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Abstract: The development of technology has made it possible to use images captured by unmanned
aerial vehicles (UAVS) to recognize objects on the Earth's surface, including aircraft. The high
resolution of UAV images allows the implementation of significantly simpler algorithms than those
using deep learning and neural networks. The paper proposes an algorithm for small aircraft
recognition based on matching with reference images of aircraft (templates). The algorithm consists of
three stages. At the first stage pre-filtering of the images is carried out in order to achieve better
distinction between aircraft and background. On the second stage a morphological image processing
and image segmentation are applied. On the third stage a correlation processing is used to compare
the detected segments potentially containing an aircraft with the templates. In all studied cases the

aircraft were successfully recognized and there wasn't any false recognition.

Keywords: remote sensing, aircraft recognition, image processing, UAV imagery

1. Introduction

The remote sensing of the Earth’s surface is
increasingly used in various fields of
human activity. The satellite [3, 4, 7] and
air vehicle [10, 17, 18] imagery is one of
the key tools used for surveillance of the
surface and various objects on it. The
remote sensing is used for both military
[2, 10, 15,16] and civilian  purposes
[11, 13, 18].

One of the modern tasks of the remote
sensing is aircraft detection and recognition
[1, 6, 10, 14, 18]. The experience of many
years of remote sensing using satellites has
led to a large number of studies and to the
development of different algorithms for
aircraft detection and recognition [2, 4, 7].
In the last decades the technological
development allows the use of aircraft for
surveillance and objects detection onto
ground surface [10, 17, 18].
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The edge architecture, scale and shape are
the most used features of aircraft [1, 3, 17].
A variety of aircraft recognition algorithms
utilizing neural networks have been
developed [4,7,10,17]. Some of these
algorithms are based on the deep learning
[1, 2, 18, 19]. Using wide databases to train
the neural networks, the important features
of the aircraft could be extracted from
images and the aircraft recognition
reliability could be increased. The
algorithms based on neural networks
require an extensive model database of the
various aircraft types and they demand
significant computing power.

Most of the modern algorithms are used for
large civilian and military aircraft detection
on airports or in the airspace. Because of
this and their complexy, the algorithms with
neural networks are not suitable for the
detection of small aircraft in the absence of
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a reference database. Some of the
techniques for object detection use
handmade predefined characteristics, but
because of their inherent limitations, they
are not widely used.

An ever-increasing number of people could
afford to purchase a small piloted aircraft
nowadays. The growth of flights with small
aircraft increasec the probability of
accidents. They can land on unequipped
grass areas, which on the one hand, allows
them to land on ordinary meadows in case
of emergency, but on the other hand, it
makes search and rescue operations more
difficult. At the same time, such aircraft
could be used in illegal activities. Due to
their flying at low altitudes and not always
in controlled airspace, it may be necessary
to search for such aircraft in unknown
landing areas.

Sometimes it is important to track if an
aircraft is preparing for take-off. Unmanned
aerial vehicles (UAVS) are a promising tool
for solving these problems.

Applications of aerial photography systems
on unmanned aerial vehicles (UAV) have
seen a rapid increase [14,17] and some
researchers have sought ways to simplify the
algorithms for aircraft recognition [8, 9, 17].
The quality of the images from UAVs is high
which allows the algorithms that utilize
template matching to be used for small
aircraft recognition. These algorithms rely on
the unique shape of each aircraft model.
Methods of image enhancement [5, 12],
morphological image processing, image
segmentation [5,8] and image correlation
processing [9] are used in such algorithms.

In this paper an algorithm for small aircraft
recognition based on template matching is
proposed. It is a combination of the
modified algorithms presented in [8, 9].
The algorithm consists of three stages —
pre-filtering, segmentation and template
matching by correlation processing. The
algorithm is applied to 66 images of two
aircraft — Cessna 150 and Zlin 242L. The
results show reliable recognition of both
aircraft in each of the images.
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2. Materials and Methods

2.1. Materials

The images used in the paper were taken by
a copter UAV DJI Mini 3 Pro. It is
equipped with a Global Navigation Satellite
System receiver which determines the
geodetic coordinates (latitude, longitude
and height) of the points where images
were taken and records them in the images’
meta data. The camera is stabilized and has
focal length F = 6.72 mm, aspect ratio
%, an angle of view FOV = 82.1°,
image size in height N, = 2268 pixels,
images size in width N, = 4032 pixels.
Twenty-three images of a Cessna 150
aircraft were taken at different heights from
about 20 m to about 100 m at an airfield
close to the city of Pleven, Bulgaria. Forty-
five images of a Zlin 242L aircraft were
taken at different heights from about 20 m
to about 60 m at another airfield close to the
city of Pleven, Bulgaria. The algorithm was
implemented in MATLAB.

2.2. Image Pre-Filtering

As it was mentioned, small aircraft are
often situated on grass-covered grounds.
Also, the shadow that the aircraft casts on
the ground is of a different shape than its.
In [8], a pre-filtering algorithm is proposed
that takes into account the differences in the
structure of aircraft and grass images. The
studies show that this algorithm doesn’t
work so well when the aircraft is onto an
asphalt runway. A modified pre-filtering
algorithm is proposed in the paper that
exploits the fact that large areas of small
aircraft are painted with bright colours.

On the first step the colour image is
converted to greyscale image using the
equation:

IG(l’]) = maX[IR(i,j),Ig(i,j),IB(i,j)], (1)

where: IG (i, j) is the brightness of the pixel
in the i" row and the j™ column of the
greyscale image; Iz (i,)),1;(i, ), Iz(i,)) are
the intensities of red, green and blue
colours of the pixel in the original image;
max|[+] is the taking of maximum value.

The brightness of each pixel IF(i,j) of the

r =



filtered image is formed:
IF(i,)) = 2

where: MN, (i, j) is the mean of the pixels
brightness in a square area around the pixel
1G(i,j); RMS,(i,)) is the standard deviation
of the pixels brightness in the same area; L
is the number of pixels per rows and
column for the area; IC, is a constant.

The constant IC, prevents the pixel value in
relation (2) from becoming infinity if
RMS; (i,j) = 0 and it is obtained by:

ICO :MNRMS +RMSRM5, (3)

where: MNpys is the mean value of the
image formed by pixels RMS;(i,j);
RMSgys is the standard deviation of the
same image.

The size of the area is chosen in such a way
that the length of the side of the square does
not exceed 0.07 m:

MN(i,j)
RMS (i,j)+ICy’

(4)

In equation (4) A, is the pixel resolution in
meters:

_ (G

Apx= =
N¢ 1+r—7

where h is the UAV height at the moment
of the picture taking.

If the number of pixels L is an even
number, the area size is assumed to be L-1
pixels and if it is smaller than 3 then 3 is
assumed to be the number of pixels in rows
and column of the area.

2.3. Image Segmentation

Before segmentation, the filtered image IF
undergoes some morphological operations.
The first of it is a morphological gradient
with square structural element SE,:

IMG = IF @ SE, — IF O SE, =

-2
L = ROUND <7XAl° )

pX

(%)

_ , (6)
= IMD — IME
1 - 1
where: SE; = | : :| is a structural
1 - 1

element of units with dimensions 11x11
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pixels; IMD = IF ¢ SE, is the image after
morphological dilation and IME =1IF ©
SE, is the image after morphological
erosion.
The value of a pixel IMD(i,j) from the
image IMD is equal to that of the pixel with
maximum brightness from a region of the
filtered image IF that overlaps with the
structural element SE, whose central pixel
overlaps with the pixel IF (i, j):
IMD(i,j) = maxm=_§,+§; UF(+m,j+n)](7)
n=-5-+
The value of a pixel IME(i,j) from the
image IME is equal to that of the pixel with
minimum brightness from a region of the
filtered image IF that overlaps with the
structural element SE, whose central pixel
overlaps with the pixel IF (i, j):
IME(i,j) = minm:_§+§ [IF(i+m,j+n)]|(8)
n=—5+
To smooth the contours and fill the small
gaps between objects in the image IMG a
morphological closure is used. In result the
smoothed image IMC is obtained:

IMC = (IMG @ SE,) © SE,., (9)
1 - 1

where SE. = |: il is a Ly XL
1 - 1

pixels square structural element of units.
The number L; of pixels in the structural
element SE. is calculated in such way that

the length of its side does not exceed
0.21 m:
-2
L; = ROUND (2“10 ) (10)
DX

If the obtained number of pixels L; is an
even number, L; + 1 is assumed to be the
size of the structural element.

After morphological processing of the
image IMC is converted to a binary image

IB:
.~ _ (1, IMC(,j) >trh
IB(Q.)) = {0, IMC(i,j) < trh’

where trh is the threshold of pixel’s
brightness.

(11)



The threshold is determined by the
following characteristics of the image IMC:

trh = MNIMC + 3RMS]MC! (12)

where: MN;y- is the mean value of image
IMC; RMS;c is the standard deviation of
image IMC.
The last step before segmentation is filling
the holes in the image. This is achieved by
finding all pixels with a value of zero that
are completely surrounded by pixels with a
value of 1 and changing their values to 1.
Standard techniques for image separation
[5] are used to find the segments in the
image IBF. The following parameters of
the ellipse with normalized second central
moment same as the segment are extracted:
e the coordinates of the center in pixels;
o the length of the major axis in pixels;
e the orientation of the major axis relative
to the rows of the image;
¢ the length of the minor axis in pixels.
Due to the shape of small aircraft, the
orientation of the major axis of the ellipse is
close to that of the wings. Similarly, the
orientation of the minor axis of the ellipse
is close to that of the fuselage (longitudinal
axis of aircraft). The length of the major
axis of ellipse will be close to the wingspan
of the aircraft, whereas the length of the
minor axis will be close to the aircraft
length. Considering this, the product of the
axes in square meters is formulated as the
first parameter for segment selection:

Pl = Mmjr anr Azzvu (13)

where: M,,;,. is the length of major axis in
pixels; M,,,, is the length of minor axis in
pixels.

The ratio between the two axes of the
ellipse is the second parameter for segment
selection:

Mmjr

MmTlT

The criteria for selection of segments that
are likely to contain aircraft:

50 m? < P, <150 m?

P, <25 (15)

88

If the criteria (15) are met by a given
segment, then a square region around the
ellipse centre is extracted from the binary
image IBF. The dimensions of this region
are M, X M, and
M, = ROUND[L.5M,,; (k)] (k is the
segment number). If M, is an even number
then M, + 1 is taken as dimension of the k™
square region.

The equation (16) describes the initial
estimation of the angle between the image
rows and the longitudinal axis of the
aircraft:

Yk = 90° — ay, (16)

where «; is the angle of the major axis
relative to rows of image IBF.

In such a way, the obtained square images
IBC, are prepared for correlation
processing.

2.4. Image Correlation Processing

The first step of this processing is to rotate
each image IBC;, by the angle y; to obtain
the images IR,. The symmetry about the
longitudinal axis of the aircraft is used to
refine the rotation angle. A vector AB of
angles AB; with values in the range —3° to
3° and a step of 0.2° is created. A given
image IR, is rotated consequently by
angles AB; from —3° to 3° with a step of
0.2°. From each rotated image a matrix IM;
is formed with columns equal to the non-
zero columns of the rotated image. The
expectation of each column of the matrix is
calculated:

1

My
Y FEEEE— IM; 17
Soy IM;(q.p) 2q=191M:(q.p) (17)

}’Aﬁi(P) =
The symmetry of each image IBCj is
estimated by the standard deviation of the
expectations (17):

5@8) = [E30 o) -] (9)

where: Y5 = %Zgﬂhﬁi(p) is the mean
value of the expectations (18); P is the
number of columns in the matrix IM;.

The residual angle AB to horizontal position
of the aircraft is the angle Ag; for which the



standard deviation (18) is minimal.
Therefore, the refined angle of rotation is:

Br =vi + AP (19)
Rotating the image IBC; by the angles g,
and resizing the rotated image to the scale
of the reference image I, the final image
I, for the correlation processing is
obtained. The cross correlation matrix of
the two images is calculated:

Ck (nF l) = Zfrfil $Z=Tl IT (m' r)Ick (m -nr-— l)
—(sz—1)<kl<szr—1 !

(20)

where: szr is the number of pixels of the
reference image in each row and each
column; sz is the number of pixels in the
rows and columns of the resized image of
the k™ segment.

The maximum of the correlation matrix is
often used as a measure of matching but
this is inconsistent estimation in the case of
binary images. In this paper, the following
image correlation index (ICI) is used:

max [C, (n,1)] oc,

Icl, = (21)

max [C,(n,1)] a(;k’
where: max[C,(n,1)] is the maximum
value of the cross correlation matrix;
max|[C,(n,1)] is the maximum value of the
autocorrelation matrix of the reference
image; o, is the standard deviation of the
cross correlation matrix; o is the standard
deviation of the autocorrelation matrix.

Although the aircraft in the images I, are
horizontally aligned, they may be pointing
left or right. Because of this the ICI is
calculated for reference images with aircraft

»

A
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'Zlin 2421 aircrafton tw different 'aifields.
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pointing left and right. The bigger ICI is
taken for the next steps.

If the ICI for the k™ segment is greater than
0.5 it is assumed that there is an aircraft in
this segment is made, a square placeholder
of the segment is plotted in the original
image and an asterisk is put in the pixel
corresponding to the centre of the ellipse
extracted from the segment. The correlation
processing of each segment is performed
with all reference images of aircraft and the
model of the detected aircraft is the one for
which the ICI is the largest.

As a result of algorithm application the
recognition of the aircraft in image is done.

3. Results and Discussion

The reference image of each aircraft is
obtained by applying the proposed
algorithm to the one of the images of
corresponding aircraft and selecting the
square segment from the binary image that
contains the aircraft. After that this square
image is resized to an image with pixel
resolution 0.0602 m, corresponding to a
shooting height of 160 m. The resized
image is recorded as a reference image for
the given aircraft. An image of Cessna 150
aircraft taken at height 17.99 m is used and
an image of Zlin 242L taken at height 19.53
m are used to obtain reference images.

In Figure 1 the image of a Cessha 150
aircraft taken at height 67.99 m (left) and
the one of a Zlin 242L aircraft taken at
height 59.83 m (right) are shown.




Figure 1 shows that in addition to the recognized by a human eye. There are

aircraft, other objects of various sizes are artifacts on the images but their numbers
also observed in the images. are small which facilitates segmentation.
In Figure 2 the binary images obtained The artefacts are less in the image with Zlin
during the algorithm execution are shown. 242L aircraft (right). This is because the
The silhouettes of the two aircraft are pre-filtering is more effective for grass

clearly visible and they are easily background than for asphalt.

{

Figure 2: Binary images obtained during the algorithm execution.

The placeholders of the segments ellipses corresponding to the segments.
potentially containing aircraft are plotted in Figure 3 shows that in the left image (with
the original images (Figure 3). Also, Cessna 150) the placeholders contain not

asterisks are put in the centres of the only aircraft but also other objects.

0T

.......

PR X : .“i' :-. A : e Ly i
Figure 3: Original images with placeholder and asterisk added to them.

Figure 3 shows that the asterisks are exactly the Cessna aircraft in 5 of them there is
on the fuselage of the aircraft which shows more than one selected segment. The
that the coordinates of the ellipse centre is a presence of segments without aircraft in
good estimate of the aircraft’s position in them only in the images of one of the
the image. In all 44 images of the Zlin aircraft is because of the differences
aircraft only the segments with the aircraft between the objects on the two airfields.

are selected after the second stage of the The values of ICI for all images are shown
proposed algorithm. From the 22 images of in Figure 4.
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Figure 4: Indexes of correlation when different reference images are used.

In the left graphic are shown the results of
22 Cessna 150 aircraft images processing
(without the image used to create a
reference image) and in the right graphic
the results of 44 Zlin 242L aircraft images
processing (without the image used to
create a reference image) are shown. The
diamonds designate the 1CI when segments
containing aircraft are compared with the
reference image of the same aircraft (for
example an image of Cessna 150 is
compared with a reference image of Cessna
150). With plus sign are shown the ISls
when segments containing aircraft are
compared with the reference image of the
other aircraft (for example an image of
Cessna 150 is compared with a reference
image of Zlin 242L).

The results in Figure 4 show that in all
cases after correlation processing only the
segments with aircraft inside them remain.
There was no false recognition of aircraft or
undetected  aircraft. ~ The  minimum
difference between the ICI with the correct
reference image of a Cessna 150 aircraft
and with the incorrect one is 8.96 %,
whereas for a Zlin 242L aircraft this
difference is 29.77%. The difference in ICls
for the two aircraft models is because of
different backgrounds.

The comparison of the results in the
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graphics on the right in Figure 4 with the
results obtained in [9] shows that the ones
from modified algorithm proposed in the
paper are better.

The results prove that the proposed
algorithm provides a reliable and accurate
recognition of Cesna 150 aircraft and Zlin
242L aircraft by processing images
obtained by a small UAV.

4. Conclusions

In the paper, the small aircraft recognition
problem is addressed based on a three-stage
algorithm using matching with reference
image. Using morphological processing and
correlation of binary images the computer
power demands are reduced.

The proposed algorithm was applied to 66
images and the results demonstrate a
successful recognition of the aircraft in all
images without any false recognition of
other object as an aircraft. The algorithm
shows better performance than the similar
one proposed in [8,9].
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