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Abstract Researchers are studying the use of deep learning to detect moving objects in drone images.
The accuracy of the model used depends on the quality of the training data, which highlights the
importance of collecting high-quality training data. Methods for collecting training data have
disadvantages such as high costs, reliance on synthetic data, and a need for initial training data.
Therefore, this study presents a method for obtaining initial training data by matching moving objects
in drone images using feature matching. To achieve this objective, we compared the performance of the
KAZE, ORB, SIFT, and SURF algorithms by conducting feature matching between reference objects and
other images in a series of drone images. In experiments, the KAZE and SURF algorithms performed well
in terms of the average number of matching points and showed an average accuracy of over 90%.
Additionally, both algorithms consistently outperformed other algorithms in tracking the relative position
changes between moving objects and the drone, as well as changes in the intensity of moving objects.

The results confirmed that training data can be efficiently obtained from drone images.
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Table 1. Classification of experimental data based
on the spatial relationship between drone
and vehicles.

. The direction of the drone and
Case Vehicle state .
the vehicle
A stopped parallel
B stopped Almost perpendicular
C moving parallel
D moving Almost perpendicular
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Table 2. Classification of Intensity

Case Intensity Range of values

11 (Intensity 1) White 150=

12 (Intensity 2) Gray 90=

13 (Intensity 3) Black 60=
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Fig. 3. Drone images for case C
Images of moving vehicles captured sequentially in parallel
to their direction (Case C). A series of images in the
order of (a), and (b) with (a) as the reference image.

Fig. 1. Drone images for case A
Images of stationary vehicles captured sequentially in parallel
to their direction (Case A). A series of images in the
order of (b), (a), and (c) with (a) as the reference image.

Fig. 2. Drone images for case B
Images of stationary vehicles captured sequentially in
perpendicular to their direction (Case B). A series of
images in the order of (b), (a), and (c) with (a) as the
reference image.
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Fig. 4. Drone images for case D
Images of moving vehicles captured sequentially in
perpendicular to their direction (Case D). A series of
images in the order of (a), (b), and (c) with (a) as the
reference image. Also, a series of images in the order
of (d), and (e) with (d) as the reference image.
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Table 3. Classification of Intensity

Level Correct point
L1 (Level 1) Vehicle
12 (Level 2) Similar Vehicle with Intensity and Size
L3 (Level 3) Same Vehicle
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Table 4. Feature matching results of relative position variation between vehicle objects and drones

Total

Level

Case Algorithm

Matched Point

KAZE 10

ORB

Case A
SIFT

SURF

KAZE

ORB

Case B
SIFT

[N N el e =]

SURF

KAZE

w

ORB

Case C
SIFT

SURF

KAZE

ORB

Case D
SIFT

N = O [ [ 3|

SURF

Total

Level

Case Algorithm

Matched Point

L1 L2 L3

KAZE

100% 100% 100%

ORB

Case A
SIFT

75% 75% 75%

SURF

100% 100% 100%

KAZE

88% 88% 88%

ORB

Case B
SIFT

75% 75% 75%

SURF

83% 83% 83%

KAZE

93% 93% 80%

ORB

Case C
SIFT

SURF

100% 100% 100%

KAZE

100% 80% 80%

ORB

Case D
SIFT

= O (WU [N

SURF

100% 100% 75%
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Table 5. Feature matching results of vehicle intensity variation

Total Level
Intensity Algorithm Matched Point 0 o 3
KAZE 17 16 16 15
ORB 1 1 1 1
" SIFT 6 6 6 5
SURF 14 14 13 12
KAZE 7 7 7 7
ORB 0 0 0 0
2 SIFT 2 1 1 1
SURF 4 4 4 4
KAZE 4 3 3 3
ORB 0 0 0 0
B SIFT 1 1 1 1
SURF 0 0 0 0
Intensity Algorithm MatcEZ(tialPoint 0 Li‘;el 3
KAZE 17 94% 94% 88%
ORB 1 - - -
1 SIFT 6 100% 100% 83%
SURF 14 100% 93% 86%
KAZE 7 100% 100% 100%
o ORB 0 - - -
SIFT 2 - - -
SURF 4 100% 100% 100%
KAZE 4 75% 75% 75%
3 ORB 0 - - -
SIFT 1 - - -
SURF 0 - - -
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Fig. 5. Example of Feature matching Result (Case A-11)
(a) KAZE (b) ORB (c) SIFT (d) SURF

I
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(@ )

Fig. 6. Example of vehicle object extraction using
feature matching results for training data
(a) cropped image of the detected vehicle using the
feature matching (b) extracted polygon type objects
using SAM
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