similarity and the mean gives a more balanced approach. Otbiethe argument object (blue) from the referent (red).

methods such as the maximum or an OWA operator could be
used but are not considered here. Formally, we have
IV. BOUNDING BOX RELATIONS

Shor:min: (A;B;A%BY=min s ;% ;s¥Z . () A Triangular Fuzzy Number Descriptor

In [10], Buck et al. proposed a framework for constructing
a spatial relationship graph (SRG) over a labeled point cloud
dataset using bounding boxes and triangular fuzzy numbers
1 (TFENs). For each object in a scene, the set of 3D points
ShoF ;mean; (A;B;A%BY = 3 s + 8% +sY% 1 (7) comprising that object are reduced to an axis-aligned bounding
box (AABB) and a centroid. The relative position between
Taken with the three different histogram similarity meaobjects can then be computed by considering the extent of the
sures, a total of six different measures are de ned using tlject in each dimension as a TFN. Distance and directional
HoF to compare the spatial similarity of two object pairgjueries can be performed using this simpli ed representation,
Table | shows the histogram similarities computed for thésing the uncertainty associated with each TFN to guide the
HoF-RPDs in Fig. 3. Each row of the table reports a differeselection.
histogram similarity measure computed for each of the six Consider two objecté&. andB, each comprised of a set of
histogram pairs. Table Il shows the averaged similarities f8D points. We denote the AABB oA with two new points,
each projection and the two overall similarity measures. Weyin andAnax . Likewise, the AABB ofB is given byB min
note that for this single example, the range of similaritgnd Bnax . The centroids of both objects are given Byean
scores varies from 0.126 uSiM8or min: ; t0 0.787 using and Bnean. AS an example, see Fig. 4, which shows the
SHoF :mean: ¢ - AABBs and centroids for the example object pairs in Fig. 1.

and



X TABLE Il
11 OBJECTPAIR SIMILARITIES USING THETFN-RPD
fo SINGLE-AXIS METHODS

Y sX sY s? Smin Smean
1+ max 0.358 0.990 0.988 0.358 0.778
lou 0.053 0.846 0.717 0.053 0.539
ol W pp | 0507 0.920 0.855 0.507 0.761
-10 -05 00 05 1.0

1) Single-Axis MethodsThe TFN-RPDs for the example
0l =N objects in Fig. 4 are shown again in Fig. 6, this time plotted

- 0 g ¢ on the same axes. The ranges of the TFNs indicate the relative
Fig. 6. TFN-RPDs for the object pairs in Fig. 4 plotted on the same anSO_SItlon of the argument object from the r.eferent along each
to aid in comparison. Similar membership functions indicate similar spatig@iS- If the two TFN-RPDs overlap, there is some agreement
con gurations. that they share a similar spatial con guration. We can measure
this by de ning a similarity measure between two TFNs. We
consider the following three methods in this work.

Max: In this method, the similarity max IS de ned as
the maximum of the minimum of the two membership
values taken over all real numbers as in [10]. If the TEN
memberships are de ned asp (x) andmpo(x), then

The location ofA andB along each of the three axes, (
y, and z) can be expressed as the TFNg, Ay, A, and
By, By, B;. Each TFN spans the range of the object (min to
max) with the peak at the object's centroid (see Fig. 5). The
difference betweeA andB along any of the three axes can be
computed by subtracting the TFN in that dimensioBofrom max (D;D%Y =max min mp(x);mpo(x) : (12)
that of A. The result is a new set of three TFNs that de ne the Xx2R
“vector” D representing the minimum, maximum, and average loU: This method de nes the similarity oy as the

displacements of a point from within the bounds Afsuch intersection over union of the areas of the two TFNs
that it would end insidd8 . Here, the average displacementis  as though they were (potentially) overlapping triangles.
the vector between the object centroids, i.e. frAfean t0 Compared to the Max method, the loU considers the full
Bmean- Formally, we have width of the membership function and not just a single

point of intersection. Given two TFN® and D the
similarity is de ned as

Dx = Bx A (8) .
Dy=By A © w(@:09= 2221 (13
D,=B, A,: (10) J

PD: Here, the similarity pp is de ned as the percent
We call this set of three difference TFNs the TFN relative  difference between the endpoints and centers of the two

position descriptor (TFN-RPD) for the objectsandB, TFNs. If there is no overlap between the two membership
functions, the previous two methods will give a similarity
TEN-RPD( A;B) = (Dy;Dy;D;): (112) of zero, whereas this approach measures how much one

_ _ _ .. TFN would need to be scaled as a fraction of the total
Fig. 5 shows the TFNs that describe the object pairs in support width in order to match the other TFN. The

Fig. 4. For each pair, and along each axis, the TFN for object  gistance is then inverted to become a similarity measure
A (the referent) is shown in red and the TFN for objBc{the in the range(0;1]. If the two TFNs are de ned as

argument) is shown in blue. The TFN of the difference vector p - (dy;dp; ds) andDO= (d2; d3; d9), then
D is shown as a dashed line and indicates the TFN that results

from computingB  A. The difference vectors (TFN-RPD) jdi - d9

from (a) are shown in green and the ones from (b) are shown PD(D;D ) = . d3 dp+dd d‘f; oK
in orange. =1
B. Bounding Box Relation Similarity po (D:D 9 = (15)

To compare two object pairs using the TFN-RPD, we need 1+PD(D;D)
to de ne the similarity Stey (D; D9 2 [0;1], whereD and In the single-axis approach, the overall similarity between
D Care the difference TFNs as computed above. In this sectitwp TFN-RPDsD and D is computed by aggregating the
we discuss several different ways to de ne this measure us€BN similarities for each axis, similar to the HoF-RPD. Using
in the literature. First, we consider the similarity between thene of the above TFN similarity methods we consider both
TFNs directly for each axis. Then we present a method usitige minimum and the mean similarities to give the following
bounding box similarity measures. overall measures,



XY TABLE IV

4 OBJECTPAIR SIMILARITIES USING THETFN-RPD
31 BOUNDING BOX METHODS
5]
14 SXY SX SY Shin Smean SSD
N B ou | 0157 0.123 0.637 0.123 0.306 | 0.119
g Gou | 0.526 0.542 0.797 0.526  0.622 | 0.484
N po | 0.486 0.467 0.796 0.467 0583 | 0.449
_3_
-1 -2 - —_—
x %1 A5 01 25 a the two boxe<C and subtracts the percentage of the hull
X covered from the loU score. The original GloU is in the
range[ 1;1], so we modify it to be in the rand®; 1] as
4 Yz 4 Xz follows,
’ ; 1 jp\ DY jCn(D[ DY |
21 2 . _ J jn J .
F— D;DY)= = = — +1 :
1] 1 ciou (DiDY = 3 jiD[ DY iCj
N 0+ » N 0 4 (18)
-1 -1 PD: The nal method is the samepp similarity as
2 = 21 before, only now applied in two or three dimensions.
:3 j Unlike the loU and GloU methods, the PD method

4-3-2-10 1 2 3 4 4-3-2-10 1 2 3 4 considers the centroid location as well as the bounding
v X box edges. For each a)is consider the TFNs along axis

. _ 0 L
Fig. 7. Plots of the TFN-RPDs from Fig. 6 in 3D space as bounding boxes ] as DJ and Dl . Then the PD Slmllarlty IS CompUted

and centroids. The 2D views along each axis are also shown. using Eq. 14 as
1
pp(D;DY = P —o. (19
1+ j2fxyzg PD(DJ ) Djo)
Sten saimin; (D;D9)=min s¥;s¥;s* ;  (16) For the bounding box methods, the overall similarity be-

tween two TFN-RPD® andDPcan be computed as before,
by aggregating the similarities from each 2D projection, or
1 by considering the full 3D bounding boxes. The 2D methods
Sten samean; (D;D%= Z X + 8 + ¢% ; (17) more closely align with the way in which the HoF similarity
_ 3 is computed, whereas the 3D approach is more straightfor-
wheres' is the similarity between the TFNs on axisising ward. We have the following overall bounding box similarity
method . The similarity scores for the example in Fig. dmeasures,
using the single axis methods are shown in Table IlI.
2) Bounding Box MethodsAnother way to interpret the _ o Y X7 . N7 .
TEN-RPD is as its own bounding box and centroid in 3D STFN BB ;min; (D;D)=min &7 ;s* ;8% (20)
space. Fig. 7 shows the TFN-RPDs from Fig. 6 plotted as
bounding boxes, as well as projections along each axis. One 1
limitation of the single-axis methods is that they do not directly Sten BB :mean: (D;D %= = XY + %% +s¥2 ; (21)
account for the interactions between axes. By considering 2D
bounding box projections or the full 3D bounding boxes, the®d
correlations can be captured more completely. We consider the . vz
following three bounding box comparison methods, which can Sten Besap; (D;D9) = s '

be applied in both 2D and 3D. wheresX is the similarity between the bounding boxes using
loU: This method computes the intersection over uniohe axes ink and method . The similarity scores for the
(loU) metric of the two bounding boxes asu . Given example in Fig. 4 using the bounding box methods are shown
two TFN bounding boxe® and D the similarity is in Table IV.
de ned as the same as before with Eq. 13, except now
using only the membership function endpoints as bound- V. COMPARISON IN2D
ing box coordinates rather than the triangular membershipHaving de ned several measures for evaluating the similar-
function itself. ity of two spatial relationships using both force histograms and
GloU: This method uses the generalized loU to computsounding box methods, we now consider ways to compare the
the similarity measuregjou , as described in [17]. Since different approaches. We start by examining how the measures
the loU gives a similarity of zero if the two boxes ddbehave on simple 2D objects. Fig. 8 and Fig. 9 show two
not overlap, the GloU considers also the convex hull @xample cases using at square objects of uniform weight.

and

wl

(22)
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Fig. 8. (a) A referent and argument pair of 2D objects to compare. The I€fig. 9. (a) A referent and argument pair of 2D objects to compare. The left
plot shows a static pair of objects andB to be used as the referent spatialplot shows a static pair of objects andB to be used as the referent spatial
relationship. The right plot showa® and several variations d° (b), (c) relationship. The right plot showA® and several variations d8° (b, c)
Similarity scores between the referent and argument spatial relationshipsSasilarity scores between the referent and argument spatial relationships as
B 0 shifts down and to the right (changes from dark blue to yellow). B 0 shifts farther to the right (changes from dark blue to yellow).

In both examples, a pair of objects is de ned as the referemethod, which highlights the point at which the x-axis TFN
relationship and we evaluate the similarity of this object paito longer contributes to the similarity.
to an argument relationship where one of the objects moves.The second example in Fig. 9a shows a similar analysis, this
Consider rst the example in Fig. 8a. Here the refereritme with the objects moving only along the x-axis. Here, the
relationship has two objectsd and B, with B positioned two objectsA andB are adjacent in the referent pose, &1
aboveA. The argument relationship has objeét8 and B®, moves away fronA°in the argument. Fig. 9b and Fig. 9¢ show
with A° being static and° moving from the top side oA° the similarity scores generally decreasinggfsmoves farther
down and to the right. A8° moves, it changes color in theaway. Of the HoF methods, the HoF-C method maintains a
gure from dark blue to yellow. Fig. 8b and Fig. 8c show thesigni cantly higher degree of similarity than the others, likely
similarity S(A;B;A%B9 for several different measures aglue to the implicit normalization of the histograms, which
B shifts in position. The scores all begin &for the perfect reduces sensitivity to distance. The TFEN-BB-loU, TFN-SA-
match between the two pairs wheB is directly aboveA® Min-Max, and TFN-SA-Min-loU methods have all reached
and decrease @° moves to the lower right (becomes moregero similarity by the halfway point, demonstrating the re-
yellow). In Fig. 8b, three HoF similarity measures and thregrictiveness of these approaches.
TFN bounding box measures are shown. All HoOF measures
and the TFN-BB-loU method have decreased to a similarity VI. 3D EXPERIMENTS
of 0 by the middle position oB °, whereas the other two TFN- The HoF-RPD and TFN-RPD features introduced in the
BB methods continue to have non-zero similarity even in thigrevious sections are ways to capture the spatial relationships
quite different con guration. Fig. 8c shows the TFN singlebetween two 3D point cloud objects. We have de ned several
axis similarity measures for this example. All methods excepimilarity measures that can be applied to the descriptors to
PD have been reduced to zero by the nal positiorBd Of assess how similar one pair of objects is to another spatially.
note is the sharp in ection point of the TFN-SA-Mean-Maxn total, 21 different methods have been described, each



HoF-Min-T HoF-Mean-T TFN-SA-Min-Max TFN-SA-Mean-Max TFN-BB-Min-loU TFN-BB-Mean-loU TFN-BB-3D-loU

HoF-Min-P HoF-Mean-P TFEN-SA-Min-loU TFN-SA-Mean-loU TFN-BB-Min-GloU TFN-BB-Mean-GloU TFN-BB-3D-GloU
HoF-Min-C HoF-Mean-C TFN-SA-Min-PD  TFN-SA-Mean-PD  TFN-BB-Min-PD  TFN-BB-Mean-PD TFN-BB-3D-PD

Fig. 10. Similarity matrices computed for 202 object pairs from the NPM3D dataset. Each matrix shown uses a different method to compute the similarity
between two pairs of 3D point cloud objects. All images are scaled to the fangp

1 during rasterizaton. The resulting subgraph contains 202 object
pairs, each consisting of a referent and argument 3D point
cloud such as the ones in Fig. 1.

e For every pair of graph edges (two object pairs), we com-

pute the similarity score using each of the methods described

above and produce a similarity matrix (Fig. 10). The matrices
retain the original ordering of the pairs, so patterns can be
observed between them. While it is dif cult to draw any
meaningful conclusions from these matrices alone, we can get

a sense of how restrictive each method is at assigning simi-

larity. For example, the TEN-SA-Mean-PD method generally

assigns high similarity scores, whereas the HoF-Min-T method
is much more likely to give low scores.
We next look at how consistent the methods are at iden-

o  tifying the same set of similar object pairs. For any pair of
methods(i;j ) and object pair indek, we identify the top 5
matches (other thak) using each method. Leé¥l be the
set of 5 object pairs that most closely match object pair
according to method, and likewiseMj, the set of 5 pairs

Fig. 11. Similarity matrix between all 21 methods of computing spatiédccording to methogl. We de ne the method similarity as
similarities between object pairs.
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producing a similarityS. In this section, we compare these
methods on the NPM3D hand-labeled point cloud dataset [1§1d (i:j ) represents the average Jaccard index between the top

We begin by computing a spatial relationship graph (SRG) matches of methods and j over all object pairs. The
over a portion of the data using the approach described similarity matrix for all methods is shown in Fig. 11. From
[10]. We then extract a subgraph containing only edges whehiés we see that there is general agreement within the HoF and
the maximum distance between objects is less than 5 metdiBN methods, but a clear difference between these two broad

This ensures that projected images maintain a reasonable s&&egories of approaches.



@)

(b)
Fig. 12. Top matches (decreasing left to right) for the referent object pair from Fig. 1a using the HoF-Min-T (a) and TFN-BB-3D-PD (b) methods.

(@)

(b)
Fig. 13. Top matches (decreasing left to right) for the referent object pair from Fig. 1b using the HoF-Min-T (a) and TFN-BB-3D-PD (b) methods.

Lastly, we look at a few examples in detail to gain a better VII. CONCLUSION
understanding of how two of the methods compare in practice.
Fig. 12 shows the top 6 matches for the object pair in Fig. 1aThe relative position between two 3D point cloud objects
using the HoF-Min-T and TFN-BB-3D-PD methods. (The togan be captured in a variety of ways, each with its own
match is always an identical match.) The HoF-Min-T methoget of strengths and weaknesses. The HoF-RPD and TFN-
was chosen as a representative of the HoF approaches foRRD features described above and the various methods to
sensitivity to the distance between objects and the TFN-BBompare them all share the fundamental quality of being able
3D-PD method was chosen to demonstrate the full capabilities describe the spatial relationship between two objects and
of the 3D bounding box TFN-RPD. Not counting the togvaluate the similarity of that relationship to another pair of
identical match, 2 of the 5 object pairs are common to botijects. This is a critical component of many spatial reasoning
methods. We note that the reference object pair in Fig. @®plications, and depending on the problem specics, some
appears as the second best match using the TFN-BB-3D-Rpproaches may be better suited than others.
method, but does not appear in the top 5 matches of the HoFThe HoF-based methods as used here have several short-
Min-T method. comings in the context of evaluating spatial relationships

Fig. 13 shows another example using the object pair between 3D point clouds. Chie y among these is the current
Fig. 1b and the same two similarity methods. Again, 2 akquirement to rasterize the pair of objects into a common
the 5 top matching object pairs are common to both methodimiage space, limiting the distance at which the force his-
In this case, the reference objects from Fig. 12 appear as tograms can be computed. Objects that are very far apart
matches for both methods. may not actually have any computed angleghat intersect



both objects, resulting in an empty histogram. This issu@] P. Matsakis, “Relations spatiales structurelles et ingiion d'images,”
could be mitigated by using a vector-based HoF method or by Ph.D. dissertation, IRIT, Universite Paul Sabatier, Toulouse, France,

. . . . . 1998.
increasing the histogram resolution. Another strategy might b@] P. Matsakis and L. Wendling, “A new way to represent the relative

to utilize a 3D-based HoF method directly, or one speci cally  position between areal object$EEE Transactions on Pattern Analysis
adapted for point clouds. and Machine Intelligencevol. 21, no. 7, pp. 634-643, Jul. 1999.

. . . . [4] P. Matsakis, J. Keller, O. Sjahputera, and J. Marjamaa, “The use of
The dif CUIty n applylng the HoF methods at Iong distances force histograms for af ne-invariant relative position descriptidiEEE

suggests that they may not be well-suited for applications Transactions on Pattern Analysis and Machine Intelligenee!. 26,
where this is the main type of spatial relationship. As objects no. 1, pp. 1-18, Jan. 2004.

farth t th lati hib bet th b [rSé P. Matsakis, J. Keller, L. Wendling, J. Marjamaa, and O. Sjahputera,
move farther apart, the relauonship between them can be mo “Linguistic description of relative positions in imagesEZEE Transac-

closely modeled as a single crisp vector, and the more complex tions on Systems, Man, and Cybernetics, Part B (Cyberngtios)31,
spatial features become less relevant. In these contexts, tirle no. 4, pp. 573-588, Aug. 2001.
a

TEN-b d thod iat th M. Skubic, D. Perzanowski, S. Blisard, A. Schultz, W. Adams, M. Buga-
-based methods seem more appropriate as they m jska, and D. Brock, “Spatial language for human-robot dialotSEE

direct use of this directional vector. In particular, methods that Transactions on Systems, Man, and Cybernetics, Part C (Applications
do not rely on overlapping sets, such as the GloU and PD_and Reviews)vol. 34, no. 2, pp. 154-167, May 2004.

hod b b I . in th bi [gi O. Sjahputera and J. M. Keller, “Scene matching using F-histogram-
methods, can be more robust to small variances in the obje based features with possibilistic C-means optimizatiéuzzy Sets and

positions. Systemsvol. 158, no. 3, pp. 253-269, Feb. 2007.
Although the TEN methods are not as descriptive as thl A. R. Buck, J. M. Keller, and M. Skubic, "A memetic algorithm for

. . . e . matching spatial con gurations with the histograms of forcd&EE
HoF methods, they can still be quite useful for |dent|fy|ng Transactions on Evolutionary Computatjorol. 17, no. 4, pp. 588-604,

and characterizing general relationships between objects. By Aug. 2013.
utiIizing the centroids of the point clouds, the PD method id9] J. Ni, P. Matsakis, and L. Wawrzyniak, “Quantitative representation of

. . the relative position between 3D Objects,’Pnoceedings of the Fourth
most capable of the TFN methods at capturing the underlylng IASTED International Conference on Visualization, Imaging, and Image

spatial distribution of the objects. Furthermore, the full 3D  Processing2004.
bounding box methods seem to be most appropriate to uselffj A R.Buck, D.T. Anderson, J. M. Keller, R. H. Luke, and G. Scott, A
t | th . . d t id fuzzy spatial relationship graph for point clouds using bounding boxes,”
mgs Cajes'i uniess there IS a speci c need 10 CONSIGer axes j, »021 |EEE International Conference on Fuzzy Systems (FUZZ-IEEE)
independently. Jul. 2021, pp. 1-8.
It should be noted that we have not explored the notion 8&1 X T_ang_, “Spatial object modeling in fuzzy_topological spaces: With
. . . . . applications to land cover change,” Ph.D. dissertation, ITC, Enschede,
rotation and scale invariance in the present work. Such issues 1. Netherlands. 2004.
are often critical aspects of spatial reasoning systems gmgl A. C. Carniel and M. Schneider, “A Survey of Fuzzy Approaches in
depend on the ability to normalize and compare descriptors Spatial Data Science,” ia021 IEEE International Conference on Fuzzy
. . Systems (FUZZ-IEEE) Luxembourg, Luxembourg: IEEE, Jul. 2021,
in a common frame of reference. Several strategies have been 5" ¢’
employed for the histogram of forces [18], however the negtk] I. Bloch, “Fuzzy spatial relationships for image processing and inter-
for normalization remains application dependent. O e o Image and Vision Computingol. 23, no. 2, pp.
. ip - . . . — , Fen. .
Slmpllfymg an object tQ 'FS AAB_B introduces empty Spa(?%_4] O. Sjahputera, “Object registration in scene matching based on spa-
that is not part of the original object. The use of the point " tial relationships,” Ph.D. dissertation, University of Missouri-Columbia,
cloud centroid is an attempt to mitigate this effect, but other_ 2004.

h h iented b di b hi hﬁlSdi X. Roynard, J.-E. Deschaud, and F. Goulette, “Paris-Lille-3D: A large
approaches such as oriente ounading _oxes or a hierarchical g high-quality ground truth urban point cloud dataset for automatic
method could also be used. AABBs are inherently dependent segmentation and classi catiorgXiv:1712.00032 [cs, stat]Apr. 2018.
on the frame of reference, and the impact of choosing &®] C. P. Pappis ‘an‘d N I. Karacapilidis, “A comparative assessment of
iate f il b | d in fut K measures of similarity of fuzzy valuesiuzzy Sets and Systersl. 56,
appropriate frame will be explored in future work. . no. 2, pp. 171-174, Jun. 1993,
In conclusion, while the HoF methods are best suited f@r7] H. Rezato ghi, N. Tsoi, J. Gwak, A. Sadeghian, I. Reid, and S. Savarese,
cases where objects are relatively close together and consist “Generalized intersection over union: A metric and a loss for bounding
f intricat h details that dtob tured. the TEN box regression,” i2019 IEEE/CVF Conference on Computer Vision and
of Intricate shape detalls that need o be captured, the TFN  pagern Recognition (CVPR)Long Beach, CA, USA: IEEE, Jun. 2019,
methods can provide an alternative approach that may be easier pp. 658-666.
to implement and more appropriate for use cases where Shﬁ-ﬁb M Jazouli, J. Wads_worth, and P. Matsakis, “Normallzatlon of the
discriminati is | . tant th lati it Both histogram of forces,” ifProceedings of the 8th International Conference
Iscriminaton 1S 1ess impor an an relative p.OSI on. bBo . on Pattern Recognition Applications and Methods Prague, Czech
approaches have qualities that make them desirable to use in Republic: SCITEPRESS - Science and Technology Publications, 2019,
certain situations, and many variations on how they can be PP 630-639.
applied. Ultimately, the utility of a relative position descriptor
is dependent on the problem domain and the application
requirements, and subjective analysis can make any one of

these strategies a good solution.
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