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Image Registration for Virtual Drone Simulation
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Abstract—In this paper, we introduce a method that utilizes
image regisiration techniques to construct a 3D map of a
real envirol t, specifically for drone flight simulation. Our
approach is based on a modified version of the Iterative Closest
Point (ICP) algorithm. By incorporatin ture point filtering
and local optical flow, we are able to ex| e the processing of
3D points and focus on static scenes. One major drawback of the
standard ICP algorithm is the challenge of selecting appropriate
initial points to ensure effective matching between consecutive
point clouds. To address this issue, our modified approach tackles
this problem and optimizes the algorithm for the construction of
a 3D map.

Since our application involves RGB-D image sequences, the
changes between consecutive Kkevframes are relatively small.
Therefore, we only select a small subset of key poinis from
the source images using scale-space pyramid an«%AST ap-
proaches. This selection process significantly reduges the number
of processed image points. Then dense point ud is used
for refinement. Additionally, as we employ a |Efint-maiching
technique using local optical flow, the expensive point-maftching
procedure can be avoided in each optimization step of the ICP
algorithm.

We demonstrate the practical utility of our method through a
virtual 3D drone flight simulator. Furthermore, we validate our
proposed approach through numerical examples.

[. INTRODUCTION

A.r.-rmmnmm flving drones

In recent years, unmanned aerial vehicles (UAVs), including
drones (quadrocopters), have found increasing applications in
various fields such as surveillance, environment mapping, dis-
aster monitoring, industrial inspection, and aerial photography
[1]. Drones, specifically, possess the ability to fly at low
speeds and hover, along with high maneuverability, making
them well-suited for nigfigating restricted spaces like buildings.
Traditionally, drones have been operated remotely by human
pilots, requiring a stable connection for transmitting control
commands and video streams fron%fonboard cameras [2].
Alternatively, the operator needs to maintain a direct line of
sight with the drone. These requirements limit the practicality
of sta systems. Consequently, the development of drones that
can autonomously hold their position, avoid obstacles, and
provide shared autonomy to the pilot would be a significant
improver . In this scenario, the primary task of the pilot
would be 10 select new positions to achieve the best possible
view of the situation [3], [4].

Unlike previous methods that utilize s
points in images, our approach estimates the camera motion
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by aligning]secutivc images using all available image
information based on the photo-consistency assumption.

To achieve precise control, it is necessary to measure the
position relative to a fixed coordinate system. In outdoor
scenarios, the Global Positioning System (GPS) or similar
satellite-based systems can be employed. However, when
operating in GPS-denied environments such as buildings,
alternative sensors must be utilized for position estimation.

When all the sensors required for position estimation are
carried by the drone itself, it is referred to as odometry. One of
early-stage transition measurement systems using acceleration
sensors, but this approach is sensitive to accumulated errors
for longer paths.

One type of sensor commonly used is cameras or lidar.
The camera image stream can be utilized to eslimaalhe
drone motion, and this odometry technique is known as visual
odometry.

Various systems exist, including those using monocular
or stereo cameras. The use of a stereo camera simplifies
the problem as the absolute depth of the scene is known
[1]. Standard approaches in visual odometry reduce the data
processing load by extracting feature points from the images.
Subsequently, motion is estimated based on correspondences
between these feature points two or more images, which
are commonly referred to as sparse visual odometry methods.

With the advancement of more powerful computing re-
sources, dense visual odometry methods have emerged. This
progress has been facilitated by the ailability of novel com-
modity stereo cameras that provide accurate color and depth
information at relatively high resolutions. These cameras are
known as RGB-D cameras. Dense visual odometry methods
offer advantages such increased accuracy and a simpler
processing pipeline [5]. While sparse visual odometry methods
have already been employed to stabilize and control drones,
the utilization of dense approaches for this purpose has not
been explored until recently. In literature [6], [7] there is
discussion on how to apply dense and sparse visual odometry
as trade off speed and accuracy.

B. Augmented Reality

Augmented Reality (AR) is a technology that enhances our
understanding of the real world by overlaying digital content,
such as images, videos, or 3D models, onto our surroundings.
By blending computer-generated elements with the physical




environment, AR allows us to simultaneously interact with
virtual and real objects [8].

To achieve this, AR typically relies on devices like smart-
phones, tablets, or specialized AR glasses, which are equipped
with a camera and display. These devices capture our view of
the real world and project virtual content onto it, seamlessly
integrating virtual objects with our physical surroundings in
real-time. This integration creates an engaging and interactive
experience where users can observe and interact with digital
elements that appear to exist alongside the real world [9].

C. Application of AR for drone simulation

More recently, the combination of drones with virtual and
augmented reality has introduced new experiences, including
first-person view (FPV) flights, AR training, and mixed-reality
g:ﬁs [1].

Learning to effectively pilot a drone can be a challenging
task. Traditional remote controllers are often unintuitive, re-
quiring the use of two joystito control flight parameters
like pitch and roll, and throttle yaw ons. Additional wheels
and buttons are used to manipulate the drone’s camera. While
basic movements can be achieved with short training sessions
dcr relaxed circumstances, executing complex maneuvers
can be more difficult. MoreoWaA, in challenging or stressful
situations, such as training, the lack of intuitive controls
imposes an additional cognitive load on the pilot, impacting
safety and efficiency. Therefore, the use of partial autonomy
in the movement of the drone is essential, so that the operator
can devote his or her attention to the task at hand rather than
to controlling the drone.

II. RELATED WORK

A. Registration

Registration refers to the process of aligning multiple im-
ages or frames to create a unified 3D representation of a
scene. Registration involves estimating the camera poses and
positions from which the images or frames were captured,
then aligning them to establish the spatial relationships
between the views. This alignment 1s essential for accurately
reconstructing the 3D geometry of the scene and obtaining a
consistent and coherent representation. The registration pro-
cess typically involves two main steps: feature extraction and
matching. Feature extraction involves identifying distinctive
points or patterns in the images or frames, such as corners or
edges. These features serve as reference points for matching
and aligning the views. In the matching step, corresponding
features across different views are identified, and the camera
poses and scene structure are estimated based on these corre-
spondences. Once the registration is complete, the algorithm
can proceed to triangulate the matched features to compute
the 3D structure of the scene.

B. Rigid body motion

The typical process of geometric registration involves two
main stages: global ali
global alignment stage, an initial estimate of the rigid motion

ment and local refinement. In the

between t me frames is computed. The local refinement
stage then refines this initial estimation to achieve a more
precise registration. The focus of this paper is primarily on
the second step, which utilizes the Iterative Closest Point (ICP)
method [10].

Most registration methods rely on candidate cc&spon-
dences for their operation. Popular methods utilize point-to-
point matches based on local geometric descriptors [11], while
others define (:ornpondcnc:cs based on pairs or tuples of
points [12]. Once candidate correspondences are gathered, the
alignment is estimated iteratively from a sparse subset of corre-
spondences. This iterative process often employs ran ized
algorithms such as RANSAC [11], [12]. However, existing
pipelines may require numerous iterations to obtain a suitable
correspondence set and achieve a reasonable alignment, espe-
cially in the presence of noise or partial surface overlap.

In many applications, there is prior knowledge that consecu-
tive data observations exhibit relatively small transformations.
This approach, known as local refinement, involves refining the
alignment based on a rough initial estimate, lead to a tight
registration that utilizes denser correspondences compared to
global alignment [13]. The ICP method and its variations are
commonly used for local refinement. The simplest version
of the ICP algorithm begins with an initial alignment and
alternates between establishing correspondences by finding the
closest point and recalculating the alignment based on the
current correspondence set. ICP can vield accurate results
when initialized near the optimal position, but it becomes
unreliable without proper initialization. Various approaches
have been explored in different papers [14], [15] to increase
ICP’s sensitivity to local optima. Modifications of the ICP
method exist that involve adjustments in the correspondence
or transformation paramelerlimalion steps [16].

However, these existing approaches still heavily rely on
a satisfactory initialization. Our research demonstrates that
the accuracy achieved by well-initialized local refinement
algorithms can be reliably attained without the need for
initialization. Moreover, this can be achieveP a significantly
reduced computational cost compared to the coarse global
alignment algorithms discussed earlier.

In a study by Park [14], a modiﬁcnon was proposed that
incorporates both geometry and the intensity of RGB color
values. This approach is particularly relevant when registration
involves a data stream from a source where conditions remain
unchgfiged, such as a continuous stream of frames with consis-
tent camera intrinsic parameters. e accumulated 3D model
can take various forms, such as a volumetric representation
[15], a 3D point cloud [5], or a set of depth maps.

C. Optical flow

One popular method for image processing, specifically for
determining thovement (speed and direction) of image
components, is optical flow. According to Akpinar et al. [17],
optical estimation algorithms can be categorized based
on their theoretical approach to interpreting optical flow. These




categories include differential techniques, region-based match-
ing, energy-based methods, and phase-based techniques. There
are two main groups of optical flow methods: local optical
flow, introduced by Lucas-Kanade [18], and global optical
flow, introduced by Horn and Schunck [19]. In our paper, we
primarily focus on the geometric aspect of registration, making
local optical low more suitable for our purposes [8], [20]. The
input data stream in our case consists of color RGB intensity
frames along with depth information.

D. ICP and modifications

The typical pipeline of geometric registration consist of two
stages: global alignment, which computes and initial transition
estimation of the rigid motion between two time frames and
local refinement, which refines the initial transition estimation
to obtain a tight registration. In this paper we mostly focused
on the second step where ICP method is applicable [10].

In this approach RGB-D images are used projected into 3D
space as point cloum'ypically, a sample point cloud from
an object’s surface 1s obtained from two or more points of
view in different reference frames. Registration task is to place
the data on a common frame of reference by estimating the
transformations between data sets. Since the data may contain
noise and not to be acum the estimating the transformation
parameters is difficult. A popular approach to solving this
problem is the class of algorithms based on the Iterative
Closest Point (ICP) technique [16].

ICP method is attractive for its simplicity, efficiency and
relatively quick convergeflelf the algorithm provided an initial
estimate is enough good. This difficult form of the problem oc-
curs when reconstructin e scene, searching for 3D objects,
relocating cameras, AR and other applications. To deal with
noisy data and partial overlap, practical registration pipelines
use iterative model fit structures such as RANSAC. Each
iteration takes a sample of a set of candidate correspondences,
creates a match based on those correspondences, and evaluates
that match. If a satisfactory match is found, it is refined by a
local registration algorithm such as ICP.

The combination of rough alignment based on sampling
and iterative local refinement is common in practice and is
not desphed to achieve tight registration even with difficult
inputs. While such registration flows are common, they have
significant drawbacks. Both the model fitting and the local
refinement steps are iterative and perform computationally
expensive Nearest Neighbor queries in their inner loops. Much
computational effort is spent testing candidate matches, which
then are rejected. And the inelegant decomposition into the
global alignment stage and the local refinement stage is itself
a consequence of the low precisifiel] of global frame alignment.

In literature [21], [16], [22] are proposed many methods
to estimate the pose of the 3D objects including feature ex-
traction methods, generalized surface approximations, shape-
based template matching methods, deep neural networks or
methods minimizing a cost metric of the measured points.
Feature based methods are negatively affected with sensor
noise. Also, they are computationally expensive methods for

complex shaped objects. Generalized geometric shapes are
sensitive to occlusions. For template based methods a template
defined with 3D meshes, and matching template requires an
extensive stored library. Deep learning methods applied for
pose estimation of the objects require sufficient data as well as
local and global features. When the correspondences between
the model and object point clouds in 3D S]ac are not known
the Iterative Closest Point (ICP) [16]. [7] based methods are
relatively simple and attractive solution to this pose estimation
praem,

Nevertheless, these approaches still rely on a satisfac-
tory initialization. Our work demonstrates that the accuracy
achieved by well-initialized local refinement algorithms can be
achieved reliably without an initialization, at a computational
cost that is more than an order of magnitude lower than the
coarse global alignment algorithms described earlier.

1
ITII. PROPOSED METHOD

Our objective is to compute the rigid body motion transition,
denoted as 1, which comprises a translation vector f and
a rotation matrix This transition aims to minimize the
disparity between two sets of points, O and M. In the
following subsections, we describe the process of identifying,
matching, and filtering suitable feature points. Additionally,
the subsequent section presents our proposed calculation for
pose estimation.

A. Detection and Matching of Visual Features

An RGB-D image encompasses a color image | and a depth
image [ captured within the same coordi framework. We
assume the availability of a pair of RGB-D mmages (/;, [J;) and
(I;. D), along with an initial transformation 7 that roughly
aligns (I(-a'_)(-) with ({;, D;). Moreover, let p = (u, 1.')T
represent a pixel in ([;, D;), and p’ = (u',v")7 denote the
corresponding pixel in (1, D;).

Our aim is to determine the OPEHI transformation that
achieves dense alignment between the two RGB-D images.
Even that the individual frames are temporally close, such

at the color intensity of pixel§Mloes not change rapidly, we
can set the initial match 70 as the identity matrix.

The initial step in registration involves selecting feature
points using the FAST method on the RGB image /. By
employing the FAST point detection method, we obtain a set of
feature points, denoted as . To address issues related scale
and rapid movement of individual points, we construct a scale
pyramid. The original RGB image [ serves as the first layer,
and subsequent layers are generated by successively reducing
the image size by a r of 2. Consequently, we obtain a set
N = B, of points, where k represents the number of layers
in the pyramid.

Next, we employ the local optical flow method to track the
SClected points V;_ - ; from image /; onto the consecutive
image [;. Let O;_-.; denote the set of successfully tracked
points, and C;_-; represent their corresponding movement
vectors.




Then, the mapping of the RGB-D image pixel, p = (u,v)7,
with its corresponding depth value, d = D(p), to 3D space is
achieved through the projection function, denoted as m:

T
wlu,v,d) = [(u —ff-',,-)d (v = Cn]d,ff, 1:] )

x ' Jf_?-‘

Here, f, and f, represent the camera focal lengths, and
(cy, ¢y) denotes the principal point. Conversely, the inverse
projection function, 7w~ 1 is defined as follows:

T
zf. Lo, y;ﬂ, N %2) R

F4

(D

7 (zy,2,1) = (

Bynplying the projection function, m, to the set of points,
O;_~, the 3D point set, IW;_-;, is obtained:

Wisj =7 (0i—=j) (3)

In practice, certain RGB-D image pixels nn lack a defined
depth component, rendering them unable to be projected into
3D space. In such cases, these pixels are not used for 3D
projection. The set W} ; is also referred to as the point cloud.

The photometric objective 1s to find a transformation, T that
satisfies:

p= frI(T?r(p*,D(p*m. )

This implies that the projection of pixels, p and p/, should
correspond to the same point in 3D space:

m(p, D(p)) = Tn(p’, D(p')). (5)
B. Pose Estimation

The Iterative Closest Point (ICP) algorithm consists of two
steps: comespondence estimation and transformation parameter
estimation. In the first iteration, we consider two consecutive
imaggMrames: the current (f;, [J;) and the registered (/;,
Dy;). The objective of the correspondence estimation step in
ICP is to establish a mapping function, ¢, that defines the
correspondence between [; and [;:

p=a(p). (6)

In the proposed method, the function ¢ is defined by C'; .. ;.
and it does not need to be recalculated at each loop step.

The estimation of transformation parameters is accom-
plished by seeking a transformation, 7" that minimizes the

objective function:

Ty1 = argming Y || m(p;, D(pi))—

=1

Tu :~D : 2
w0 D@)) | -

o [
= argming Y || w(6(p). D(B()) -

i=1

T“?T(p:.D(p:]) ||23pi.~p: € O

1

Here, n denotes the !cration step counter. The computations
may be terminated after a predetermined number of iterations
or when the estimate.

The iteration step cotlMer, n, determines the completion
of computations, either when the predetermined number of
iterations has been reached or when the estimated 1" is deemed
sufficient.

The optimization problem (7) is solved using the Gauss-
Newton method. In each iteration, 7" is locally linearized as
a 6-element vector, £ = (wy,wa,ws, t1, s, t3), which consists
of the rotation component, w, and the translation component,
t:

1 —lg [ t]_
T ~ ws 1 —w1 to T 8)
- —Wa Wy 1 f:; "

0 0 0 1

By utilizing the Gauss-Newton optimization scheme, £ is
calculated by solving the linear system:

Tre=—Jfr (9)

Here, r represents the residual vector, and .J. denotes the
Jacobian. In each optimization step, 2, r and .J, are computed.
Subsequently, T}, is derived from £ (see equation 8). The next
update of T involves applying T}, using the transformation to
the SE(3) group.

The calculation of transition 7" between two consecutive
frames can be extended for the next frames, then the sequence
of frames can be merged in one point cloud. The stability
of this method depends mainly on key point selection and
optimization criteria. There are techniques for improving the
quality of calculation and reducing drift. One of them is
using keyframes and triangulation of keyframes to improve
performance.

C. 3D drone simulator

The presented environment mapping algorithm was applied
to a 3D simulation of a virtual drone. The main objective of
the simulator is to learn how to pilot a virtual drone in a real
environment. This requires an accurate map of the environment
and locating the drone model based on information from the
environment. It is assumed that the system detects collisions
between the drone model and the mapped environment and can
autonomously determine a route without causing a collision.
The main data collection device is a camera in the hands of
the operator. This can be a mobile camera or a smartphone.
In this case, the model of the drone will be shown on the
smartphone screen in the correct position relative to the map
of the environment.

For point cloud rendering
(http://www.open3d.org/) was used,
maps are test data from Open3D.

By employing image registration techniques in this manner,
the drone simulator can generate a virtual environment that
accurately represents the real-world scenes captured by the
RGB-D camera.

Open3D  framework
and presented 3D




Drone camera position 1

W

Drone camera position 2

Fig. 1. AR image with drone and 3D environment map.

D. Experimental results

1) Reconstructing the Scene: Figure 1 illustrates the pro-
cess of reconstructing a scene using a set of frames. Both
images present a point cloud of environment and virtual drone
location.

2) Application for 3D virtual drone simulator: The pro-
posed method was implemented to develop an AR systmhat
allows maneuvering 3D virtual drone. Image 2 presents a point
cloud map of the environment using heat map colors. The top
image presents a virtual 3D drone in the start location. On
the bottom row there is presented drone position at keyframe
locations and trajectory as the green solid line.

1
IV. CONCLUSION

The article introduces an approach to address image regis-
tration in a sequence of multipleffames. The method proposed
in the article utilizes data from an RGB-D camera that moves
within a static environment. It is important to note that the
article does not address the loop closure problem. This is a
subject for future work.
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