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Abstract

In computer vision and robotics, point set registration is a fundamental issue used to estimate the relative position and
orientation (pose) of an object in an environment. In a rapidly changing scene, this method must be executed frequently
and in a timely manner, or the pose estimation becomes outdated. The point registration method is a computational
bottleneck of a vision-processing pipeline. For this reason, this paper focuses on speeding up a widely used point regis-
tration method, the iterative closest point (ICP) algorithm. In addition, the ICP algorithm is transformed into a massively
parallel algorithm and mapped onto a vector processor to realize a speedup of approximately an order of magnitude.

Finally, we provide algorithmic and run-time analysis.
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I. Introduction

Biological systems provide the ability for humans to rap-
idly process imagery, detect objects, and determine their
pose relative to the scene. These biological systems con-
tribute to a human’s perception. This process quickly hap-
pens, enabling humans to make responsive decisions in a
rapidly changing environment. In contrast, with respect to
robotics, self-driving vehicles, and autonomous systems,
these biological systems must be replaced by hardware
and software using computer vision. This process utilizes
image and vision-processing algorithms to enable these
inorganic systems to sense their surroundings in dynamic
environments.

Vision systems capture images of their environment
and generate sensed point clouds through feature detection
and stereo block matching' between multiple images.
These sensed points must then be processed to create a
semantic interpretation of an environment. Point registra-
tion? is the first step to create a semantic interpretation. It
enables the autonomous system to align these sensed
points with a known truth model. In this manner, the
autonomous system can classify the sensed object as well
as estimate its relative pose.

The human retina has a higher concentration of cells at
the center of the retina called the fovea.> Thus, humans
tend to focus on the center of their field of view, as more
detail provides more information for perception.

With computer vision systems, higher resolution images
provide a more accurate orientation of objects but conse-
quently an exponential computational growth based on pixel
density. Thus, processing times increase when the point set
registration method saturates or uses all available hardware
processors. This issue inhibits the autonomous system from
rapidly processing imagery and quickly making decisions or
actions on it. For this reason, either reducing the number of
sensed points or accelerating the point registration method is
required to achieve real-time object registration. However,
reducing the number of sensed points reduces the informa-
tion gained from the imagery, leading to a less accurate per-
ception of objects’ classification, position, and orientation.
This concept illuminates the value and the problem solved
by a parallel point set registration method. This paper
focuses on accelerating a point set registration method.

'Department of Electrical and Computer Engineering, Air Force Institute
of Technology, USA

2Department of Computer Science and Engineering, Wright State
University, USA

Corresponding author:

Ryan M Raettig, Department of Electrical and Computer Engineering, Air
Force Institute of Technology, 2950 Hobson Way, Wright-Patterson Air
Force Base (WPAFB), OH 45433-7765, USA.

Email: ryan.raettig@spaceforce.mil


https://doi.org/10.1177/15485129221150454
journals.sagepub.com/home/dms
http://crossmark.crossref.org/dialog/?doi=10.1177%2F15485129221150454&domain=pdf&date_stamp=2023-02-01

2 Journal of Defense Modeling and Simulation: Applications, Methodology, Technology 00(0)

One military application this research is pivotal in is
the United States Air Force (USAF) automated aerial
refueling (AAR) effort* AAR intends to supplement
USAF refueling missions, such as with the KC-46 aircraft,
by achieving the capability to control the boom and safely
refuel, independent of input from the boom operator.
Using the tanker’s stereo-vision cameras and a computer
vision processing pipeline, the receiving aircraft’s relative
pose can be estimated. From this information, the tanker’s
boom can be safely moved into the receiver’s refueling
receptacle. ICP has shown the required accuracy to sup-
port USAF refueling operations.

This paper makes the following contributions:

1. The point set registration method of the iterative
closest point (ICP)’ algorithm, using Previous
Nearest Neighbor Optimized Delaunay Walk
(PNNOFPT) nearest neighbor,’ is transformed from a
serial algorithm to a massively parallel algorithm
that executes efficiently on a vector processor such
as a graphics processing unit (GPU).

2. Using this, we empirically quantify over a 25 x
speedup on point clouds of realistic sizes.

3. The parallel algorithm is shown implemented in
Compute Unified Device Architecture (CUDA) on
an NVIDIA RTX 3080 (10 GB) GPU.

4. Finally, the parallel algorithm is analyzed and theo-
retical and real run times are compared.

The paper’s subsequent parts are arranged as follows.
Related work presents a literature review of related works
to accelerating the ICP algorithm. Methodology presents
the definition of the accelerated ICP algorithm, target par-
allel platform, decomposition of the algorithm, optimiza-
tion, analysis of the algorithm, and experiments. Results
presents the performance and accuracy of our algorithm.
Finally, the paper finishes with a conclusion and future
work of this research.

2. Related work
2.1. ICP algorithm

The ICP algorithm registers a sensed three-dimensional
(3D) point cloud onto a reference truth 3D point cloud. It
can be used to align a plethora of shapes approximated as
point sets. Besl and McKay” discusses the parameters to
which the ICP algorithm can be applied: ““(1) sets of
points, (2) sets of line segments, (3) sets of parametric
curves, (4) sets of implicit curves, (5) sets of triangles, (6)
sets of parametric surfaces, and (7) sets of implicit sur-
faces.” Besl refers to P as the point set the ICP algorithm
is attempting to align. In real environments, P inherently
is generated from a sensor, for example, a high-definition

a.  Compute the closest points: Y, = C( Py, X) {cost:
O(N,N.) worst case, 0( N, log N,) average).

b. Compute the registration: (gi,dr) = Q(Fo, ¥i)
(cost: O(Ny)).

c. Apply the registration: Priq = ¢r(FPp) (cost:
O(Np)).

d. Terminate the iteration when the change in mean-
square error falls below a preset threshold 7 > 0
specifying the desired precision of the registration:
dp — dps1 < 1.

Figure |. Steps in each ICP iteration directly from Besl’s paper
A Method for Registration of 3-D Shapes.®

camera. To align P, ICP must have prior knowledge of the
known truth model. Besl refers to this truth point set as X.
In this manner, the ICP algorithm aligns P onto X.

The following list explains the ICP algorithm from the
study by Besl and McKay.’

1. The first step is to compute nearest neighbor corre-
spondences between P and X and assign the corre-
spondences to Y.

2. The second step is to compute the registration or the
rotation and translation that transforms P onto X.

3. The last step is to apply the registration to P and
calculate the error between P and X.

4. If the error is lower than a set threshold, the algo-
rithm exits returning the rotation and translation.
Otherwise, the algorithm iterates again to increase
the accuracy of the rotation and translation to mini-
mize this error.

Figure 1 shows these steps from the study by Besl and
McKay.5

The accelerated ICP algorithm described in this paper
is based on the “‘classic” point-to-point ICP algorithm by
Besl. The point-to-point approach has not only shown
increased accuracy but also increased processing time
because of the nearest neighbor search task.” Point-to-pro-
jection® is an approach that eliminates this task but gives a
less accurate pose estimation.’ Point—to—(tangent)-plane9 is
the most accurate approach but most computationally
expensive.” In this approach, both the nearest neighbor
correspondences and the intersection surface are required
to be computed.” To execute nearest neighbor'® correspon-
dences, the following approaches can be applied: brute
force,!! k-d tree,'> Delaunay traversal,®!> or a number
of alternative variations. Presented in this paper, the paral-
lel mapping and optimization strategies can be deployed
regardless of the preferred ICP variation or nearest neigh-
bor approach.
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2.2. Accelerated point set registration

2.2.1. Parallel ICP. Langis et al.'® implemented a parallel
ICP algorithm in a parent—child model.'” The parent pro-
cess spawns children processes to compute nearest neigh-
bor correspondences. The children report these
correspondences to the parent. The parent then calculates
the rotation and translation based on these correspon-
dences and applies the rotation and translation to P. The
following is Langis explaining the parallel iterations:
“Each child concurrently computes the correspondences
between points in Ir, and the points of /.. The resulting
correspondences are then sent back to the parent
process.”161f and [, represent the sensed and truth model
in this example. The parent process becomes the bottle-
neck in this model with potentially many children attempt-
ing to report concurrently.

2.2.2. GPU point-cloud registration. Rahman et al.'® imple-
mented a fast GPU point-cloud registration algorithm
mapped into four blocks on the GPU. In this example, a
block is a separate process mapped on the GPU. The first
block finds the centers of mass of the point clouds. The
second block transforms the point clouds to the origin.
The third block executes the singular value decomposition
(SVD)" technique. The fourth block finds the rotation and
translation.

In contrast to Rahman’s algorithm based on SVD to
align two point clouds, the implementation presented in
this paper utilizes Besl’s ICP algorithm.

2.2.3. Expectation-maximization ICP. Tamaki et al.?® imple-
mented an accelerated ICP algorithm implemented in
CUDA. The algorithm was based on soft assign nearest
neighbor correspondence and called Expectation-
Maximization (EM)-ICP.*! Through this, an estimation of
nearest neighbor correspondence was assigned. Based on
these estimated correspondences, an estimated rotation
and translation were calculated. In contrast, the accelerated
ICP algorithm in this paper computes exact nearest neigh-
bor correspondence and thus returns a rotation and transla-
tion transformation with increased accuracy.

2.3 CUDA and GPUs

GPUs were originally made for computer graphics pro-
cessing to concurrently execute vertex and pixel pipelines.
Thus, GPUs have many cores for processing. For this rea-
son, developers aimed to utilize these cores for not just
graphics, but also general-purpose computing. NVIDIA
introduced CUDA for developers to do just that through
one application programming interface (API).

NVIDIA released the first version of CUDA, 1.0, on 23
June 2007.%* CUDA presents a Single-Instruction, Multiple-

Thread (SIMT)'” model to the GPU. CUDA is specifically
designed for NVIDIA GPU architectures.”” As of writing
this paper, the current version of CUDA is 11.0. As
NVIDIA GPU architectures advanced, various features have
been added to CUDA. The compute capability of an
NVIDIA architecture correlates to the supported features of
CUDA on said architecture.”?

Oden** goes over an interesting discussion of Python
packages that use C-CUDA and Numba-CUDA for GPU
implementations. In every practical sense, the CUDA pre-
sented in this paper is C-CUDA. Oden explains that using
Python for GPU implementations is not a preferable ave-
nue for performance because the user is limited to pre-
compiled libraries. However, Oden does go over metrics
that show C-CUDA libraries are faster than Numba-
CUDA libraries. Oden shows C-CUDA Python packages
reaching 85% performance and Numba-CUDA Python
packages reaching 50% performance.?* With this in mind,
in an accelerated ICP implementation, using the low-level
C-CUDA programming language directly yields the best
performance increases because the most control is given to
the user. For these reasons, CUDA will be used in this
research to implement an accelerated ICP algorithm.

3. Methodology
3.1. Definition of algorithm

The goal of this research is to accelerate the ICP algorithm
through parallelism to quickly align sensed points to a
known reference model via a rotation and translation that
minimizes the error between these sets. Thus, the steps in
Figure 1 are parallelized by the accelerated ICP algorithm.
Figure 2 shows the task dependency graph.'” Figure 3
shows the task interaction graph.'” This graph shows pri-
vatization will be an effective optimization strategy by
replicating data and reducing data contention among tasks.

The accelerated ICP algorithm must execute sequentially
through adjacent tasks in the solid red loop in Figure 2. This
solid red loop represents the critical path of the accelerated
ICP algorithm. In this way, the critical path is the combina-
tion of the critical paths of each ordered task. Supertasks 2
and 3, that is, Calculate Centers of Mass and Calculate X,
respectively, may be executed in parallel, but supertask 3,
that is, Calculate X,y is in the critical path. Excluding tasks
with reductions, the critical path within each task is similar.
In tasks with reductions, the critical path is log, (), which is
the number of steps or levels in the reduction.

For the remainder of the paper, the following symbols
and rules are used: X is the reference or truth model, P,
represents the original sensed points, Py, is the k th itera-
tion of the registration applied to Py, Y is the list of nearest
neighbors or correspondences of P, and X. The sets: X,
Py, Py, and Y contain 3 x 1 column vectors of 3D points.



4 Journal of Defense Modeling and Simulation: Applications, Methodology, Technology 00(0)

1. Find P Error > Threshold

Correspondences|

7. Calculate Error

T
:
1
Y \ 4

2. Calculate

3. Calculate %2
Centers of Mass px

6. Apply R and £

(=== =

5.1 Find
5.2 Calculate R
Eigenvalues and | Supertask 5 7
4. Calculate Q Eigenvectors - and ¢
>

Figure 2. Task dependency graph of accelerated ICP steps
from Figure | with critical path in solid red.
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Figure 3. Task interaction graph of accelerated ICP supertasks
from Figure | with supertask 5 consolidated.

Ypx 18 a cross-covariance matrix generated between P
and Y. Q is a 4 x 4 symmetric matrix from which the unit
eigenvector corresponding to the maximum eigenvalue
represents the axis of rotation. Matrices are column-major
and indexed by a (row, column) subscript in the algo-
rithms. Finally, the optimal rotation and translation are
represented by R and 7, respectively.

In the sections and ideas that follow, the accelerated
ICP algorithm has been implemented via CUDA. A
CUDA core is the processing unit and a CUDA thread is
the processing context. Throughout the paper, we will be
referencing and describing the mapping of CUDA threads
inside of tasks.

3.2. Target parallel platform

As stated previously in the Introduction section, the target
parallel platform in this research is an NVIDIA RTX 3080
GPU. This is compared against the target platform for the
serial implementation of ICP, which is a machine with an
Intel Xeon central processing unit (CPU) with 3.10 GHz
clock speed and 128 GB of RAM.

The NVIDIA RTX 3080 GPU has 8704 CUDA cores
and delivers up to 29.8 teraflops.”> The RTX 3080 has a
core clock speed of 1440 MHz and a memory clock speed
of 1188 MHz. The memory size is 10 GB and memory
bandwidth is 760.3 GB/s.*® The RTX 3080 has an
NVIDIA Ampere architecture with a compute capability
of 8.0.”

The control structure used through CUDA is the Single
Program Multiple Threads (SPMT).>> CUDA version 11.0
is used in this accelerated ICP algorithm implementation.?
In this manner, one program is compiled and run on the
GPU, but each CUDA core has a specific control sequence
mapped to it by the program. CUDA cores in the same
block can communicate via shared memory. CUDA cores
in different blocks communicate via global memory.

The accelerated ICP algorithm employs the data-
parallel model.'” The tasks are decomposed and mapped
in such a way to take advantage of data-parallelism at the
thread level inside CUDA kernels on the GPU. Each task
takes advantage of block distributions of the data into the
thread blocks, increasing the locality of interaction within
the thread block and splitting the computation between
threads. The CPU-GPU CUDA setup is a representation
of a manager—worker setup. Here, the CPU is the manager
and the GPU is the worker. In this setup, multiple GPUs
could potentially be added as workers. However, in this
research, only a single GPU is leveraged.

3.3. Algorithm decomposition and mapping

The data decomposition technique'” is used throughout the
accelerated ICP algorithm. The nature of CUDA enables
for a very fine-grain task decomposition. For this reason,
the granularity of the decomposition leverages any possi-
ble parallelism in the algorithm among threads.

3.3.1. Decomposition. The following list contains the super-
tasks from the decomposition of the accelerated ICP
algorithm.

Find correspondences

Calculate centers of mass

Calculate Xpx

Calculate Q

(5.1) Find eigenvalues and eigenvectors and (5.2)
Calculate R and 7

R S
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Each Thread %
Executing Task ¢ in Supertask 1. Find Correspondences

X > Find point
in X
closest to
Py [1]

— Y[i]

Y

P[4]

Figure 4. Task interaction graph of supertask |—Find

correspondences—outlined in Algorithm |.

Algorithm |. Supertask |. Find Correspondences pseudo
code.

I: functionNEAREsTNEIGHBOR (Pili], X, Y]i])
2 dpin = max (float)

3 j=—1

4 counter =0

5: for each xe X do
6 if squaredDistance(x,Pg[i]) < dmin then
7

8

j=counter
: dpmin = squaredDistance(x,Py[i])
9: end if
10: counter = counter + |
Il: end for
12: Y[i] = X[j]

13: end function

Algorithm 2. Supertask 2. Calculate centers of mass of Py and
Y pseudo code.

I: functionCenTEROFMass(C, 1)

>cC
2 ==
IC|
3: end function
4: CenterOfMass(Po,/Lpg)

5: CenterOfMass(Y,iLy)

6. ApplyRand?
7. Calculate error

Supertask 1. Find correspondences.

This is the first supertask in the algorithm and it computes
the nearest neighbor matches between the sensed points
and the reference model. Algorithm 1 shows the pseudo-
code for each thread. Squared Euclidean distance is used
to eliminate the expensive computational requirement of a
square root. Each thread i inputs X and P and assigns Y[i]
to the point in X closest to Pg[i]. In this manner, a thread
is launched for each member in Py.

In real environments, P; can vary from a couple of 100
points to 1000s of points. The number of points depends
on sensor configuration and the accuracy required. The

A B

l |

Generic Reduction Example
Task 1 Task 2 Task 3 Task 4
F(A0], Bl0]) F(A[1], B[1]) F(A[2), B[2]) F(A[3], BI3])
(«\[OY\‘/CD] Cﬁ\‘/v[?’]
Task 5 Task 6
f(clo], C)) f(C[2,C3))
Cfd Cls)
Task 7
f(C14], CP5))

O«

Figure 5. This shows the task interaction graph of a generic
reduction of two arrays with four elements. Specific to the
supertask, the function is common among all inner tasks. This
example can be expanded to imply the task interaction graph
for supertask 2—Calculate centers of mass, and the reduction
portion of supertask 7—Calculate error. This is outlined in
Algorithms 2 and 7.

accelerated ICP implementation has been tested on point
cloud sizes from 4k to 63k and typically executes less than
30 iterations to achieve an error under 1 x 10~ °. Figure 4
shows the task interaction graph for tasks inside supertask
1—Find Correspondences. Because this is a one-to-one
mapping, this supertask has a degree of concurrency of the
number of sensed points.

Supertask 2. Calculate centers of mass.

This step maps to the beginning of Besl’s “Compute the
registration.”> This step computes the estimated rotation
(R) and translation (7) between the sensed points and the
reference model. The centers of mass of Y and P, are cal-
culated in this supertask. Algorithm 2 shows the pseudo
code for this supertask. In this example, wy is the center of
mass of ¥ and pp, is the center of mass of Py. This super-
task consists of two all-to-one reductions. Figure 5 shows
the task interaction graph of a single reduction for tasks
inside supertask 2—Calculate centers of mass. Because
this is a binary tree reduction, this supertask has a maxi-
mum degree of concurrency of half the number of sensed
points. However, this supertask has an average degree of
concurrency of the number of threads active throughout
the binary tree reduction divided by the number of levels
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Each Thread ¢ Executing Task % in
Supertask 3. Calculate 3ix

P —

Task 7 ———————> intermediateli]

Y[i] ———— >

— ¥ ST

Reduction of intermediate pr arrays

Figure 6. Task interaction graph of each task in supertask 3—
Calculate Xpx—a | to | map and then a reduction for each of
the nine values in the X, matrix used in Algorithm 3.

Algorithm 3. Supertask: 3. Calculate X, pseudo code.

I: function DoT_X,x(Po, Y, Zpx)
2 F=1I3

3 for each x,y € Py,Y do

4. B=x-y

5: F=F+B

6 end for

7 F

[Pol

8: end function

Tpx =

in the tree. Let n be the number of sensed points. The aver-
d £ . 2n—1

age degree of concurrency is ———.

ge ded Y log,(n) + 1

Supertask 3. Calculate Xpy.

In this supertask, Xpx, a 3 x 3 matrix, is generated from
the point correspondences. Algorithm 3 shows the pseudo
code to calculate Xpx. In this algorithm, I3 represents a
3 x 3 identity matrix. Figure 6 demonstrates the first step
of this supertask is a one-to-one map in which each thread
computes a dot product. The degree of concurrency of the
map is the number of sensed points. In the final portion of
this supertask, summing the dot products is an all-to-one
binary tree reduction. As stated previously, if # is the num-
ber of sensed points, the average degree of concurrency
for this supertask is &
log,(n)+ 1

Supertask 4. Calculate Q.

This supertask generates Q, a 4 x 4 matrix, from which R
and 7 will be calculated. Algorithm 4 shows the pseudo-
code for supertask 4—Calculate Q. The centers of mass
and Xpx were calculated in the previous two supertasks.
Figure 10 shows the task interaction graph for the tasks

Algorithm 4. Supertask 4. Calculate Q pseudo code.

I: function Calc_Q(Zpx, tpos My, Q)
2: M= ppo - iy
3: D=X,x—M
4 E=D"
5: A=D-E
6: A=lay3a3,a,]
7: tracep =tr(D)
8 S=D+E
9 S|,1 =S),| — tracep
0 S22 =$22 — tracep
| §33 =S33 — tracep
tracep A, A, Az

12: Q= Ay sy Si2 Si3
Ay s S22 23
A3 s3) S32 $33

13: end function

within supertask 4—Calculate Q. The maximum degree
of concurrency for this supertask is 16.

Supertask 5. Find eigenvalues and eigenvectors and cal-
culate R and 7.

In this supertask, R and 7 are calculated based on the eigen-
values and eigenvectors of Q and both point clouds’ cen-
ters of mass. Q was generated in the previous supertask,
and the centers of mass were calculated in supertask 2—
Calculate centers of mass. After finding the eigenvalues
and eigenvectors of Q in supertask 5.1, that is, Find eigen-
values and eigenvectors, the eigenvector corresponding to
the maximum eigenvalue is assigned to the quaternion g.
From this quaternion, supertask 5.2—Calculate R and 7—
builds R and 7. Figure 7 shows the supertask interaction
graph for the tasks within supertask 5. Find eigenvalues
and eigenvectors and calculate R and 7. Algorithm 5
shows the pseudo code for this supertask. The maximum
degree of concurrency for this supertask is again 16.

Supertask 6. Apply R and 7.

This supertask applies the estimated rotation and transla-
tion to the sensed points. Algorithm 6 shows the pseudo
code for this supertask. Py is assigned with the points from
Py with R and 7 applied. Figure 8 shows the task interac-
tion graph for the tasks within supertask 6—Apply R and
7. Because this is a one-to-one mapping, the degree of con-
currency for this supertask is the number of sensed points.

Supertask 7. Calculate error.

This is the final supertask that calculates the error between
Py and X. Algorithm 7 shows the pseudo code for this
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Algorithm 5. Supertask 5. Find eigenvalues and eigenvectors
and calculate R and f pseudo code.

I: function CaLc_RT(Q, ipo, ity> R, D)

2 W = eigenValues(Q), V = eigenVectors(Q)
3 j=0

4; Wimax = WI0]

5: Jmax = 0

6: for each value e W do

7 if value > wpo then

8 Wmax = value

9: jmax =]
10: end if
I: j=j+1
12: end for
13: 9=V [jmax
14: q = normalize(q)
15: R = rotationFromQuaternion(q)

l6:  t=uy —R-po
17: end function

Task 1
(Statement 2)

l

Task 2
(Satements 3-14)

// \ (Statement 15)
Task 3 Task 4 Task 11
Create R Create R |  =roseees Create R
T /
W N ¢ (Statement 16)
Task 12 Task 13 Task 14
Create t Create © Create ©

Figure 7. Task interaction graph of supertask 5—Find
eigenvalues and eigenvectors and calculate R and t—outlined in
Algorithm 5.

Algorithm 6. Supertask 6. Apply R and t pseudo code.

function Arpiy_RT(Py, R, T, Py)

l:

2 for each py.p, € Po.P« do
3: pc=R-po+7t

4 end for

5: end function

Each Thread 7 Executing Task  in
Supertask 6. Apply R and t

Pli] — ]

R Task 7

{f —

— P [z]

Figure 8. Task interaction graph of supertask 6—Apply R and
t—outlined in Algorithm 6.

Algorithm 7. Supertask 7. Calculate error pseudo code.

I: function CaLc_ERrOR (Px, Y, erroryy,s)
2: errorm,s =0
3: for each p,.,y € P;,Y do
4: IOl s = rrofms + | (P — y)|2
5: end for
€rrofms
6
7:

P

€rrofms =

end function

Each Thread 7 Executing Task  in
Supertask 7. Calculate Error

Task 2

intermediate[]

— v N T~

Reduction of intermediate error array

Figure 9. Task interaction graph of supertask 7—Calculate
error—outlined in Algorithm 7.

supertask. Figure 9 shows the task interaction graph for
the tasks within supertask 7—Calculate error. First, the
one-to-one mapping portion of this supertask has a degree
of concurrency of the number of sensed points. Second,
the average degree of concurrency of the binary tree reduc-

tion portion of this supertask is again with n

n—
log,(n) + 1
as the number of sensed points.

The ICP algorithm then iterates through this process
until error is lower than a set threshold. The user sets the
error threshold to a desired value. The larger the error
threshold, the algorithm converges with a lower number of
iterations and returns a less accurate estimated pose. The
smaller the error threshold, the algorithm converges with a
higher number of iterations, but typically yields a pose of
increased accuracy.

3.3.2 Mapping. Each supertask is statically mapped with
respect to mapping the ICP algorithm onto the GPU with
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read time of X for each thread. Loading X into shared
memory requires each thread to interact and synchronize
after loading X from global to shared memory. This pro-
cess reduces the contention on global memory banks and
minimizes the size of global data exchange. Finally, this
organization completely eliminates interaction between

threads and idleness within threads.
Supertask 2. Calculate centers of mass.

This supertask is statically mapped to a reduction kernel,
launching with § threads. This calculates a single center of
mass. This kernel is executed twice and the instances can
be run in parallel to calculate the centers of mass of Py and
Y. However, the center of mass of P is only calculated on
the first (k=0 th) iteration of the accelerated ICP algo-
rithm. In this kernel, threads in each block reduce the data
associated with that thread block to a block sum. Then,
each block sum is summed and the final sum is divided by
the number of elements of the array. This task leverages a
block distribution and the utilization of shared memory.

Supertask 3. Calculate Xp.

Figure 10. Task interaction graph of supertask 4—Calculate
Q—with the critical path in solid red outlined in Algorithm 4.

CUDA. The ICP algorithm is inherently decomposed to
reduce thread interaction and idleness within supertasks.

This supertask is first statically mapped to a kernel,
launched with n threads. Each thread calculates each dot
product of the P; and Y pair. This is then stored in nine
intermediate arrays. These intermediate arrays are summed
in reduction kernels launched with § threads, which can be
run in parallel. These are then averaged into X,,. This
mapping substantially reduces interaction and idleness

between threads in the supertask.

Supertask 4. Calculate Q.

This supertask is statically mapped to a kernel that spawns
16 warps of 32 threads. To differentiate the execution of
statements, the kernel contains multiple branch statements.
However, this introduces the problem of branch diver-
gence among threads in the same warp.?’ To fix this prob-
lem, each statement that can be executed in parallel is
assigned to a warp that executes independently with an
independent instruction scheduler. In addition, threads use
shared memory to interact. In Algorithm 4 and Figure 10,

Supertask 1. Find correspondences.

This supertask is statically mapped to a kernel*® launching
with »n threads. Again, » is the number of sensed points.
Each thread completes a % part of this task. Algorithm 1
and Figure 4 shows how each thread i calculates the asso-
ciated nearest neighbor of P[i] to X. A mapping based on
data partitioning works best for supertask 1—Find corre-
spondences. Because each thread reads X, X is partitioned
in a block distribution to take advantage of shared memory
and the locality of interaction. This mapping reduces the

statements 2 and 3 are mapped to warp 1. Once those fin-
ish and synchronize, warp 1 executes statements 4 and 5.
Concurrently, warp 2 executes statement 7. After both
those end and synchronize, statement 6 executes on warp 1
and statement 8 on warp 2. After those finish and synchro-
nize, warp 1 executes statements 9—11. Finally after those
finish and synchronize, all 16 warps execute statement 12.
This supertask does not map efficiently, but using shared
memory for interaction reduces the communication over-
head. Unavoidably, because a single warp contains 32



Raettig et al.

threads, each warp may have idle threads throughout the
supertask.

Supertask 5. Find eigenvalues and eigenvectors and cal-
culate R and 7.

The eigenvalues and eigenvectors calculation portion of
this supertask is statically mapped to a cuSolver® kernel
launched with Q. After this, the remainder of the supertask
is statically mapped to a single kernel with nine warps of
32 threads each. The quaternion, g, is calculated by warps
0-3 and placed into shared memory. After synchroniza-
tion, warps 0—8 assign R. Then after synchronization,
warps 02 assign 7. This supertask also does not map effi-
ciently because some threads in the warps are idle.
However, shared memory interaction is used for executing
threads.

6. Apply R and 7.

This supertask is statically mapped to a kernel, launching
with n threads. A mapping based on data partitioning is
leveraged for this supertask. Each thread 7 inside the kernel
calculates its own Py [i] based on its R, 7, and Py [i]. Besides
memory bank contention, this mapping prohibits thread
interaction and thread idleness.

7. Calculate error.

The supertask is statically mapped to a kernel, launching
with n threads. A mapping based on data partitioning is
leveraged for this supertask. In addition, a block distribu-
tion is used for shared memory interactions between
threads during the reduction phase of this supertask. Each
thread 7 inside the kernel calculates an intermediate error
based on Pifi] and X[i]. These intermediate errors are
placed into shared memory and then summed in a reduc-
tion kernel. This mapping reduces thread interaction and
idleness.

3.3.3 Supertask breakdowns. All tasks in a single ICP itera-
tion are static in nature. It is known which tasks must be
executed to complete each iteration. What is not known,
however, is how many iterations must be executed to con-
verge to the error threshold. Because error is not computed
until the end of an iteration, the number of iterations exe-
cuted in the ICP algorithm is dynamic in nature. The itera-
tive nature of the algorithm leads to dynamic task
generation. The ICP algorithm has non-uniform tasks.
Supertask 1, Find correspondences, is the most computa-
tionally expensive supertask and can account for over 90%
of the total ICP run time.°

A discussion follows about each task required in each
supertask, because each supertask executes in sequence. In
the ICP algorithm, supertask interactions are irregular,'’
static,'” and one-way.'” However, each supertask has
threads that exhibit inter-task interactions that are
regular.!”

Supertask 1. Find correspondences.

This supertask is split perfectly between each thread. Each
thread executes an equal workload to find the nearest
neighbor associated with their thread index. Because of
this partitioning, this supertask is split into uniform tasks
between the threads. This supertask does have a large data
size associated with it. Each thread requires access to X, a
single member of Py, and a write in Y.

In this supertask, the interaction is static and P and X
are read-only. Y is read—write. Because threads do not
interact besides memory bank conflicts, interactions are
regular.

Supertask 2. Calculate centers of mass.

This supertask is split into a multitude of non-uniform
tasks. In the first portion, the task of calculating both cen-
ters of mass is mapped uniformly among threads.
However, inside calculating each center of mass, the dis-
tribution of work is non-uniform among threads because it
is an all-to-one reduction. The all-to-one reduction is
mapped such that at the final level of the reduction, a sin-
gle thread reports the sum and all other threads are idle.
The data size associated with this supertask is also large as
it includes P, and Y.

In this supertask, Py and Y are read-only. The centers of
mass intermediate array reduction is read—write. Because
this supertask includes all-to-one reductions, it inherently
includes thread interaction.

Supertask 3. Calculate Xpy.

In this supertask, the dot product is mapped to threads uni-
formly in a kernel, and the reduction is mapped to threads
non-uniformly. The data size associated with this supertask
is also large, as it includes Py and Y.

In this supertask, the interaction is static and Py and Y
are read-only. The intermediate arrays are read—write. The
reduction aspect of this supertask inherently includes
thread interaction.

Supertask 4. Calculate Q.
This supertask is mapped non-uniformly to threads in a

kernel. There are many mini-tasks executing in this super-
task that each differ in run time. The data size for this
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supertask is small as it only inputs Xy and the centers of
mass, and only outputs Q, a 4 x 4 matrix.

In this supertask, the interaction is static and Xpx and
the centers of mass are read-only. Q matrix is read—write.
Interactions between threads are regular, but require
finesse to mask with helpful computations. Interactions
between threads are timed and coordinated to ensure
thread synchronizations minimize thread idleness.

Supertask 5. Find eigenvalues and eigenvectors and cal-
culate R and 7.

This supertask has minimal workload in the accelerated
ICP algorithm. Its data size is small as it only takes in a
4 x 4 matrix and outputs a 3 x 3 matrix R and a 3 x 1 vec-
tor 7.

In this supertask, the interaction is static and Q read-
only. R and 7 are read—write. Interactions between threads
are regular, but require finesse to mask. Again, interactions
between threads are timed and coordinated to ensure thread
synchronizations minimize thread idleness.

Supertask 6. Apply R and 7.

This supertask is mapped uniformly to threads in a kernel.
Each thread i applies R and 7 to Py[i] and assigns it to
Pkli]. The data size for this supertask is small as each
thread only takes in a 3 x 3 matrix and a 3 x 1 vector and
outputs to a single member in Py.

In this supertask, the interaction is static and Py, R, and
7 are read-only. Px is read—write. Because threads do not
interact besides memory bank conflicts, interactions are
regular.

Supertask 7. Calculate error.

This supertask is mapped non-uniformly to threads in a
kernel as the last portion of finding error is an all-to-one
reduction. The data size for this supertask is large as it
inputs both P; and X but only outputs a single error value.

In this supertask, the interaction is static and P and X
are read-only. The reported error is read—write.
Interactions between threads are again regular. The reduc-
tion aspect of this supertask has the highest thread
interaction.

3.3.4. Processing models. The way the accelerated ICP
algorithm is decomposed into tasks is very similar to the
pipeline model.'” However, this pipeline is not being pre-
emptively filled until the error is found. For this reason,
the accelerated ICP algorithm employs the manager—
worker model,'” where the CPU is the manager and the
GPU is the worker. After each iteration, the CPU receives

the error from the GPU and dynamically decides whether
to run another iteration. Additional worker GPUs can be
added to the model. Because the NVIDIA RTX 3080 GPU
has 8704 CUDA cores, each CUDA core can be consid-
ered a worker. As stated previously, in this research, only
one GPU is considered. However, as the following
describes, each supertask within the ICP algorithm exhi-
bits its own individual model.

Supertasks 1 and 6, Find correspondences and Apply
R and 7, respectively, exhibit the data-parallel model.'”
Figure 4 shows how each thread i is performing the same
set of code to calculate the nearest neighbor of X for their
respective Py[i]. Figure 8 shows this same idea.

Supertask 2, Calculate centers of mass, exhibits a task
graph model'” and a data-parallel model. Threads run in
parallel based on data, but are also dependent on the reduc-
tion process between threads in shared memory space.

A task graph model describes supertasks 3—Calculate
Ypx, 4—Calculate Q, 5.1—Find eigenvalues and eigen-
vectors, and 5.2—Calculate R and 7. These supertasks
have many dependencies between threads. However, these
supertasks allow for some data-level parallelism between
threads.

Supertask 7, Calculate error, exhibits the data-parallel
model. Each thread i within the kernel is performing the
code on its own Pyli]. This supertask also exhibits a data-
parallel model where each thread calculates the error asso-
ciated with each point between X and P;. However, the
reduction portion of this task is more similar to a task
graph model in which a multitude of threads reduce down
to a single thread at the task completion.

3.4. Optimization

3.4.1. Find correspondences. The nearest neighbor kernel
executing supertask 1, Find correspondences, utilizes the
privatization optimization. Stratton et al.>° explain this
optimization. All threads inside each thread block read the
same global memory many times. To avoid this, this glo-
bal memory is replicated among all thread blocks through
privatization. From Stratton: ‘‘Privatization is the transfor-
mation of taking some data that was once common or
shared among parallel tasks and duplicating it such that
different parallel tasks have a private copy on which to
operate.”®® In this manner, global memory reads are
reduced and transformed into shared memory reads. The
timing hit from a shared memory access is less than a glo-
bal memory access. This optimization reduces the run time
of the nearest neighbor kernel in the accelerated ICP algo-
rithm implementation.

3.4.2. Reduction. The all-to-one reduction'’ kernel, which
uses a binary tree-type reduction, is executed 12 times
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throughout the accelerated ICP algorithm. For this reason,
optimization of this kernel is of utmost importance. The
implementation of the reduction kernel is based on
Ritcher’s reduction kernel optimizations ideas.’

First, each thread in the reduction kernel reads two ele-
ments from global memory, adds them together, and
assigns them to shared memory in the thread block. Thread
blocks then perform the remaining reduction in shared
memory. This method reduces future memory access over-
heads in the reduction process. Threads out of bounds of
the array assign a zero into shared memory. In addition
shared memory bank conflicts are reduced through special
indexing. From Ritcher: “Zero padding reduces thread
divergence by allowing all the threads to participate in cal-
culations. Shared memory indexing was implemented in a
way to reduce shared memory bank conflicts and also
reducing thread divergence.”>' The final 32 threads of the
reduction can reduce without memory bank conflicts by
taking advantage of warp properties on the GPU. Ritcher
et al>' also explains unrolling any additional loops left
over in the reduction to achieve maximum performance.
This reduces the instruction count of the kernel by remov-
ing the loop check and loop iterator. Ritcher’s ideas exem-
plify many CUDA optimization techniques that have been
applied to the reduction kernel and other kernels in the
accelerated ICP algorithm.

3.5. Algorithm analysis

3.5.1. Thread communication. All-to-one reductions fre-
quently appear in the design of this accelerated ICP.
Reductions occur inside supertasks 2—Calculate centers
of mass, 3—Calculate Xpy, and 7—Calculate error. With
respect to the GPU, because these communication patterns
are implemented with threads communicating with each
other, utilizing shared thread block memory presents
opportunities for optimization. However, a reduction is a
challenging communication pattern because of the bottle-
neck of a single thread reporting the result at the finish of
each supertask.

For this research, the assumption is made that every
multiprocessor on the RTX 3080 is involved in the all-to-
one reduction. This research exploits several aspects of
GPU architecture in the implementation of all-to-one
reductions, including utilizing shared-memory among
thread blocks, taking advantage of thread behavior within
warps, and optimizing cache hits. From Grama, the cost
for the all-to-one reduction is: T(p) = (t; + t,m)log(p). T
represents the time to run an all-to-one reduction with ¢, as
the startup time or overhead, ¢, as the transfer time or
bandwidth, m as the size of the message, and p as the
number of processors or elements in the reduction.!” This
can be mapped to the RTX 3080 GPU. Again, the RTX
3080 has 8704 CUDA cores and a memory bandwidth of

760.3 GB/s.>?>3 These can be substituted for a more accu-
rate cost:

1
T N=|(t;+ ———m|l 4). T
(8704) (té+ 7603 GB/sm> 0g(8704). To get a

precisely accurate 7, a profiling would need to be con-
ducted. For this analysis, it is assumed that #,; is greater
than GPU clock rate of 1440 MHz. This gives us our final
equation of:

T(8704) = (

1
log(8704
1440 MHz | 760.3 GBJs m) 0g(8704)

for a lower-bound execution run time.

3.5.2. Interaction overheads. In supertask 1, Find correspon-
dences, an interaction overhead is the contention for X.
Each thread may need all members of X. To reduce this
overhead, each thread block can initially load a copy of X
into shared memory. Then threads can read from shared
memory inside the thread block throughout the rest of the
kernel. This approach reduces the global reads of each X
member to only the number of blocks. This method is also
called privatization®® or the replication of data to take
advantage of a “private copy’”>° among threads.

In supertask 2, Calculate centers of mass, interaction
overheads are the synchronization of threads during the
reduction process as well as contention for the input array.
The contention is reduced again replicating the input array
into shared memory inside the thread blocks and also using
memory accesses with striding. The synchronization over-
head between threads can be reduced by taking advantage
of warp synchronization among threads in the same warp.

In supertask 4, Calculate Q, interaction overheads
include idleness while waiting for data exchange and con-
tention for data. The contention is reduced by loading
thread data to shared memory. The data-exchange over-
head is masked with useful computations.

In supertask 5, Find eigenvalues and eigenvectors and
calculate R and 7, interaction overheads also include data
contention and waiting for data exchange. For instance,
many threads require the max eigenvalue. Because of this,
each thread calculates the max eigenvalue. This method
replaces interactions with computations. In addition,
shared memory is used to store the quaternion, eigenva-
lues, eigenvectors, and centers of mass. This technique
reduces data contention in global memory banks.

For supertask 6, Apply R and 7, an interaction over-
head is the contention for Py, R, and 7. Py, R, and 7 are
replicated among each thread block to reduce global mem-
ory bank contention.

In supertask 7, Calculate error, an interaction overhead
is the contention for Py and X during the reduction por-
tion. This can be mitigated by performing the reduction in
shared memory and also utilizing striding in memory
accesses.
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3.5.3. Isoefficiency function. When building the isoefficiency
function, it is assumed that m = p and n = p. Here m is the
number of truth points, n is the number of sensed points,
and p is the number of processors. Because the accelerated
ICP implementation and a serial ICP implementation exe-
cute an identical number of iterations, only a single ICP
iteration is considered in the run time comparison for sim-
plification purposes.

The parallel run time of supertask 1, Find correspon-
dences, is as follows:

nlog,(m)
— 1
» (1)

The parallel run time of supertask 2, Calculate centers of
mass, is as follows:

2n
—1 2
» 0g,(n) ( )

The parallel run time of supertask 3, Calculate X, is:
9 . .

n + —nlogz(n). Assuming p is significantly greater than

p p

16, the parallel run time of the portion containing the
supertasks 4 and 5, Calculate Q, and Find eigenvalues and
eigenvectors and calculate R and 7, respectively, is a con-
stant C because the maximum degree of concurrency is
16. However, for the serial implementation, this needs to
be a run time of 16C. The supertask 6, Apply R and 7 has

a parallel run time of " Finally, the supertask 7, Calculate
p

error, has a parallel run time of 1 log, (n).
p

1
This leads to a parallel run time of: nlogy(m)
p
+ 2;" + % + C, which also leads to a serial run time

of: nlogy(m)+ 2n + 12nlog,(n) + 16C. However, an ideal
serial algorithm does a single reduction in n. This makes
our serial run time now as follows:

nlog,(m) + 2n + 12n + 16Cnlog, (m) + 14n + 16C.

For the following analysis, it is assumed the run time C
adds is negligible compared to nlog,(m), n, and log,(n)
weighted terms. From Gustafson,®* the expected speedup
by analysis is the serial run time divided by the parallel
run time. With C =0, this gives a speedup of:

p(nlog,(m) + 14n)
nlog, (m) +2n+ 12nlog, (n)

3)

. . . . speedu
Using the isoefficiency equation, u,“

(nlog,(m) 4 14n)
nlog,(m) + 2n + 12nlog,(n)’

this gives a

function of Assuming

like-weighted terms scale similarly with increased point
sizes, there is an extra nlog,(n) term in the denominator.
This term is a remnant of the serial reduction’s increased
efficiency compared to the parallel reduction.

3.5.4. Scalability. From the speedup function previously
stated in Equation (3), an increased number of sensed and
truth points allows for an increased number of processors
to contribute. Consequently, larger point clouds generally
achieve a larger speedup. In addition, increasing the num-
ber of processors past the number of sensed points pro-
duces diminishing performance results. The reason for this
effect is that the maximum degree of concurrency mapped
is equal to the number of sensed points, as found in many
supertasks similar to supertask 1, Find correspondences.

The accelerated ICP algorithm scales efficiently with
the number of processors, assuming processors is less than
the number of sensed and truth points. The number of
sensed points has the largest effect on the run time and
speedup of the algorithm. Increasing both the number of
processors and the number of points achieves a justified
speedup. For instance, a setup with Sk processors and 30k
truth and sensed points is expected to achieve a speedup
0f 739.02 x .

4. Results
4.1. Experimental design

To compare speed, the accelerated ICP GPU implementa-
tion is tested against a ICP CPU implementation and
another project’s ICP GPU implementation. To verify
accuracy, our Accelerated ICP GPU implementation is
compared against the Point Cloud Library (PCL).*>> Each
implementation is tested with a plethora of different mod-
els, truth point sets, and sensed point sets. To ensure a fair
comparison, the point sets are identical for the tests
between each implementation, respectively.

In this paper, our accelerated ICP GPU algorithm
implements the PNNOPT,® the novel pairwise Euclidean
distance nearest neighbor matching algorithm, which uti-
lizes the Delaunay triangulation of the target 3D point set.
Once the Delaunay triangulation for a reference point set
has been generated, the nearest neighbor of a query point
is found by traversing the edges of the Delaunay graph.
The algorithm utilizes a greedy approach where at each
node of the Delaunay graph, if a connected node is closer
than the current visiting node to the query point, the algo-
rithm proceeds to check the nodes connected to the new
current visiting mode. This process continues until there
are no closer nodes to the query point connected to the
current visiting node. Anderson®® shows how this nearest
neighbor algorithm is superior. We invite the reader to
watch a video overview of the work detailed in this paper.
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Figure 11. Aircraft B (FI5), Aircraft A (Al0), Sports Car,
Dragon, and Teapot models.

Figure 12. Virtual A10 Thunderbolt sensed object used to
create the truth model.

Using the previous ICP iteration’s nearest neighbor is
an efficient way to leverage a known close starting point
during the Delaunay graph traversal. However, this strat-
egy cannot be implemented for the first ICP iteration. For
this reason, on the first ICP iteration, PNNOPT traverses a
k-d tree to the first leaflet and uses this as the starting
point for the traversal of the Delaunay graph. All subse-
quent ICP iterations are started from the previous ICP
iteration’s nearest neighbor. In contrast, the Previous
Nearest Neighbor Delaunay Walk (PNN) does not imple-
ment this optimization strategy for the first ICP iteration.

The objects being sensed are an F15 aircraft, A10 aircraft,
sports car, dragon, and a teapot, all shown in Figure 11.
These objects are each represented by a truth point dataset at
two different fidelities, ranging from 4k to 63k points.
Figures 12 and 13 show an A10 Aircraft and the associated
5053 point truth model. The specific fidelity used is closest

Figure 13. Virtual A0 Thunderbolt red 5053 point truth
model generated from the sensed object.

Figure 14. Left and right virtual stereo cameras images
showing sensed object.

Figure 15. ICP running on yellow sensed points and red truth
model points.

to the number of sensed points. This also ensured that the
number of truth points are greater than or equal to the num-
ber of sensed points. The sensed points are generated by the
OpenCV C+ + library®’ from images of two calibrated
virtual stereo cameras through stereo block matching. Figure
14 shows the left and right images of the stereo cameras.
Figure 15 shows the accelerated ICP algorithm registering
the yellow sensed points generated from stereo block match-
ing from these images.

Virtual cameras with parameters and pose set to corre-
spond with their real counterparts captured the 3D environ-
ment. Figure 16 shows the virtual images in the lower left
and right and the real images in the upper left and right,
the sensed points in yellow, and the reference points in
red. In the middle left of Figure 16, the red tubes depict
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Figure 16. Virtual Motion Capture Laboratory mimicking the
real Motion Capture Laboratory.

Figure 17. Real Motion Capture Laboratory.

Accelerated CUDA ICP vs. VGICP Run Times vs Model

vgicp cuda (gpu bruteforce)
vgicp cuda (gpu rbf kernel)
Brute Force

PNN Optimized

Run Time(ms)

Teapot (8k)

e~
N
=
o
a
1)
o)

Aircraft A (5k)
Aircraft B (11k)
Aircraft B (21k)

Sports Car (27k)

Dragon (31k)

Sports Car (53k)

Dragon (62k)

Aircraft A (63k)

Model(Points)

Figure 18. Accelerated GPU
comparison.

ICP and VGICP run-time

the location and view direction of the stereo cameras in
the real environment and virtual environment—the real

and virtual stereo cameras are co-incident and share the
same coordinate frame with respect to the truth motion
capture system. Figure 17 shows the real Motion Capture
Laboratory.

Next, the accelerated ICP GPU is tested against two
competitor GPU ICP algorithms. These competitor algo-
rithms implement the voxelized generalized (VGICP) and
the radial basis function (RBF) ICP algorithms38 on the
GPU. Both these algorithms replace the nearest neighbor
search with voxelization.

NVIDIA’s profiling tool nvprof>° is used to measure
kernel timings on the GPU. In addition, the C+ + timing
library of std:: chrono is used to time each implementa-
tion’s overall wall clock time. This wall clock time is
reported as an average of all the runs for the particular
point sets. Each ICP implementation runs continuously for
100 full convergences with an error threshold of 1E£ — 6. It
is noted, the implementations have identical outputs but
differ in speed. The average ICP wall clock time is
reported. The profiler nvprof also reports the percentage
portion each kernel contributes to the total accelerated ICP
run time. This tool can be used to gain knowledge on the
effect the number of points has on the GPU kernel run
times.

4.2. Performance

Figure 18 shows the run times of the accelerated ICP using
bruteforce and PNNOPT nearest neighbor against competi-
tors” ICP GPU implementations on all the models while
varying the number of truth and sensed points. Our accel-
erated ICP is substantially faster on all the models, except
the Sports Car 27k model. The point cloud topology of the
Sports Car model may lead to ICP converging in more
iterations than other models, thus a slower run time. The
Sports Car model does not have prominent structure away
from the center of mass of the model, like the wing tips,
vertical stabilizers, and nose cone of aircraft models. In
contrast, the Dragon model does have prominent structure
away from the center of mass, which may lead to ICP con-
verging in fewer number of iterations. The competitors’
VGICP is based on an estimation, which could explain the
faster run time on the Sports Car 27k model. However,
our PNNOrtT ICP was still faster on the Sports Car 53k
model. Finally, the point cloud topology of the model
would also affect the topology of the Delaunay graph.
This would, in turn, affect the number of nodes walked
during the PNNOPT nearest neighbor, supertask 1, Find
correspondences.

Figure 19 shows a graph of the GPU versus CPU imple-
mentation run times. As the number of points increases,
the GPU vastly outperforms the CPU. The GPU’s run time
is stable, while the CPU’s run time is increasing at a
greater rate.
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Figure 19. Graph of ICP total run time on the CPU using
PNN* Delaunay versus GPU using PNNOPT nearest neighbor
for supertask |, Find correspondences.
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Figure 20. Graph of GPU speedup over CPU versus number
of sensed points.

Interestingly, with lower point totals, the CPU and GPU
run times are close. This similarity can be attributed to the
processor the CPU implementation is using having a faster
clock rate than the GPU processors. In addition, the GPU
has more overheads with memory transfers, kernel invoca-
tions, and thread synchronizations. However, these hard-
ware differences and overheads become negligible with
larger point totals.

Figure 20 shows the GPU speedup over the CPU with
respect to the number of truth and sensed points. The GPU
only starts with less than a 1 x speedup but ends with
over a 25x speedup. For the CPU implementation,
increasing the truth model point total beyond 21,000
points results in an unreasonable run time for real-time
applications. However, we still ran the CPU ICP for all
the models to get a complete GPU versus CPU run-time
comparison. A higher speedup may be achieved with
higher point totals and additional optimizations to the
nearest neighbor and reduction kernels.

Table 1 shows the portion of ICP total run time the
CUDA kernels contributed as well as the run time of those
kernels with respect to the number of points. The nearest
neighbor kernel starts with 42.47% and ends with 47.26%
of the total time. The reduction kernel starts with 37.76%
and ends with 34.61% of the total time. As shown here,
the nearest neighbor kernel is contributing the largest por-
tion of the GPU run time. This portion is closely followed
by the reduction kernel. An interesting observation is as
the truth and sensed point sizes become equivalent, the
portion the nearest neighbor kernel takes is less than when
the point differentials are greater. This decrease can be
attributed to increased memory contention for truth points
during the matching process. Finally, it can be seen that
future optimizations to the accelerated ICP implementa-
tion should be focused on the nearest neighbor and reduc-
tion kernels.

Table 1. This table shows the nearest neighbor and reduction CUDA kernels percentage portion of ICP total run time on the

GPU versus number of truth and sensed points.

Number of
sensed points (n)

Number of truth
points (m)

Nearest neighbor
portion of ICP(%)

Nearest neighbor
average run time (us)

Reduction
portion of ICP(%)

Reduction in average
run time (us)

1915 42.47
2507 42.08
3445 41.28
4941 40.74
7681 41.95
13,703 44.34
30,696 47.26

97.064
95.139
91.938
90.630
94.530
105.560
123.370

37.76 2.696
38.19 2.698
38.85 2.703
38.90 2.704
3841 2.704
36.56 2719
34.61 2.823

CUDA: compute unified device architecture; ICP: iterative closest point; GPU: graphics processing unit.

The PNNOFPT nearest neighbor was used for supertask I, Find correspondences. The CUDA kernel run times were reported by nvprof.

The bolded values represent the independent values on the table, the number of truth and sensed points. They are shaded red for the truth points
and yellow for the sensed points to correspond with the same color scheme on figures 13 to |6.
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Nearest Neighbor Kernel Real vs. Theoretical
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Figure 2Il. Graph of nearest neighbor kernel real and

theoretical run times versus number of sensed points.
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Figure 22. Graph of reduction kernel real and theoretical run
times versus number of sensed points.

Figure 21 shows the nearest neighbor kernel’s real ver-
sus theoretical run times. The theoretical run time was cal-
culated from Equation (1) and divided by the RTX 3080’s
clock rate of 1440 MHz. In addition, using the compiled
parallel thread execution (PTX)* file, an estimated
instruction count of 400 was used in this calculation.
Figure 22 shows the reduction kernel’s real versus theore-
tical run times. The theoretical run time was calculated
from Equation (2) and divided by the RTX 3080’s clock
rate of 1440 MHz and by 2 to account for a single reduc-
tion. Again, using the compiled PTX file, an estimated
instruction count of 10 was used in this calculation. For
both kernels, the overhead was calculated from real run
time minus theoretical run time. Then, the minimum over-
head was used to shift the real run times.

The theoretical run times estimate a lower-bound exe-
cution run time. They show an accurate trend, but do not
account for additional overhead factors. Overhead factors
that are contributing to the real run times are kernel launch,
memory transfers, and warp divergence. For kernels with a
smaller workload, the kernel launch is the largest overhead
contributing to run time.*' For kernel runs with smaller
point totals, we expect kernel launch time to be the largest
overhead. As point totals increase and execution becomes
the largest overhead, we expect theoretical and real run
time to converge.

When accounting for overhead in the nearest neighbor
kernel, the trend of real run times closely matches the
trend of the theoretical run times. However, the first few
points do not match this trend. The reason for this could
be because the RTX 3080’s 8704 cores were not saturated
until 8704 or more points. The data point with 5053
sensed points is close to core saturation. In addition, non-
deterministic instruction and warp scheduling could factor
into this anomaly. Again, the theoretical run time serves as
a lower bound for real run time.

In the reduction kernel, the trend of real run times
closely matches the trend of theoretical run times when
accounting for overhead. The first few data points do not
follow the theoretical trend as much as the data points with
higher point totals. The first few data points from the near-
est neighbor kernel show a similar anomaly. The same rea-
sons for this anomaly hold true here. Higher point totals
verify the theoretical trend lower bound of real run time.

4.3. Accuracy

As seen in Figures 23 and 24, when registering points gen-
erated from real images, our accelerated GPU ICP and
PCL implementations perform with the same accuracy.
Our implementation and PCL report less than a magnitude
of 2.4 centimeters in positional error and a magnitude of 2
degrees of rotational error. Table 2 shows the positional
and rotational mean magnitude error of our accelerated
ICP using bruteforce and PNNOpt nearest neighbors
against competitors’ ICP GPU implementations on real
images. Our implementation is substantially more
accurate.

5. Conclusion

In this study, the ICP algorithm was rephrased to a mas-
sively parallel algorithm and implemented and mapped to
an NVIDIA RTX 3080 GPU. The algorithm, implementa-
tion, and parallelization approaches for each step of the
algorithm were discussed. Our accelerated ICP GPU algo-
rithm was compared against competitors’ ICP GPU imple-
mentations. In addition, the wall clock time and speedup
with respect to the CPU implementation were compared to
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PCL (k-d tree) ICP Error vs Distance, Real Imagery
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Figure 23. Errors in translation and rotation using the PCL
ICP on real imagery.

Cuda (PNN Optimized) ICP Error vs Distance, Real Imagery
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Figure 24. Errors in translation and rotation using the
accelerated ICP on real imagery.

achieve over a 25 x speedup. In addition, the specific por-
tion and run time of the CUDA kernels were profiled.
Finally, an algorithmic analysis and comparison was con-
ducted of the parallel algorithm between theoretical and
real run times.

6. Future work

Future work will run experiments with higher point totals
and also match the number of truth and sensed points. This
would give insight into how the algorithm performs in
ideal conditions and show if theoretical and real run times
completely converge. In addition, a study on ICP conver-
gence and run-time performance in relation to model

Table 2. This table shows the Translation (m) and Rotation (deg) magnitude errors of our CUDA ICP versus the CUDA VGICP on the GPU.

Teapot 8k

Teapot
4k

Car 53k

Sports

Sports
Car 27k

Aircraft Dragon Dragon Aircraft Aircraft
31k 62k B Ik B2lk

A 5k

Aircraft
A 63k

ICP algorithm

0.000
0.006

0.000
0.000
0.091

0.001
0.001

0.000
0.000

0.000
0.000
0.031

0.000 0.000 0.000
0.000 0.000 0.000
0.016

0.000
0.000

0.000
0.000
0.038

ICP bruteforce

ICP PNNOpt

Translation
errors (m)

0.474
0.225

0.538

0.033 0518

0.016

0.024
0.021

VGICP bruteforce

0317

0.742
0.002

0.739
0.001

0.076 0.045 0.045
0.000
0.000

1.740
0.977

0.076

0.014

VGICP rbf kernel
|CP bruteforce
ICP PNNOpt

0.000
0.000
0.006
0.002

0.000
0.000
0.008
0.006

0.000
0.000
0.019

0.000

0.000

0.000
0.000
0.003

0.000
0.000
0.001

Rotation

0.002

0.000 0.001

0.000

errors (deg)

0.079

0.020 0.077
0311

1.743
1.001

VGICP bruteforce

0.188

0.020

0016

0.004

0.003

VGICP rbf kernel

CUDA: compute unified device architecture; ICP: iterative closest point; VGICP: voxelized generalized ICP; GPU: graphics processing unit; PNNOpt: previous nearest neighbor optimized Delaunay

walk.
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topology should be conducted. It is planned to run the
experiments with different CPUs and GPUs. This includes
an application using the NVLink interconnect with multi-
ple GPUs. In addition, more optimizations to various ker-
nels are planned to increase the performance of the
accelerated ICP algorithm. Finally, an ideal comparison
between the serial and parallel algorithms would compare
identical processors for the serial and parallel implementa-
tions, respectively.
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