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ABSTRACT

We present a novel approach, Super Ray, for efficiently updating point clouds to occupancy map represen-
tations such as grids and octrees. In this paper, we define a super ray for points as a representative ray to them
with an associated frustum. A super ray is constructed in a way that updating those points has the same set of
cells accessed during the map update process. As a result, we can perform the update process with a super ray in
a single traversal on the map, resulting in performance improvement without compromising any accuracy of the
map. For constructing super rays efficiently, we propose mapping lines for handling 2-D and 3-D cases from an
observation that edges or grid points branch out the access pattern of updating the map. Our method is general
enough to be applied for variety of occupancy map structures based on axis-aligned space subdivisions such as
grid and octrees. We test our method into indoor and outdoor benchmarks, and achieve 2.5 times on average (up

to 3.5 times) performance improvement over the state-of-the-art update method for OctoMap and grid maps.
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Chapter 1. INTRODUCTION

Many robotic systems use various sensor data for understanding their environments. Point clouds have been
known as an effective representation of the environment around robots, and are easily captured in recently emerg-
ing, inexpensive consumer-level depth sensors (e.g., Kinect and Xtion). The point clouds are represented by a
large amount of points representing geometric information of environments in high resolution, yet with various
levels of sensor noise. In applications such as path planning or SLAM, it is difficult to use such point clouds
directly because of the sheer amount of generated data itself as well as the noise.

To address these issues, various occupancy map representations such as grids [2]] and octrees [1]] have been
proposed to represent point clouds, for reducing the memory requirement and considering uncertainty of point
clouds. Recent applications use such map representations to achieve higher performance for their goals. For
example, path planning algorithms use an occupancy map representing free or occupied states in each cell for
efficiently finding a collision free path instead of accessing large and uncertain point clouds.

Unfortunately, constructing such occupancy maps out of point clouds can take a high computation overhead,
especially when we use a high resolution for the map to achieve a high accuracy, it can take a huge amount of
time for traversing and updating the map. On the other hand, when we use a lower resolution for the map, we
can achieve a high performance, but comes with a low accuracy, which may result in serious problems for various

robotic operations such as motion planning.

Main contributions In this paper, we present a novel, efficient map update method based on super rays, while
achieving high performance without compromising map accuracy at all. Especially, we propose to use super
rays of points as our main update method for maps. A super ray is a representative ray for set of points, and is
constructed in a way that updating those points in the map traverses the same set of cells and can be processed
together. To construct such super rays given input points, we propose to use a mapping line for updating 2-D maps
(Sec.[4.T)), and generalize it to 3-D maps such as grids and octrees (Sec. [#.3).

To demonstrate benefits of our method, we test it with indoor and outdoor scenes (Fig. for two different
occupancy map representations: grids and OctoMap. We found that our method is robust enough to show im-
provement, up to 3.5 times improvement, across a diverse set of configurations over the prior, exact Bresenham
update (Sec.[5). These results are achieved mainly thanks to identifying coherent updates on maps and processing

them in a single traversal with a super ray.



(a) Indoor dataset (b) Outdoor dataset

Figure 1.1: These figures visualize map representations for two public datasets [1]. a) Blue and green cubes
represent occupied and free spaces, respectively. b) We use heat colors to represent relative heights for visualizing

the dataset.



Chapter 2. RELATED WORK

In this section, we discuss prior work on map representations modeling environments and their updating

methods.

2.1 Map Representations

Point clouds is one of the most common sensor data that are captured by a depth sensor or a laser range
finder. Point clouds themselves can serve as a map representation for the environment under the study. Recently,
many cheap consumer-level depth sensors become available. Some of recent work use point clouds as the first
citizen and apply them directly to applications (e.g., collision detection [3]). Nonetheless, point clouds can have
excessive amount of points especially for large-scale scenes, and more severely it can have inherent sensor noise.
Due to these issues, many prior approaches [4} 5] convert point clouds to other representations (e.g., triangular
meshes) in order to process them in a simple and efficient way.

In robotics, one of popular representations is the grid map [6, [2] approximating point clouds. While this grid
map is proposed early, it has certain limitations. Its main drawback is that it requires a tremendous size of memory,
when we handle large-scale outdoor environments or require high resolutions for accurate representations.

Tree-based representations such as quad-tree maps in 2-D and octree maps in 3-D have been studied in order
to overcome the problems. The octree map divides a 3-D space into 8 sub-spaces that have the same volume, and
represents a space with a cell having an occupancy state. When all the children cells have the same state, this map
results in a compact representation than the grid map.

Thanks to this useful property, tree-based representations have been used for modeling environments [7} [8].
Payeur et al. [9]] suggested to augment octrees with probabilistic occupancy states for considering sensor noise. Re-
cently, Wurm et al. [[1]] adopted unknown states for representing regions occluded by obstacles. Coenen et al. [10]
considered the unknown state as the region with a high probability having collision. Many applications such as
navigation [[11] and point cloud compression [12] have been developed based on this octree map representation.

In this paper, we assume that a robotic application uses grid or octree based occupancy map representations
to deal with point clouds efficiently. For such applications, we develop an accurate, yet efficient update method

for these maps.

2.2 Real-Time Updates for Point Clouds

When we have a point from a sensor, it means that we do not have any collisions from the sensor origin to the
point. We need to reflect this information on grid or octree based occupancy map representations. This process
can be very slow, especially when we have many points in large-scale environments and applications requiring
high-resolution maps.

A useful approach to accelerate the speed of updating point clouds is to decide an adequate resolution of an
octree based map representation, instead of updating the full resolution of the octree map. Along these lines, dif-
ferent methods have been proposed for using various resolutions depending on objects [[13] or statistics of updated
states of each cell [14]. While it uses adaptive resolutions, its performance can vary depending on parameters

related to the resolutions, and the updated maps can be significantly different from the original results.

_3_



In graphics literature, various techniques traversing grids have been studied for ray tracing, a specialized
form of collision detection [15} [16]]. Recent occupancy map representation, OctoMap [1]], uses the Bresenham
algorithm [15] as an exact method to update point clouds to the map. Wald et al. [[17] proposed a method to
traverse a grid with coherent rays. This work packetizes rays traversing similar space in the grid to reduce the
number of intersection tests used for ray tracing. This work is neither designed for our occupancy maps, nor is
applicable to our work. Nonetheless, we are inspired by this approach, and propose super rays to our problem.

Voxel filtering of PCL [18]] is used frequently to accelerate speed of processing point clouds in the robotics
literature. This method decreases the processing time by reducing the number of points using voxels, while
sacrificing the accuracy of maps in the same sprite of using adaptive resolutions. Departing from these prior
approaches, our method maintains the original accuracy of occupancy maps and improves the overall update

performance by utilizing coherence of updating maps with point clouds.



Chapter 3. Overview

We give backgrounds on occupancy maps and give an overview of our method.

3.1 Backgrounds on Occupancy Maps

Point clouds consist of points captured by a depth sensor or laser range finder. When a point is reported by
the sensor, it implies that the space between the sensor origin and the point is empty. As a result, we associate a
ray with the point starting from the sensor origin. Thus, the problem can be transformed into map traversal along
the ray from the sensor origin toward the reported end point.

Such a ray provides two kinds of state information about space under the study: occupied and free states.
The end point of the ray has the occupied state, since the sensor reports some objects on that particular point.
On the other hand, other space that the ray passes through has the free state. This information is critical for
various applications such as motion planning. As a result, it is very important to construct a map representation
accommodating this information acquired from sensors.

Unfortunately, data captured by sensors accommodates various levels of noise. To consider such noise, map
representations commonly use an occupancy probability, instead of simple boolean occupancy states of occupied
or free. The occupancy probability, P(n|z;.), represents the occupancy state of a cell, n, given sensor measure-
ments, z1.;, from the initial time step 1 to the current time step ¢, and can be modeled by the Bayes rule [19] as

follows:

pnlziz—1)  pnlz-1)

PnZl: =1—-|1+
(n]z12) 1 —p(n|ziy-1) 1= p(n|z)

3.1)

For the fast update to the map representation, recent approaches use the log-odds notation [20, [1]], and the

prior equations are transformed into:

L(”|let) = L(”lzlzt—l) + L(I’l|Z;) (3.2)

where the inverse sensor model L(n|z) is defined as the following:

loce,  if the end point of a ray is in cell n,
L(n|z) =
lfree, if aTay passes through the cell n.

When a cell has an occupancy probability that has been accumulated over long time steps, a new input data
that conflicts with the current state of the cell cannot change the state immediately. This over-confidence problem
can occur frequently in dynamic environments. OctoMap [[1]] solves the problem by using a clamping policy that
limits the occupancy probability of a cell based on minimum and maximum state bounds: I, and /.. The state
of a cell limited by either one of those two bounds is considered to be fully free or fully occupied with a high

occupancy probability. Fig. shows an illustration of updating the octree map given point clouds.



-0.8 -0.8 -1.6 -1.6

_C.S/, _y'
-0.8 -1.6

-2.0% -2.0%* -2.0% -2.0*

/S

-2.0%* -2.0*

-2.0* -2.0*

Figure 3.1: Each figure represents occupancy probabilities of cells after updating each ray to the octree-based
occupancy map representation. In this example, we traverse the same set of cells for four different rays. The bold
numbers with * notation in cells indicate that those cells are classified into fully occupied or fully free state. The
blue ray in figure d) is an example of causing redundant computation, since it does not change any occupancy

probabilities of the traversed cells. In this figure, we use locc = 1.7, lpee = —0.8, lyqr = 3.5, and L, = —2.0.

3.2 Motivations

Occupancy maps such as octrees and grids have been widely used for various applications. We, however,
found that updating these maps can take a huge amount of computation time.

Furthermore, we have identified that the original update method for occupancy maps has redundant computa-
tions, because of the discrete nature of grid and octree representations. For example, Fig.[3.1|shows four different
rays traverse the same set of cells in the octree representation, while these rays have different end points. When we
update these rays one-by-one, redundant computations are made on traversal and updating through exactly same
set of cells, resulting in lower performance.

Additionally, certain rays do not contribute at all to cells whose occupancy probabilities are out of range of
the min and max bound values due to the clamping policy. These problems occur frequently because the original

update method does not consider the discrete nature of grid and octree representations.



3.3 Overview of Our Approach

To overcome these problems, we propose to use super rays and their update method for occupancy maps. We
define a super ray of points as a representative ray for rays generated for those points. The super ray is constructed
in a way that traversing those rays for updating the map requires to access the same set of cells in the map. We
then update the map by traversing those cells with the super ray only a single time, while considering the number
points associated with the super ray, thus removing redundant computation and achieving higher performance.

Our algorithm consists of three phases. We first propose a mapping line and explain how to use it for
generating super rays starting from a single, seed frustum containing all the points of a cell in the map (Sec. &.1).
We then identify which points in a cell have the same set of cells traversed for updating the map based on the
mapping line (Sec.[d.I). We also explain how to update cells that each super ray passes without compromising the
accuracy of maps (Sec. [d.4). We explain our concepts based on the 2-D case first and then expand it to the 3-D
case (Sec. [£3).

For the sake of simplicity, we explain our method based on the uniform grid as an occupancy map represen-
tation for point clouds. Our method, however, is easily applied to octrees, and results with grids and octrees are

reported in the result section.



Chapter 4. ALGORITHMS

In this section, we explain our approach in detail. This work was submitted to ICRA(IEEE International

Conference on Robotics and Automation) 2016.

4.1 Generating a Mapping Line

In general, point clouds are defined in the sensor coordinate system, while occupancy maps model them in
the world coordinate. Based on the assumption that we know the position and orientation for the sensor in the
world coordinate, we transform point clouds from the sensor coordinate to the world coordinate, and update them
on the map.

For each cell, ¢, in the map, we conceptually construct a seed frustum (and its associated super ray) starting
from the sensor origin to the cell box containing all the points in the cell ¢, the red box shown in Fig. a).
Starting from the seed frustum, we partition it into multiple ones, each of which accesses the same cells of the
map. To do this, we design our algorithm to access grid cells slice-by-slice, where a slice contains cells in a line
for the 2-D data. For this process, we pick an axis, i.e., X, Y, or Z axis, for computing such slices, and treat it as a
processing direction. Fig.[d.T|shows X as the processing direction and computed slices.

For identifying which points are mapped to the same super ray, we introduce a mapping line, which is a line
segment that overlaps between the cell ¢ and the slice containing the cell c. Fig. a) shows an initial mapping
line. Each segment of mapping line corresponds to one of the super rays, while we also use the terms of frustums
or super rays conceptually to explain our geometric concepts. The initial mapping line starts with a single line
segment representing a super ray, but can be broken into multiple segments corresponding to multiple super rays.

One key observation for updating the mapping line to represent different frustums is that the traversal patterns
of cells differ along grid points, when we consider cells slice-by-slice. Fig. b) shows a grid point, shown in the
red circle within the initial frustum. Given the grid point, the traversed cells differ, and thus we need to partition
the seed frustum into two different ones, resulting in two segments on the mapping line (Fig. b)). Based on
this observation, the key operations are how we efficiently compute grid points within the frustum.

Let out’ of i-th slice to denote the faraway line of the slice along the processing direction. Fig. b) shows
an example of out! for slice 1. We can then compute int,,;, and int,,, that are two intersection points of the seed
frustum for each i-th slice like the blue circles in Fig. [4.1]

Suppose that the first slice containing the sensor origin is slice 1 and the last slice containing point clouds is
slice N. Our algorithm of computing a mapping line works in an iterative manner from slice 1 to slice N — 1. To
compute grid points that differentiate the access pattern, we first compute two points int,,;, and int,, in out' of
each slice starting from slice 1. We then project all the grid points between int,,;, and int,,,, onto the mapping line.
Suppose that there are m grid points, g = { g1, g2, - , &m }- These grid points partition the current frustums into
m—+ 1 sub-frustums, resulting m + 1 corresponding segments on the mapping line. Each pair of two consecutive
elements in the mapping line implicitly defines a segment and its associated frustum (and its super ray). Note that
we can easily compute these grid points thanks to the discrete nature of occupancy maps, and compute segments
of the mapping line without using expensive sorting methods, resulting in a fast method. The pseudo code of

generating a mapping line for a cell is shown in Alg.
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Figure 4.1: This figure shows an example of updating a mapping line for a cell ¢. The red grid point g; in b)
divides the seed frustum into two sub-frustums, and its projected point generates two segments on the mapping
line. In c), two grid points in out? in the slice 2 also generates two more segments in the mapping line shown in
d).

Algorithm 1: BUILD MAPPING LINE
Input: Cp,,, a cell box in 2-D, O, a sensor origin in 2-D

Qutput: Mj;,., a mapping line
1 Myjye < InitMappingLine(Cpyy)
2 Sstice < InitSlices(O, Cppy)
3 for iin1:length(Syic.)— 1 do
4 g + ComputeGridPoints(Sice|i], Cpox)
5 for jin1:length(g) do

6 L /1 project onto mapping line without sorting M;,.insert(Projection(g;))

7 return My;,,




4.2 Generating Super Rays using the Mapping Line

After we computed the mapping line of each cell at the prior step, we use it for computing how many points
are assigned to each computed frustum. To perform this process, we traverse all the input points, project each of

them to the mapping line, and count how many points are assigned to each segment of the mapping line that maps

to a frustum (Fig. [4.2).

The points assigned to the same segment in the mapping line have the same access patterns in terms of cells
traversed to update the map. Therefore, we treat them to be in a super ray. Especially, we do not store all those

points, but store the first point (or any one of them) and the number of assigned points as a weight to the super ray.

We use this information associated with a super ray to efficiently update our occupancy map (Sec. [F.4).
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Figure 4.2: This figure shows how we compute three different super rays out of five points using the computed
mapping line. a) A new point maps to a new segment, and we treat it as a new super ray with a weight of one.

b) Another point maps to the prior segment, and we increase its weight to two. c¢) The new point maps to a new

segment and a new super ray is assigned to it. d) shows the final, three super rays with their weights.
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4.3 Extension to the 3-D Case

In this section, we explain how we extend our prior 2-D approach into handling 3-D points. Essentially, we
handle the 3-D cases by considering them in three different 2-D planes with their mapping lines.

Similar to the 2-D case, we first compute a bounding volume containing point clouds in the map representa-
tion. We also construct a seed frustum traversing to the volume, and then partition the frustum into sub-frustums,
each of which accesses the same set of cells.

The key observation for the 3-D case is that access patterns of cells differ along edges of cells. Fig. a)
shows that two rays access different cells since they are partitioned by the blue edge. In this case, the access pattern
of two rays differs from the blue grid point projected into the Y-Z plane. Based on this observation, we project
points into three different planes, Y-Z, Z-X, and X-Y planes, and check whether those points are partitioned by
grid points in those 2-D planes. As a result, we can solve the 3-D problem using our 2-D approach mentioned in
Sec. We compute each mapping line for each plane.

To generate super rays using three mapping lines, we project input points into each mapping line. When
points are assigned to the same segment in all of three mapping lines, those points have the same access patterns.
Similar to the 2-D case, we generate a super ray for those points. The pseudo code of generating super rays for a
cell in the 3-D case is shown in Alg.

A\ 4
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>

(a) An example of classifying two rays in 3-D (b) Mapping lines

Figure 4.3: This figure shows an example of generating super rays in the 3-D case. The rays access different cells,
since they are partitioned by the blue edge. This information can be identified by three different 2-D projections,

the Y-Z, Z-X, and X-Y projections shown on the right.
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Algorithm 2: GENERATE SUPER RAYS
Input: P, a set of points in a cell, O, a sensor origin

Output: Sy, a set of super rays
1 Cpox < ComputeCellBox(P)
2 My < BuildMappingLine(Cpoy(X,Y), O(X,Y))
3 My, < BuildMappingLine(Cpox(Y, Z), O(Y, Z))
4 My, + BuildMappingLine(Cpox(Z,X), O(Z, X))
5 Syay < GenerateSuperRays(My, My, M., P)

6 return S,

4.4 Updating Occupancy Map with Super Rays

To update occupancy maps with super rays, we use existing update methods proposed by the OctoMap [L1].
To determine cells needed for the update, we use the Bresenham algorithm [15]]. Because all the points in a super
ray access the same set of cells, we traverse and update those cells only a single traversal.

Since a super ray is generated for multiple points, we take account of the weight of the super ray w (the

number of contained points), and use the following, modified inverse sensor model:

wlyee,  if the end point of a super ray is in n.
L(n|z) =
Wlgree, if asuper ray passes through the cell.

It is then guaranteed that we achieve the same occupancy map to that computed by processing points individually

with multiple traversals.
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Chapter 5. RESULTS

We test our method and others on a machine that has 3.4GHz Intel i7-4770 CPU. For all the experiments,
we use two public datasets, indoor and outdoor datasets, used in OctoMap [1]]. The indoor dataset consists of 66
scans captured in a corridor, and the outdoor dataset consists of 81 scans captured in a campus (Fig. [L.I). Scans
of the indoor and outdoor datasets have point clouds consisting of 89,446 points and 247,817 points on average,

respectively.

Implementation detail. Our method of generating super rays has preprocessing cost induced by generating
super ray, while it is designed for efficient process. At the worst case, we attempt to generate super rays, but each
super ray can have only a single point, demonstrating only the overhead of our method without any benefits. We
can estimate such cases depending on two factors: the number of points in a cell and the geometric configuration
(e.g., distance and angle) between the sensor origin and the cell. Fortunately, we found that simply checking the
number of points in a cell works fine for our method.

Specifically, we use a threshold value, k, on the minimum number of points in a cell for generating super
rays. In other words, for a cell with points less than k, we process all the points individually by simply creating a
super ray per each point in the cell. For the rest of other cells, we apply our method. We tested different k values
in a range between 0 and 40, and found that 20 shows the best performance in practice. As a result, we report all
the results in this setting.

Table [5.1] shows the number of generated super rays as a function of the resolution. In the case of 0.6 m
resolution, our method groups on average 17.5 points (up to 43.1 points) and 3.4 points (up to 6.1 points) per
super ray in indoor and outdoor datasets, respectively. This high grouping ratio results in the dramatic decrease

for the number of cells traversed during the map updates in indoor and outdoor datasets.

5.1 Overall Performance

We compare overall performance of our super rays based method and the prior Bresenham algorithm based
method [[15]. The overall performance of our method includes both the generation time of super rays and update
time of the map with those super rays. In the following experiments, we use the Bresenham based update method
implemented in the OctoMap library [1]. We test these two different methods in OctoMap, the octree based
occupancy map, and GridMap, the grid based occupancy map. For the update methods, we use the same logOdds
values, l,cc = 0.85 and 7, = —0.4, for any kinds of rays (i.e., super and regular rays) to update cells, and the
same parameters, /,,;, = —2 and [, = 3.5, of the clamping policy adopted from OctoMap.

We measure all the computation time of generating super rays and updating cells for both indoor and outdoor
datasets with various resolutions, and report the average frame per second (FPS) computed with all the avail-
able scans. Fig. shows the average FPS of each tested method with two map representations, OctoMap and
GridMap. As can be seen, our method shows higher performance than the Bresenham algorithm in all the tested
configurations. Since improvements observed with OctoMap are similar to those with GridMap, we simply men-
tion the average improvement measured from OctoMap and GridMap in the text for simplicity. Detailed results
with generation time and update time are reported in Table

We achieve 2.5 times and 1.6 times faster performances on average compared to the prior Bresenham method

13-



# of Points Indoor [89,446] Outdoor [247,817]
Evaluation | # of Super Rays | # of Points / Super Ray | # of Super Rays | # of Points / Super Ray
0.2m 25064 3.6 150453 1.6
0.4m 10668 8.3 102076 24
0.6m 5106 17.5 72191 34
0.8m 3072 29.1 52906 4.7
1.0m 2073 43.1 40833 6.1

Table 5.1: This table shows the number of generated super rays with different resolutions.

with indoor and outdoor datasets, respectively. In the indoor dataset, our method shows from 1.6 to 3.2 times
higher performance over the prior method. In the outdoor dataset, our method shows better, but similar perfor-
mance to the prior method in a small resolution (e.g., 0.2 m), but shows up to 1.9 times higher performance in the
other tested resolutions.

To analyze reasons of achieving such overall performance improvements, we also measure the number of
cells traversed and accessed during the update process (Fig.[5.Z). As can be seen in the figure, our method reduces
the number of cells traversed across all the tested settings up to 20 times. As a result, it results in significant
decrease for the update time of our method.

Table [5.2] shows the separate times spent on generating super rays and updating with our method. Overall,
our method decreases the update time by a factor of 5.6 times on average, up to 20 times. The time spent on
generating super rays varies depending on the resolutions and datasets, while the overall performance of ours is
better than the prior one. For example with the indoor dataset consisting of 89 K points, our method spends about
16.6 ms to generate 25.1 K super rays from the 0.2 m resolution. As a result, we generate 1.51 K super rays per
ms, where each super ray has 3.6 points on average. On the other hand, our method spends 8.6 ms to generate
2.1 K super rays from 1 m resolution. This translates that we generate 0.24 K super rays per ms, where each super
ray has 43.1 points. This results in overall performance improvement thanks to a high decrease rate in the number

of cells traversed.
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5.2 Discussions

In theory, our method is an exact update method, which provides the same results to those computed by the
Bresenham update method. We also demonstrate numerically how well our method update occupancy probabilities
compared to the prior update method. For this purpose, we measure mean squared errors between our occupancy
map and the map updated by the prior method. We verify that the numerical errors turn out to be zero across all
the tested settings.

We use the simple threshold & to be 20 for efficiently checking whether it is beneficial to generate super rays
in a cell or not. Even without using this threshold, i.e. kK = 0, we achieve 1.9 times faster performance on average
compared to the prior Bresenham method with two datasets. Our method without using the threshold spends more

time on generating super rays, but less time on updating maps in general.

Indoor Dataset
Resolution 0.2m 0.4m 0.6m 0.8m 1.0m
. Proc. | Update Proc. | Update Proc. | Update Proc. | Update Proc. | Update
Evaluation | FPS FPS FPS FPS FPS
[ms] | [ms] [ms] | [ms] [ms] | [ms] [ms] | [ms] [ms] | [ms]
OctoMap + 137.6 76.3 55.6 46.2 41.1
7.3 0 1321 0 181 O 2171 0O 244 0
Bresenham (2195K) (1132K) (788K) (619K) (538K)
OctoMap + 67.7 20.2 8.2 4.3 2.5
12.1| 16.6 31.1| 12.6 55.2| 10.2 75.2| 9.2 90.5| 8.6
Ours (1260K) (373K) (160K) (88K) (52K)
GridMap + 74.0 43.0 329 28.3 25.8
13.6| 0O 2341 0 30.6| O 3541 0 38.8| 0
Bresenham (1531K) (826K) (576K) (448K) (392K)
GridMap + 32.1 9.3 3.6 1.9 1.2
21.0| 16.3 46.9 | 12.3 74.7| 9.9 91.8| 9.1 105.2| 84
Ours (739K) (205K) (80K) (40K) (23K)
Outdoor Dataset
Resolution 0.2m 0.4m 0.6m 0.8m 1.0m
) Proc. | Update Proc. | Update Proc. | Update Proc. | Update Proc. | Update
Evaluation | FPS FPS FPS FPS FPS
[ms] | [ms] [ms] | [ms] [ms] | [ms] [ms] | [ms] [ms] | [ms]
OctoMap + 1516.1 639.5 412.9 314.7 252.7
07| O 1.6 0 2.5 0 33 0 4.1 0
Bresenham (28.4M) (10.5M) (6.5M) (4.8M) (3.8M)
OctoMap + 1395.8 449.1 231.8 137.5 89.0
0.7 | 68.3 2.1 | 57.0 3.8 | 51.1 5.9 | 445 8.2 (413
Ours (26.5M) (8.3M) 4.2M) (2.5M) (1.6M)
GridMap + 783.1 321.6 207.7 162.1 136.1
141 0 33 0 5.1 0 6.5 0 7.7 0
Bresenham (12.7M) (6.5M) (4.4M) (3.4M) (2.8M)
GridMap + 708.3 211.9 100.8 61.3 39.8
14 | 65.9 4.0 | 57.7 7.1 | 50.2 10.2| 439 13.3| 40.2
Ours (11.0M) (4.6M) 2.5M) (1.5M) (1.0M)

Table 5.2: Overall time (FPS) including time spent on generating super rays (Proc.) and time spent on updating

maps (Update). The number within the parenthesis indicates the number of traversed cells.
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Chapter 6. CONCLUSION

We have proposed a novel update method for occupancy maps based on super rays. We construct a super
ray of points in a way that processing those contained points accesses the same set of cells in occupancy maps.
Specifically, we have proposed to use a mapping line for efficiently generating super rays, and extend it to handle
the 3-D case. We have applied our method into two different datasets and two different occupancy maps: octree
and grid based maps. Our method is robust enough to show consistent overall performance improvement across
all the tested configurations. This robust performance improvement is thanks to the fast super ray generation using
mapping lines and the drastically reduced number of cells traversed during the map update process.

There are many interesting future research directions. We currently used a simple threshold & not to generate
super rays on unpromising cells that do not have many points. We would like to design an optimized technique
on this aspect by considering the geometric configuration between the sensor origin and the cell under the update
process. We expect that this additional study can result in additional performance improvements, while keeping
the overhead of generating super rays low. Furthermore, we would like to extend our method to work well in

modern streaming architectures such as GPU for achieving real-time update performance in a rate of 30 ms.
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Summary

Super Ray based Updates for Occupancy Maps

I

o & QAT 110 ¥hge}r] 918 thddt A S ARE-ETh Point cloudsi 1 $3-&
iﬁ}% A B0l 2 ﬂﬁsﬂ 7)1kt J g AZ ek spA o] gl 1E1L AA o) 27} 4]
B9} e g Hopoll ] Ko
4] 8 rid T+= octree 71 Hho] H-fo] At
FAL ol YA H4HE AT Julo|Este Il g2

>
N
rr
N
rE
e fo
QM ot

—V'Lmz

=)
=
ku
Fo
:‘é

°
o,

w2

[}

g

o]

—

o

<«
rulm m
o T
1o,

ol
el

= i . Point cloudsZ -G o] ?aj

Y11, super ray S -G o] AHo|ESto 24 AH|0|E £ A 4 ol 2 Aol A A
Z.0 uf) | lutth Al 2 EE A-2 point cloudso]| A super ray= 241517 s, -G o] &
Sz pointZ} A1 4 Qi o1& Aolgith. 2 A7 A7kl oJ9) point7t H-5UL A
ZLol= s g o] EEtRiti= AFE S v O 2 point clouds 2 B superrayE 8402 A
7lg ¢l mapping line-2 A|tsttt. RE pointE mapping lined]| GJATA|Z O 24, G o] 7+ o
O] Eshe= point7] 2] 11, 0] & thHEsH= 5ht2] pointE super ray 2 A A 3Het. Super ray 2 Fo 21
o] AlFatd AR JEE dojH o] gfom F7to] M4 FHE-S AUl Est] 98, super rayZt G|
o Esti A SHEo] Foi7 pointe] A4k 71EAE Fol AulolETT B A7 A H e HEsl]
2% 22104 AAES shlata, o] 2 sldsly] o8-S 3xtd o g Sagto 24, 221 AT 3ol A BT

AHgol H5TE BolFglet

Rl 9L do ox
|
5 oL
o:

I mlo o o,

[}
-

fin}
o
m
_O,L (mo r_.d fin

z
[¢)

01

3

of
2> 18

7

—}

ol o fr 2@ 1o |m m ook

o2 fu flo
& ooy

e
i o

=
e.
;

3 =R AQkeh -2 point cloudso] YElolEs A AT B1ko] Hshe 48 FYORH,
71E B B ALY AAT B =S 9 ghon W 2.5 (FTh 3.50) ArlolE S8 Py
AR £ AT 954 FY5] glo) HEH 02 A dlole At ket 2] AP S
Ae B o 44 FFSAT. £ ATE A4 A FIEE 94 97 el A4WS At
$golol g 7550, Y ArlolE SEE S8 o] 452 AR 4 gk

_21 -



&AL 2

B o

ol o

or TR

oju

AL
10°

)
—_

<+
el
~a

o 214 0 2

=

5+

S

=k

AtEolA ©Rlo] 5]

=

-

sfof ot

9

=

=

A

.55]

ot=1l tiEslFE Pio, o]oF7]

T
=

0

el

i

i

ol . uj# Au] gL

THEA AR 71 & Ra2e eRlolwu, 413 714

9]

JJ
~
Ile]

TR

min

o] Floltt 1e)

T A== o4l SGLAB AHH 57

S}t
=

03
S

Z
S

o tot 21e)

O|

=

o]¢} o}l RA L HEW Ao W=7

Al A

j =

=

g}

5}

[e)

o, dez
A= Aol

8
3

el

78 A4} 34go) 5|

=
=

ol 4qlo]rL} gl so]

il
sl
.

~
1o°

e
jare]

=)

Thy

il

ToH

olop7| & FEsHe Eel,

Y.

<|n
™

_20



o] & A

5

on
o
<t
on
5}
__o_l
=z
0% B
o
<
~
Tor
i B
I
Q
= = E!
a3 Tor
o2 o
m B Q B
2T ¢ Kl
o i 4 mﬁ
s N umo m ,ml.._
;AL ,.DuL o_u %o X
d = = 5
m S F S o
CTRIRC IR S
an K- !
_ (ep]
mJ ‘© :
: S
o 20 N w Y

_]

—23_

2010. 3. —-2014. 2.
2010. 3. —2014. 2.



