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Abstract—Autonomous navigation and localization remains a
challenging task for a moving object. Computer-vision based
solutions have been proven effective when estimating the location
of a moving object from an on-board camera using feature points.
These feature points can be created in the image where the
gradients change in all directions and offer unique values. By
observing the position changes of feature points, the motion of the
camera can be determined. As a result, feature detection and
matching play critical role when estimating the motion of camera
using video. In this paper, a GPU-accelerated feature detecting,
and matching motion estimation system is introduced and tested
using a drone platform. During our test, the GPU-accelerated
system showed a 4-times increase in speed when compared with
CPU based approach.
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I. INTRODUCTION

This paper focuses on using GPU to accelerate the motion
estimation algorithm when using video clips taken by a regular
camera. There are a number of related research works that use
single camera to extract 3D information or estimate the motions.
In Noah Snavely’s research [5], a point cloud of a scene can be
built using isolated photos taken by different cameras.
Researchers from Microsoft [8] uses videos shot on regular
camera to estimate the trajectory of camera to stabilize the timelapse video.
To evaluate the performance of the system, we implemented
the motion estimation algorithm using both CPU and GPU.
Then video footages collected from a drone were used to
benchmark both CPU and GPU systems. The performance of
the algorithm will be compared and discussed in the result
section.
II. ESTIMATING MOTION USING VIDEO

SLAM (Simultaneous localization and mapping) refers to the
process localizing an object itself in an unknown environment
and creating a map of the environment at the same time. Camera
motion estimation is an important step in vision-based SLAM
applications. In those environments where GPS signals are
unavailable, SLAM is one of the few alternative solutions
toward localization problems [1][2][3]. SLAM can be achieved
using ultrasonic sensor, lidar and camera. Camera is the most
adaptive sensor among those SLAM sensors. To be more
specific, each ultrasonic sensor can generate one distance
measurement; even with an array of ultrasonic sensors, the
resolution of their measurements is inferior. A typical Lidar
sensor makes measurements by scanning an environment using
multiple laser emitters. However, Lidar sensors are expensive
and bulky in size; they also require huge throughput for data
processing. In comparison, cameras can measure distance of
objects in their field of view. Cameras are widely accessible,
affordable, and most of all, more versatile, with the help of
machine learning techniques, objects can be detected and
annotated in camera footages.
To estimate the motion of a moving object, it requires a
system to extract 3D information. However, extracting 3D
information from a single regular camera is challenging. Stereo
vision cameras are able to calculate depth information using the
offset of an object in a pair of images. To estimate the motion
of a single regular camera, it requires a camera to compare the
changes in the scene [4][5][6][7].

Estimating the position and attitude of an object is critical for
navigation and localization applications. Using GPS is the most
common solution to the positioning problem. The GPS service
is able to determine the position of an object in meters. However,
GPS readings are prone to delays and refresh slowly, both of
which compromise the confidence in localization while
navigating a moving object. To compensate that problem and
retrieve up-to-date estimation on location and attitude of an
object, accelerometers and gyroscopes are often adopted.
Between each GPS update, a system can calculate its changes
in position and attitude using inertial components. Using GPS
combined with inertial components has one major defect; these
devices perform poorly indoor. For indoor navigation
applications, GPS signals are not available. Accelerometers and
gyroscopes can theoretically estimate the position and attitude
of an object, however, error in such estimation will accumulate,
unless the attitude and position can be rectified with GPS and
magnetometer. Therefore, for a localization system to operate
indoor, other techniques need to be adopted. There are other
techniques proposed to solve the indoor navigation problems.
Those solutions rely on either beacon or designated reference
objects (e.g., using ultrasounds or Wi-Fi).
Computer vision-based solution is the most promising for
indoor localization and mapping. When humans navigating
indoor, we mostly relying on visual perceptions. Hence, it is
possible to use visual information alone to navigate indoor.
Moreover, cameras are widely accessible, and their
performance are only getting better. Moreover, if we were able

978-1-7281-0927-5/19/$31.00 ©2019 IEEE

Authorized licensed use limited to: Illinois Institute of Technology. Downloaded on October 02,2020 at 15:23:10 UTC from IEEE Xplore. Restrictions apply.

186

to extract motion information from videos, there is tremendous
data readily available. That large amount of data opens great
possibilities for creating 3D model of scene, people and etc.
Most importantly, using the vision-based method to estimate
motion requires no modification to its environment, which
allows the system to be adaptive and operate with minimum
limitations.
A. Background for Estimating Motion from Video
By comparing the corresponding feature points between
frames, the motion of the camera can be estimated. In this
section such processes will be explored. Every time a camera
takes a photo of a scene, 3D information is projected to a 2D
plane. Therefore, using only one image it’s impossible to
determine the motion or 3D information from the scene.
To recover the 3D information from images, two or multiple
images on the same scene are required [9]. Motion estimation
and mapping are the last stage of the whole process. Motion
estimation and mapping is achieved by adopting multi-view
geometry. Multi-view geometry helps to calculate the motion
of a camera in terms of rotation and translation, which is
represented by the extrinsic matrix of the camera for each frame.
As shown in Figure 1, there are 3 different photos taken by the
same camera at different locations ݐଵ , ݐଶ and ݐଷ with different
poses ܴଵ , ܴଶ and ܴଷ . ܺ is a keypoint in real world, which is
projected on photos taken at locations 1 to 3. Each projection is
shown on camera planes as ܺଵ , ܺଶ and ܺଷ .

 ܧൌ ܭଵ் ܭܨଶ

(3)

Essential matrix can be decomposed to translation of rotation
of the camera. By repeating above process, the motion of the
camera can be recovered.

III. MATCHING DETECTED FEATURES
A. Feature Detector
Feature detecting is the prerequisite for finding
correspondence between frames. In principle, this is achieved
by finding unique gradient patterns and matching them among
multiple frames. An example of such gradient patterns can be
corners. As shown in Figure 2, feature ݔ is detected in original
image (shown as yellow line) using kernel ߱ (black circle). Its
corresponding feature located in the second image (shown as
red). Between the original image and the second image, the shift
of feature ݔ is described by vector ( ݑshown as red arrow). As
shown in Figure 2 (b), when using edge-like features, its
corresponding feature in candidate frame remain ambiguous.
As shown in Figure 2 (c), while using texture-less areas as
features, the ambiguity increases further. Therefore, edges and
texture-less areas are not suitable features for matching. Figure
2 (a) shows the matching of corner-like features. Corner-like
features generate gradient change in both horizontal and
vertical directions. Such changes in gradient provide rigid
constrain when performing matching.

Figure 2. Corner, line and solid gradient

Figure 1. Illustration of multi-view geometry

Once 6 pair of matched feature points have been found, the
fundamental matrix can be estimated using Equation 1. ݔଵ and
ݔଶ are the pair of matched feature points in image plane. While
 ܨis the fundamental matrix to be estimated. To find a solution
of  ܨ, multiple correspondence are required to minimize the
error of the fundamental constrain, as shown in Equation 2 [10].
ݔଵ் ݔܨଶ ൌ Ͳ


However, corner-like features are rotation variant. As the
camera rotates, the correspondence of corners may no longer be
established. Besides rotation, the scale of object also changes
while the camera is moving. To make a feature detector
invariant to scale changes and rotation, it needs to generate the
feature on multiple scales and create a descriptor describing the
direction of each feature point. SIFT (Scale-Invariant Feature
Transform) feature detector as an example, detects feature
points on multiple scales, and records gradient changes in all
directions. As shown in Figure 3, once a feature point is
detected, direction of gradient within an 8 by 8 square will be
calculated (shown on left). Those gradients will then be
organized as histograms for future matching (shown on right).

(1)


  ȁȁݔଵ െ ݔܨଶ ȁȁଶ

(2)



Once the fundamental matrix that generates minimum error
is found, essential matrix E can be calculated as:
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Figure 3. Feature descriptor of a keypoint [11]

B. Feature Matching
The correspondence of feature points is established through
the feature matching. As mentioned in above, each feature point
associates to a descriptor. The hamming distance of the same
feature point in different frames should remain small. Hence,
by calculating the hamming distances between all candidate
feature points, correspondence can be found.
In a typical SLAM application, to estimate the motion of the
camera, feature points extracted from a new frame need to be
compared with their counterparts in the previous frame. By
finding the motion of the camera in two frames repeatedly, the
motion of the camera can be recovered. By recovering the
motion of the camera incrementally, the trajectory of a vehicle
can be determined.
In theory, to recover the 5 DoF (Dimension of Freedom)
motions of the camera, at least 6 pairs of matched feature points
are needed. However, there are outliner (e.g. wrong matches)
among all matched feature points. As a result, merely 6 pairs of
feature points would not suffice SLAM applications. Moreover,
the process of matching feature point has complexity of ܱሺ݊ଶ ሻ,
hence, the computation time for feature matching will grow
exponentially as the number of feature points grow linearly.
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Figure 4. CPU and GPU architecture comparison

The capability of each individual core on a GPU limits its
capability to achieve single yet complex problems. While
performing parallelizable yet simple tasks, the GPU can always
outperform CPU.
Through parallelization, the performance of certain tasks can
be enhanced drastically. Using matrix multiplication as an
example, when multiplying 2 100-by-100 matrix ݉ and ݊ with
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IV. GPU ACCELERATION
Unlike CPU, GPU are designed for graphical processing. As
a result, GPU has different architecture than CPU. In general,
GPUs are often equipped with multiple cores. Each core can
perform simpler tasks compared to CPU. However, by utilizing
multiple cores simultaneously, a GPU can provide better
throughput when performing certain tasks. As shown in Figure
4, a CPU is more powerful, while GPU has more cores.

Control

floating point numbers, the result matrix will be a 100-by-100
matrix ݇. Each element in the product matrix ݇ is the result of
100 multiplication and 99 summation operations. Through a
single-core CPU, those operations will be processes
sequentially. However, with hundreds of cores, a GPU can
process hundreds multiplication operations and summation
operations simultaneously. Ideally, by paralleling matrix
multiplication task, the time used in computation can be cut
down by the number of cores in a GPU. When performing
motion estimation, tasks such as detecting and matching feature
points can be easily parallelized. By leveraging the multi-tread
advantage of a GPU, those tasks can be carried out more quickly.
However, some tasks are not easy to be parallelized. Hence,
not all tasks in motion estimation can be implemented on GPU.
When using GPU and CPU working in coordination, data
transition between the two devices cause delays. Thus, they
need to be minimized. As shown in Figure 5, tasks will be split
between CPU and GPU. By performing the feature detecting
and matching on GPU, CPU can perform time-sensitive tasks
with less delay, which benefits varies motion estimation
applications.

PCIE

Feature Matching

Motion
estimation
CPU

GPU

Figure 5. Workflow of motion estimation

V. RESULT
To test the effectiveness of GPU accelerated motion
estimation, we built a drone survey system. In the survey
system, a drone was used to collect aerial footage with a regular
RGB camera. The footage then was transmitted to a desktop
computer powered by a 6th generation i7 CPU and Nvidia GTX
1070 GPU. To compare the difference in performance, the
motion estimation program was implemented using CPU [12]
as a control group. CUDA library was used when implementing
the GPU algorithm. To simplify the system, mapping of
detected feature points and ICP (Iterative Closest Point) was
ignored.
During the motion estimation process, no IMU (inertial
measurement unit) or GPS was used. As a result, the motion of
the camera on the drone was estimated up to scale. As shown in
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Figure 6, the calculated trajectory shows the drone finished a
round course in the sky.
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TABLE I. PROCESSING TIME FROM THE STRESS-TESTS (SECONDS)
Footage 1

Footage 2

Footage 3

Footage 4

Length

81.78

32.83

27.69

32.22

CPU

1548.040

881.291

472.211

372.661

GPU

310.597

136.596

108.926

121.305
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Figure 6. Estimated camera motion (scale)

As shown in Figure 7 and Figure 8, feature points are
extracted and matched in the drone footage. These matched
feature points are able to help the algorithm to estimate the
motion of the drone and the camera mounted on it. Moreover,
these two processes differentiate the performance of the CPU
method and GPU method.

By performing feature detecting and matching on GPU, the
motion estimation system was able to yield 4.98 times higher
FPS (frame per second). Other parts of SLAM applications,
such as ICP can be implemented on GPU to improve the
performance further. Moreover, in this experiment we used a
desktop computer, but portable platform such as Nvidia Jetson
is also equipped with GPU, which makes it possible for building
a real-time vision-based SLAM system on a portable platform.
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All footages are shot at 1920 by 1080 pixels 60 frame per
second. 4 different footages were used was to stress-test CPU
and GPU implementation. Each has been processed with 100
loops. As shown in Table IError! Reference source not
found., the average processing time of a single loop (in seconds)
shows the GPU reduces the processing time of CPU to roughly
1/5.
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