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Abstract— This study proposes to employ a rendering engine
as a tool for recognition and control. The example of the
study primarily demonstrates controlling two types of vehicles:
a rover and a drone. The controls require recognizing a
three-dimensional space and simulating movement in advance,
and a renderer embedded in the controller enables more
intuitive recognition and control. For example, it is possible
to match the geometry and camera images obtained from the
rover by switching them to the drone’s point of view. The
renderer is newly implemented and embedded in the controller
to avoid the heavy computational demands of commercial
engines. Consequently, this paper presents the corresponding
experiments in the experimental section, with explanations
based on simulations discussed in the implementation section.
In conclusion, this study proposes a renderer that has been
thoroughly researched as a recognition tool and shows an
example.

I. INTRODUCTION

Environmental recognition through sensors is very im-
portant in robotics, autonomous driving, and drones. The
author of this paper has studied how intuitive recognition
and control are when a renderer is built into the controller.
In most cases, a renderer has been used primarily for
visualization. By embedding a renderer in the controller,
it becomes possible to sample beyond the sensor’s current
scope or create alternative views by resampling objects in a
virtual space rather than just relying on direct sensor feed-
back. However, a dedicated renderer was introduced since it
takes too much computing power for a commercial engine.
In conclusion, utilizing a renderer as a recognition tool
enables the intuitive development of control and recognition
algorithms by reproducing the simulation’s benefits and the
sensor’s extracted features.

Figure 1 shows the rover system’s structure[1]. The
features are extracted from the sensor, represented in the
renderer, and resampled. In previous studies, this system
produced SLAM-like applications.

Figure 2 shows a drone control(Tello EDU) system with a
single camera, the Attitude Reference Sensor (ARS), and an
altitude sensor that measures the distance to the floor. The
odometry tracker uses image processing, feature prediction,
and location information from an external tracking of its
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Fig. 1. Structure of the proposed software platform for active sensing
robots: Rover

Fig. 2. Structure of the proposed software platform for active sensing
robots: Drone

location as the drone moves. The take-off and landing
operator is provided with the initial feature at the time of
takeoff through the image synthesis of the rover, and by
estimating the location at the time of landing, it can land
on the rover again.

To prove the effectiveness of this study, it will show the
cooperation of heterogeneous devices. The rover can operate
for a relatively long time and has a large payload with
multiple sensors. Moreover, the computing power is greater
than that of other types of vehicles. However, in the case
of drones, only a single camera, ARS, and altitude sensors
are installed due to payload limitations. Still, they can fly to
places the rover cannot go or recognize the environment at
a higher altitude. Because the ARS is not synchronized with
the monocular cameras and is somewhat limited in localizing
within the environment, the rover’s spatial information is
crucial for tracking the location and guiding take-off and
landing. This process rendered centralized data and resam-
pled with different view rovers to the drone.
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Fig. 3. Left: Actual platform (Rover and Drone: Tello EDU)), Right:
Simulation Environment

In conclusion, this study aims to show how important the
embedded renderer is in recognition and control to carry out
a mission that complements the two types of vehicles with
actual platform and simulation like Figure 3.

II. RELATED WORK

The author of this study conducted a series of studies in
which a renderer is manipulated to recognize and argues that
this is the novelty of this research. If we have technologies
that have been thoroughly researched so far, not necessarily
end-to-end, the studies are being conducted to utilize them
better.

A. Computer Vision Process, Computer Graphics, Projection
Geometry

In this study, textbook-level technologies in three inter-
twined fields were constantly used. Computer graphics is a
rendering technology [2] that projects three-dimensional into
two-dimensional space. In projection geometry[3], for exam-
ple, three-dimensional data are obtained in two-dimensional
features in areas such as Structure for Motion(SfM)[4].
Moreover, Computer vision[5] provides several signal-
processing grounds for image processing.

B. Simultaneous Localization And Mapping (SLAM), Visual
odometry(VO), Iterative Closest Point(ICP)

The field of tracking the movement of an object is
called odometry. For example, wheel odometry, which counts
wheels with encoders; visual odometry or visual-inertial
odometry [6], which tracks the trajectory with cameras;
and ICP[7], [8], which tracks with point clouds throughout
LIDAR, can be listed. Since this odometry has errors such
as drift, which eventually accumulate, techniques such as
loop closure, filter, and relocalization are needed to revise
errors. SLAM[9], [10], [11], the collective name for these
techniques, provides the theoretical basis for this study,
which requires tracking the location of vehicles.

Fig. 4. Prediction for moving forward and rotating left: The tail of the
red arrow represents the starting point of the motion, whereas the head
represents the endpoint of the predicted motion.

C. Prior Study

The prior study[1]’s implementation controlled a rover
by developing SLAM-like technology with a controller
equipped with a rendering engine. Among them, this sub-
chapter lists the parts used in this study.

• Prediction of the movement of feature points on odom-
etry with the driving model: Since the rover rotates and
moves forth or back, it is possible to predict the moving
trajectory if the 3D point of the feature point is known.
The renderer draws the trajectory with 3D points before
and after movement. If there is a feature point on this
trajectory, it can reduce computing power because it
operates like an initial guess like Figure 4.

• Predictive scene generation: The rover can use the depth
camera to reconstruct the scene’s geometry and texture
with a sequence of images on movement or interpola-
tion. The agent can generate scenes with different poses
and positions with a view change.
The left picture in the figure is obtained by the rover’s
RGBD camera, and the right is obtained after moving
forward the view and rotating it to the left.
Figure 5.1 is the scene obtained from the rover af-
ter moving around more than 10 meters. While the
odometry calculates the rover’s position and pose, er-
rors gradually accumulate. Figure 5.2 was generated
by moving the view to the position and the position
of the odometry. These two figures can be matched,
and the rover’s position can be corrected. That is, the
accumulated error in the odometry can be reduced to
the degree of measurement error in the RGBD camera.

As an extension of this study, the goal is to control the

1537



Fig. 5. Scene generation and matching : 1: image after traveling 2:
generated scene on position and pose where odometry indicates 3: matching
two scenes with SIFT algorithm

odometry, tracking, and landing of a drone that took off from
the rover and to obtain high-altitude scenes that could not
be obtained from the rover.

III. IMPLEMENT

A. Locomotion Model

The drone used in this study supports position con-
trol mode. It supports transition x(left/right), y(up/down),
z(forward/backward) movement and yaw rotation. Since per-
forming control at a lower level than the position level
in a non-real-time operating system is inappropriate, the
simulation and the experiment are conducted with position
control mode. A key difference from the rover is that, due
to the drone’s movement characteristics, a change in pose
is inevitable, as illustrated in Figure 6. For example, if you
move forward, it is accompanied by a change in the pitch.
Therefore, the model is modified by giving the angle of the
pose to the acceleration/deceleration section of the transition.

xposition =
∑

Speed · cos(yawpose)∆t

yposition =
∑

Speed · sin(yawpose)∆t

Attitudepose = α ·MovingAverage(Acceleration)

The attitude means pitch in the case of z-locomotion and
roll in the case of x-locomotion. The alpha of the formula
was measured with the maximum point of the movement
result of the optical flow in the actual image.

The odometry is performed with the yaw value and the
position of the command. Still, the measurement of the
single action (rotation, transition, hovering) is measured in

Fig. 6. Locomotion Sequence: (1)Start (2)Acceleration (3)Cruise (4)De-
celeration (5)Arrival

Fig. 7. Feature prediction on moving up

the experimental chapter to see how much error there is. This
is the value that the drone system has when the performance
value of this odometry cannot be corrected from external
data.

B. Odometry and Tracking

Since errors accumulate in odometry, correction must be
performed. The location of the odometry and the relative
location seen from the rover are updated by applying a linear
Kalman filter. The prediction of the feature, the position
seen from the rover, is considered an observation, and the
prediction of the feature is used as a model.

Trajectory prediction of feature points for the moving
model: It is possible to predict where the feature will move
before the vehicle moves like Figure 7. 3D coordinates are
not required in the case of rotation, but the translation must
obtain the first 3D point from the rover. This process takes
place before takeoff.

When the rover can see the drone, the location of the drone
is specified by combining the results of object detection[12],
difference image, and moving object detection, and the
drone’s location is updated to the smallest value in the depth
map. This is because there are many non-drone pixels in the
bounding box, like Figure 8, and the drone size is small.

P̄k+1 = P +Q (1)

P is a covariance matrix, and Q is the noise of the depth
camera.
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Fig. 8. Object Detection- Left: Simulation, Right: Experiment

z = PosV O (2)

PosV O, PoseV O = min

(√
(OInit ·R · T −OOpt)2

)
(3)

z is a visual odometry result. VO minimizes error rotation
matrix R and translation matrix T.

K = P̄ ·HT · (H · P̄ ·HT +R)−1 (4)

x̄ = Nrover ·Depthrover, x = x̄+K · (z −H · x̄) (5)

x is the drone’s position of YOLO detection from the
rover. N is a normalized plane vector of the rover’s camera
and a minimum depth of the bounding box.

P = P̄ +K ·H · P̄ (6)

With a Kalman filter of equations (1) to (6), the position
observed in the rover and the position estimated by the drone
from the three-dimensional data received from the rover are
fused. The yaw is depend on visual odometry.

C. Taking off and Landing Process

The drone must return to the rover at the end of the
mission because the flight time limit is shorter than the
rover’s operating time. Since takeoff presupposes that the
camera and the drone are set in the same direction, they can
share the same field of view and obtain 3D coordinates of
the feature points once they take off.

Figure 9 is a flowchart of the procedure for taking off,
exploring the surroundings, and landing back on the rover.
In the 3D points-shared state, the drone takes off. It is
recognized that the distance to the ground has deviated from
the rover as it moves. The rover moves while carrying out
the mission and then returns on the rover. At this stage, it
is recognized that the drone is hovering on the rover when
the distance to the ground has decreased significantly. Match
the x and z positions with the rover’s screen and the drone’s
position, and land to retrieve the drone.

Fig. 9. Prediction for moving forward and rotating left: The tail of the
red arrow represents the starting point of the motion, whereas the head
represents the endpoint of the predicted motion.

IV. EXPERIMENT

A. Drone Camera Scene Generation and Matching Test

Before takeoff, the drone obtains the position of the feature
point visible from the drone from the reconstruction obtained
from the rover. After calibrating the drone camera[13], the
agent produces the scene again with the obtained drone’s
intrinsic parameter. Assuming that the starting position is
always the same, only the relative pose for the rover is
obtained. When the error in the coordinates of the SIFT[14]
matching algorithm is the smallest within the range of the
2-sigma standard deviation, the matching group is obtained
like Figure 11.

The initial drone setting position is manually set the drone
to (0 cm, 4 cm, 11 cm) compared to the camera, as shown
in Figure 3. After SIFT matching is performed, the matching
points are not horizontal and have different positions on the
pixel frame, as shown in Figure 10; in addition, the field of
view(FOV) is different, and the x and y coordinates of the
matched points are different, so even if there is an error in
matching, it cannot be detected. Therefore, the FOV is set
equally through scene generation, the position is known, the
pose is assumed to have an offset, and the optimal matching
position is found by changing the pose to be brute-force.

B. Singe Action Experiment Evaluation of Locomotion

Table I shows the result of receiving 3D coordinates from
a rover, performing only one action after takeoff, landing,

1539



Fig. 10. SIFT Matching without Scene Generation: Left(Drone’s camera
image), Right(Rover’s view)

Fig. 11. SIFT Matching result: Left(Drone’s camera image),
Right(Generated image by the Renderer)

and manual measurement. Since all motions are composed
of these single actions, it is possible to predict drift before
external information corrects the accumulation of errors.
Each scenario was conducted and measured five times.

TABLE I
ERROR RATE ON SINGLE LOCOMOTION

Movement Error
Move Forward 0.5 meter 15.2%
Move Forward 1 meter 14.7%

Move Backward 0.5 meter 15.3%
Move Backward 1 meter 13.8%

Move Left 0.5 meter 12.1%
Move Left 1 meter 11.3%

Move Right 0.5 meter 13.2%
Move Right 1 meter 11.3%

Move Rotate 30 degrees 9.2%
Move Rotate 45 degrees 7.9%
Move Rotate 90 degrees 8.6%
Move Rotate -30 degrees 8.9%
Move Rotate -45 degrees 8.4%
Move Rotate -90 degrees 9.5%

The author’s lab has several of the same models, so
when tested, there are individual differences and biases. For
example, forward movement has only positive errors and
backward movement has only negative errors. Most of them
estimate that yaw rotation is about 10% per single action and
movement is about 15-20%.

Fig. 12. Test Sequence: (1)Take-off (2)Moving-out, Taking-out a scene
(3)Moving-in (4)Landing

Fig. 13. Drone Optical flow on Odometry: Left(Long-Term), Right(short-
Term)

Fig. 14. Left: Scene of the rover’s camera, Right: Scene updated by the
Drone

C. Take-off, Flight and Landing Sequential Test

As the final test, as shown in Figure 12, after taking off
and moving to leave the rover, obtaining a scene that cannot
be seen in the rover, it returns to the top of the rover and
lands. Since the base for landing the drone is 30cm by 30cm
like Figure 3, it can be landed if there is a precision of
approximately +-15cm.

To calculate the odometry, optical flow features are re-
ceived from the SW platform. The long term used good
FeaturesToTrack[15], and the short term used the Features
from Accelerated Segment Test(FAST)[16] algorithm like
Figure 13.
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Fig. 15. Estimated Trajectory: Take-off(green),Moving forward(Orange),
Moving backward and Landing process(Read), Landing(Black)

Figure 14 is a picture taken by the drone outside the view
of the rover. It is written ”DRONE TEST SII 2025”. The test
trajectory is shown in Figure 15. Errors that landed at this
time have an average of 13.2 cm and a standard deviation of
5.1 cm in 10 repetitions. Since the landing base has guards
to protect, the case where it landed on the guard was treated
as 15 cm.

V. CONCLUSIONS

A. Discussion

As a result of this study, the agent can transfer geometry
information by converting it into a viewpoint viewed by other
types of robots through geometry taken from one robot and
camera images by its embedded renderer. Therefore, this
study reveals that it can be used to control small agents
that do not have geometry. This type of utilization can be
used for heterogeneous equipment to share the same three-
dimensional space to integrate, resample, and control data.

B. Conclusion and Contribution

A series of studies[1], [17], [18], [19], including this study,
contribute to using it for spatial recognition of a renderer. In
particular, in this study, collaboration with other types of ve-
hicle drones was implemented using data obtained from the
rover. As vehicles with two complementary characteristics
collaborate, a process for operating and gains was proposed.
Through this study, it is proposed that the vehicle controller
reconstructs and maintains a three-dimensional space in the
future and performs control while re-sampling there.

C. Future-work

The drones used in this study are commercial and too
small to install manually. Therefore, it is an inconvenience
that a person has to charge and position it again after
each landing. It would have been a more attractive project

with more custom drones using wireless charging devices.
If multiple drones can repeat taking off and landing while
charging themselves, the rover’s limitations and small indoor
drones’ limitations can be supplemented.
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