











Fig. 5. Experimental setup showing LiDAR sensor and camera on vehicle’s
roof (left) and flying drone above vehicle (right)

images, choosing three distinct perspectives resulting in three
rectified images and detect one VP in each view. In total,
we obtain three non-collinear VPs per frame. For faster
processing of the line detection, we resize the rectified
images to 428x428.

For VP detection, we first perform a line detection algo-
rithm [28]. Then, we divide the image into equally sampled
square grids and choose the grid where most distinct lines
pass through. We then run a single VP detection algorithm
similar to [29] for the selected grid.

The accuracy of the rotation estimation is mainly depen-
dent on the accuracy of VP detection. To improve accuracy,
we chose only to use the two best pairs of corresponding
VPs. We also perform an extended Kalman filter for the
GrD rotation to prevent large variation in rotations, which
can result in the swapping of axes.

D. Solving the Drone Trajectory

We can obtain a reliable correction matrix R B — fo if
we can accurately estimate the translation vectors fp and
fD. However, these translation vectors are highly dependent
on the accuracy of LiDAR detection and the relative pose
estimation of the drone. The inaccuracy increases when the
motion of the drone is very small or within the margin of
error of the LiDAR scanning system.

To address this problem, we sum a sequence of frames
that have consistent motion direction (at maximum 30° angle
difference). Taking the direction vectors of the last seven
frames, we redefine (9) as:

X7
fp=

k=0

fpx. (11)
Additionally, to obtain more a reliable fpp, we choose
distant frames to accumulate a longer translation. In this case,
we set j ¢ =14 and a distance threshold of 1m.

It follows that if fp is reliable, we can assume that fD is
also reliable. In this case, we solve f p in the same manner.
To solve ¢, ,, for each drone frame, we use the 5-point
algorithm [23] with SURF as feature detector [14].

VII. RESULTS AND DISCUSSION

We test our algorithm on real-world scenes using a car and
a flying drone. In this paper, we present four experiments

Initial detection Tracking trajectory

Fig. 6. Depth of the scene with the detected drone (bounding box) and its
tracked trajectory (white crosses). The left image shows the detection result
of the initial scan. The right image shows the current depth image and
detected drone at a certain point during tracking together with the tracked
trajectory.

Az Ay Az
Exp. 1 | 0.1503m | 0.151Im | 0.0873m
Exp. 2 | 0.2498m | 0.3099m | 0.1372m
Exp.3 | 0.2910m | 0.4117m | 0.2319m
Exp. 4 | 0.5519m | 0.4480m | 0.2403m
TABLE I

EXPERIMENTS’ ROOT-MEAN-SQUARE ERRORS OF POSITION
COORDINATES WITH RESPECT TO REFERENCE DATA

and test the accuracy of our proposed drone detection and
tracking algorithm (Sec. IV) and orientation estimation using
VPs (Sec. V). In each experiment, we allow the vehicle and
drone to move independently from each other. The following
evaluations are described in the vehicle’s camera right-
handed coordinate system, where the x-axis points towards
the vehicle’s front direction, y-axis to the left, and z-axis to
the top (compare Fig. 4).

A. Reference Data

The reference data is obtained using a precise and colored
dense 3D model obtained from laser range finder ZF Imager
5010C [30] and aligned images from cameras on drone
and vehicle. First, we calculate the camera motion without
absolute scales using structure-from-motion implemented in
MetaShape [31]. Then, we manually select corresponding
feature points in several fisheye images and the 3D model.
Finally, the absolute scale and camera positions in the 3D
model are optimized by minimizing the re-projection error
of the 2D-3D correspondences.

B. Accuracy of Drone Detection and Tracking

A sample depth image for the initial drone detection,
as well as the continuous tracking, is shown in Fig. 6. In
this environment, objects that are sparse, such as trees, can
be detected as the drone. Nevertheless, using our proposed
method, we eliminated this problem by explicitly finding
an object of the actual size and shape of the drone. From
our results, we can see that even though sparse areas exist,
and that the LiDAR points are very sparse, we can still
successfully detect and continuously track the drone.

We show the results of our relative position estimation in
Fig. 7. We can see from the plots that we are able to achieve
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Fig. 7.

Experiment results: Comparison of GrD position (above) and rotation (below) with reference data (subscript ). When there is a big gap between

the reference and estimated rotation, our proposed rotation correction algorithm (Sec. M) detects and corrects the rotation at k;,,¢.

Fig. 8. Detected VPs in vehicle’s (left) and drone’s (right) fisheye lens
images (same colors indicate corresponding VPs)
Arz Ary Arz

Exp. 1 | 3.6211° | 1.5556° | 5.5220°

Exp. 2 | 2.0632° | 1.7900° | 5.8581°

Exp. 3 | 2.3885° | 2.0870° | 5.2923°

Exp. 4 | 1.4057° | 2.9891° | 3.3560°

TABLE 11

EXPERIMENTS’ ROOT-MEAN-SQUARE ERRORS OF EULER ANGLES WITH
RESPECT TO REFERENCE DATA AFTER TIME STEP k;p it OR, IN CASE OF
EXPERIMENT 4, k = 0

highly accurate GrD position estimates with an average error
of less than 0.6m. We summarize the root-mean-square errors
with respect to the reference values in Tab.

C. Accuracy of Orientation Estimation using VPs

In the presented experiments, we show how our method
can correct the alignment between VPs online. To set this up,
we ran the VP alignment at the beginning of the experiments
with an arbitrarily set rotation. Naturally, the VPs will align
with the shortest angle difference. If the initial value is
wrong, the rotation can lock on the wrong rotation (before
kinit in Flg .

After the movement of the drone is detected and a reliable
estimate of the correction matrix is acquired, our algorithm
updates the estimated rotation (after k;,;; in Fig. [7). From
the results, we can see that that the estimated rotation is

consistent with the reference data. The average error between
estimation and reference data is less than 6°. We summarize
the rotation error in Tab. [

In experiment 3, the VP rotation tracker failed to follow
the fast rotating drone due to our Kalman filter imple-
mentation. We set the parameters of the KF to naturally
clean up the highly inaccurate VP detection. Because of
this, we set the KF to allow only a slow angular velocity.
Nevertheless, our correction technique still detected the error
and successfully corrected the rotation.

In experiment 4, the initial rotation is close to the correct
rotation, and therefore, the correction matrix did not have to
compensate for the estimation. We believe that the remaining
inaccuracies in the rotation estimation are mainly due to
inaccurate VP detection.

VIII. CONCLUSIONS

We presented a cost-effective ground vehicle - drone
relative pose estimation demonstration system using a Li-
DAR sensor mounted on a rotating motor and two fisheye
cameras. The system is fully-automatic, e.g., it can recover
the pose in the middle of deployment by reasoning on the
relative motions between the two cameras. To the best of our
knowledge, this is the first relative pose estimation method
with scale between a drone and a vehicle utilizing a single
LiDAR sensor and two cameras.

Our experiments showed that we can successfully detect
and track the relative pose between a ground vehicle and a
drone. However, for future work, there are several improve-
ments that can be done. The drone detection algorithm can be
extended by considering occlusion handling or distinguishing
drones from other similar objects. To improve the accuracy
of the rotation estimation, a more reliable VP detection
algorithm can be used, for example, by detecting multiple
VPs directly in a fisheye lens image. Additional sensors can
also be added, such as gravity sensors and IMUs.
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