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This paper presents an alternative approach to iden-
tify and classify the group of small flying objects es-
pecially drones from others, notably birds and Kkites
(inclusive of kiteflying), in near field, by examining the
pattern of their flight paths and trajectories. The tra-
jectories of the drones and other flying objects were
extracted from multiple clips of videos including var-
ious natural and synthetic database. Four trajecto-
ries characteristics are observed and extracted from
the object’s flight paths, i.e., heading or turning angle,
curvature, pace velocity, and pace acceleration. Subse-
quently, principal component analyses were applied to
reduce the number of these trajectory features from 4
to 2 parameters. Multi-class classification by support
vector machine (SVM) with non-linear transformation
kernel was used. Multiple classification models were
developed by several algorithms with various transfor-
mation Kernels. The hyperparameters were optimized
using Bayesian optimization. The performances of the
different models are compared through the prediction
accuracy of the test data.

Keywords:  drone/birds/kites and others classifica-
tion, trajectory characteristics, multi-class classification,
Bayesian optimization, support vector machine (SVM)

1. Introduction

Small flying objects are those non-aeroplane, non-
helicopters and other human-carrying flying machines.
They are natural flyers, such as birds, as well as man-
made items such as drones, kites and others, which are
generally for hobbies, leisure and also professional uses.
Operationally, these small flying objects are compara-
tively tiny in size, and that they are difficult to be de-
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tected by conventional means, such as radio-frequency,
radar, acoustics, etc. [1,2]. The most effective way is
still largely visual-based [2, 3]. Moreover, even if they
are detected, they are difficult to be correctly determined
or classified [2].

In this type of small flying object, UAVs referred col-
lectively as drones stand out and gained popularity and a
lot of attractions from both amateurs and professionals in
recent years. Such popularity has manifested itself as a lot
of drones trespassed into prohibited areas. Drones that fly
into protected areas such as airports or other key instal-
lations can result in disastrous consequences. Therefore,
there is dire need for early detection and identification of
such small flying objects, before any other subsequent ac-
tions can be performed.

Currently, there are a few studies focusing on birds vs
drone classifications. There were even dedicated drone-
vs-bird detection challenges in 2017 and 2019 [4]. Most
of the work presented in that challenges are mostly based
on appearance-based neural network and computer vision
e.g., [5-11].

However, in reality, there are several other kind of small
flying objects of similar size to drones beyond birds, such
as kites, balloons, floating lanterns, etc. Of particular
interests are kites, inclusive of kiteflying and parasails,
which are quite popular in many parts of the world. As
the kites are usually less regulated, kites are more com-
mon and are sighted more in the open areas and, in certain
cases, they could be in the vicinity of the airport. Besides,
from a distance, these kites appeared almost the same as
shown in Fig. 1. Although, kites and birds may not be a
threat, they can cause confusion to any visual-based drone
detection, creating false alarm and misinterpretation of
the drone, thereby reducing the efficacy of any drone de-
tection. Hence, this leads to the current dedicated focus
by Civil Aviation Authority of Singapore (CAAS) [a] and
is the main objective of this work.
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Fig. 1. Drone, bird and kite in flights. Their trajectories are
shown with rainbow color (see Section 3).

Despite this fact, there are no dedicated studies on clas-
sification of drones vs. kites to date as compared to drones
vs. birds, to the authors’ knowledge. Hence, this work
aims to fill in such gap by identifying drones from both
birds and kites collectively. These will further benefit the
airport community so as to be able to provide more accu-
rate identification and prevent intrusion with fewer errors.

In this paper, we present a unified method of classify-
ing small flying objects to be drones, birds, kites, and oth-
ers. As these objects are very small in size, we propose
to do so by focusing on their trajectories (flight paths) in-
stead of their appearances. This trajectory-based classifi-
cation method to identify drones from birds was initially
proposed in our preliminary work in [12]. That previous
work was based on a binary support vector machine clas-
sifier. Here, we extend further to include multi-class clas-
sification and the usage of several classifiers for drones,
birds, and kites classification.

Therefore, the main contribution and novelty of the pa-
per are the classification of small flying objects which are
drones, birds, and other flying objects (e.g., kites), by us-
ing our proposed flight kinematic feature and support vec-
tor machine. Notwithstanding that, to the authors’” knowl-
edge, this has not been done before. Also, for the tiny fly-
ing objects, the appearance-based technique will not be
practical as the images would be too small and lead to
false detection.

2. Trajectory Characteristics

The trajectory-based classification is based on the
physio-biological behavior of the flying objects. One
can use the unique features of these flying objects as
characteristics (features). This trajectory-based technique
could be an effective alternative method from the typical
appearance-based, and is suitable for video surveillance,
as one can simply extract the path with time history, from
either radars, cameras, or other visual tools. The tech-
nique is not limited to the camera nor lens capabilities. A
prior attempt was done by Thai et al. [13] on trajectory
detection on drone vs. airplane.

Here, we propose to examine the following trajectory
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Fig. 2. Schematic diagram of an arbitrary trajectory show-
ing definitions of trajectory characteristics.

features, i.e., 1) turning (heading) angle, 2) curvature,
3) object pace velocity, and 4) object pace acceleration.
Fig. 2 shows the schematic diagram of an arbitrary trajec-
tory and the definitions of these trajectory characteristics.

2.1. Turning (Heading) Angle, 0,

The heading turning angle 6; infers how the flying ob-
ject changes its direction during its course of flight. For
typical small drones, its flight should be straighter and
more steady. The small drone can have either a small
sharp turning angle during its course or large turning an-
gle during an occasional turn, whereas for other flying ob-
jects, their turning angles can be moderately large.

The flight path trajectory of the flying object can be
created by connecting the tracked positions of such flying
object at each frame, as shown in diagram in Fig. 2. The
turning angle 6 can also be calculated from two positions
from two consecutive time step as shown in Egs. (1) and
(2). The turning direction in which the object flew is triv-
ial, i.e., objects that fly from left to right are treated the
same as an object flying from right to left. Therefore, the
absolute value of 6; is used.

AL W)

Xt —Xt—1

AG,:@—G;,l, e e e e e e e e e e (2)

6, = tan

where (x;,y,) is an object position at time frame ¢.

Throughout the flights, the flying objects might do var-
ious turns along their courses, therefore, the average value
of 6, defined below is used.

1 T
Owg =720 - ()
t=1

2.2. Curvature, K;

The curvature k¥ measures the amount by which a flight
path deviates from being a straight line. The curvature
of a straight line is zero. It is used in conjunction to the
turning angle feature. For drones, as the flight contains
more straight portion, the average curvature should be
close to zero, whereas for birds and kites, their flight paths
are more curvy or periodic, and the average curvature
is of certain positive value. The curvature is simply the
angle between the two lines connecting three consecutive
points. Curvature is calculated by using three consecutive
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where a, b, ¢ are Euclidean distances from (x;11,y;+1)
to (x—1,y—1), from (x,y;) to (x—1,y—1) and from
(X¢+1,Yr+1) to (x;,y;). Similar to the turning angle 6;, this
feature is invariant with turning direction, and the average
value of x; 1s used.
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K; = COS

2.3. Object Pace, v,

The pace of the flying object here refers to the ob-
ject’s velocity and acceleration. Considering the trajec-
tory of each of the flying object, the spacing or the seg-
ment length between two positions represents the distance
travelled by the same flying object between the two time,
ie.,

A =Tl =Tt oo (5

As almost all the cameras have fixed shuttle speed or
frame rate, the time between two positions Az are con-
stant. Hence, we can estimate the speed of the flying ob-
ject, from the segment lengths, i.e.,

—
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2.4. Accelerations of the Flying Object, a;

Similarly, the accelerations of the flying object can be
estimated from the trajectory. If the flying object accel-
erates, the two consecutive segment lengths will increase.
The acceleration can be estimated from:

d?r Fip1 —2r+ 1
=~ 7
“= g Ar2 )

The acceleration can be positive and negative, corre-
sponding to speed-up and slow-down motions. Here the
magnitudes (absolute values) of v; and a, are used.

These velocity and acceleration parameters, v; and a,
can be used as features to classify trajectories of the
drones from the other flying objects. For drones’ flights,
as the drones are practically able to accelerate and decel-
erate more easily and rapidly, their flight paths could have
variable paces, manifested as variable segment lengths.
On the other hand, the birds and kites fly at relatively
high but mostly constant speeds [14] most of the time.
Moreover, both birds and kites’ accelerations are compar-
atively low, their flight paths could have more constant
paces, manifested as regular segment lengths.

Like 6, and k;, the average values of v; and g, are used.

3. Methodology

In this section, we revisit the principles of the three
main tools that we used: 1) binary classification model
selection using Bayesian optimization, 2) principal com-
ponent analysis (PCA), and 3) multi-class classifications.
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3.1. Binary Classification Model Selection Using
Bayesian Optimization

We started the work by designing the machine learn-
ing models to do simple threshold-based binary classifica-
tion of drones vs. others (combining birds, kites and other
small flying objects). There are several algorithms to do
such binary classifications. Here, we select the estab-
lished and popular models, i.e., support vector machines
(SVMs), decision tree, ensemble of decision trees, and
naive Bayes model [b].

Assuming linearly separable data, the SVM minimizes
the objective function:

%?(%Hﬁ”—%ﬁ%bﬁ@ﬂﬁ+by—0>a . ®

where x; is the j-th data point, and y; is the label
{+1,—1} of the x; corresponding to drones and birds
trajectories respectively,  is the normal vector to the
separating hyperplane, b is the bias, and «; is a non-
negative Lagrange multiplier enforcing the classification
constraint.

The margin ¥, defined by 2/||B|| defines the maximal
distance normal to the hyperplane with no interior data
points. A larger margin is indicative of better class sepa-
rability.

3.2. Principal Component Analysis (PCA)

Principal component analysis (PCA) is introduced to
extract representative features in the dataset. The con-
cept is excerpted here. PCA assumes the cross-correlation
in all these trajectory features and exploits it to extract
unique features, known as principal components which
maximize the variances in the new feature space [15].

These inherent correlations are exploited to find prin-
cipal components which are linear combinations of the
original input data. The k-th principal component (PC) zj
is given by

k= Z(ka: 01 1(0) + ool (1) + o3l (v) + oyl (a),
. 9

where 1(0), I(x), I(v), I(a) are the normalized turn-
ing angle, curvature, pace velocity, and pace acceleration
measured, and oy is the feature vector of the k-th PC,
which has unit length (i.e., ||ag || = 1).

The k-th PC is derived from the singular-value decom-
position or the eigenvectors of the covariance matrix C
where

77T
c=L .
N

The k-th column of P = [a, 0z, 03, 0], 04 contains the
coefficients of the k-th PC and corresponding eigenvalue,
indicates the relative order of the PCs. N is the sample
size. Significantly, the eigenvector with the highest asso-
ciated eigenvalue is the 1st PC. The variance of the k-th

. (10)
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PC is defined as
1 X _ 2
sz:m;‘Zk’l_Zk‘ g e e e e e e e (11)
where N is the sample size, and Zj is the sample mean.
The variances of the original 6, k, v, t components prior
to the PCA transform are denoted as oy, Ok, Oy, and O;
respectively [16].

3.3. Multi-Class Classification Model Selection
Based on Support Vector Machines

In this work, we aim to classify the flying objects either
as drones, birds and other (mainly kites). This is multi-
class classification problem. The expanded support vector
machine (SVM) can be applied. A multi-class SVM con-
structs a hyper-plane or set of hyper-planes in a high or
infinite dimensional space, which can be used for classifi-
cation, regression or other tasks [17]. A good separation
is achieved by the hyper-plane that has the largest distance
to the nearest training data points of any class (functional
margin), since in general the larger the margin the lower
the generalization error of the classifier. Four sub-types
of SVM models are used [18]: 1) support vector classifi-
cation (SVC) with linear kernel, 2) linear SVC, 3) SVC
with radial-basis function (RBF) kernel, and 4) SVC with
polynomial kernel. Here are the brief summary of these
models [19].

3.3.1. Support Vector Classifications (SVC) with
Linear Kernel
Given training vectors x; € R?, i = 1,...,n in two
classes, and a vector y € {1,—1}", the goal is to find
w € R? and b € R such that the prediction given by

sign{w’ ¢(x) + b} is correct for most samples. SVC
solves the following primal problem:
.17 «
= +C) &, . (12
min jwhw i;é‘ (12)

subject to y{wl¢(x;) +b} > 1—& and & >0, i =
1,...,n.

In principle, one can maximize the margin (by mini-
mizing ||w|[> = w'w), while incurring a penalty when a
sample is misclassified or within the margin boundary.
Ideally, the value y;{w” ¢ (x;) +b} > 1 for all samples in-
dicates a perfect prediction. But problems are usually not
always perfectly separable with a hyperplane, so we allow
some samples to be at a distance &; from their correct mar-
gin boundary. The penalty term C controls the strength of
this penalty, and as a result, acts as an inverse regulariza-
tion parameter. The dual problem to the primal is

minlaTQa—eTa, . (13)

a 2
subject to yYaa =0 and 0 < o; < C, i = 1,...,n, where
e is the vector of all ones, and Q is an n X n pos-
itive semidefinite matrix, Q;; = yiy;jK(x;,x;), where
K(x;,x;) = ¢ (x;)T ¢(x;) is the kernel. The terms ¢ are the
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dual coefficients, and they are upper-bounded by C. This
dual representation highlights the fact that training vec-
tors are implicitly mapped into a higher (maybe infinite)
dimensional space by the function ¢. Once the optimiza-
tion problem is solved, the output of decision function for
a given sample x becomes:

Y yiouK (xi,x) +b, . (14)
i

and the predicted class corresponds to its sign. We only

need to sum over the support vectors (i.e., the samples that

lie within the margin) because the dual coefficients ¢; are

zero for the other samples.

3.3.2. Linear SVC

The primal problem can be equivalently formulated as

1 d
min EWTW—FC;HI&X (0,(1—yi{w" xx+0})), (15)
where the hinge loss is used. This is the form that is di-
rectly optimized, but unlike the dual form, this one does
not involve inner products between samples, so the ker-
nel trick cannot be applied, and only the linear kernel is
supported.

3.3.3. SVC with Radial-Basis Function (RBF) Kernel

The RBF kernel is a stationary kernel. It is also known
as the “squared exponential” kernel. It is parameterized
by a length scale parameter o > 0, which can either be a
scalar (isotropic variant of the kernel) or a vector with the
same number of dimensions as the inputs x (anisotropic
variant of the kernel). The kernel is given by:

(xi —x;)?
K(xi,xj) = exp (—sz ;

where o is the length scale of the kernel and (x; — x;)
the Euclidean distance.

. (16)

2is

3.3.4. SVC with Polynomial Kernel

For degree-d polynomials, the polynomial kernel is de-
fined as

K(xi,xj) = (x] xj+c)*, - (17)

where ¢ > 0 is a free parameter trading off the influence of
higher-order versus lower-order terms in the polynomial.
When ¢ = 0, the kernel is called homogeneous.

4. Experiment and Results

4.1. Flight Trajectory Dataset and Image
Acquisition
In this work, the training data set consists of 52 videos
of drones and swarm of birds in flight. The 52 clips can be
further broken down into 24 clips of only birds, 18 clips of
only drones, and 10 clips of only kites. There are 2 video
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(b)

(a)

(b)

Fig. 4. Snapshot from the video clip of the two tracked drones flying above one tracked bird below with their trajectories.

(a)

(b)

Fig. 5. Snapshot from the video clip of the tracked kite with its trajectory.

clips with a mixture of drones, birds and kites for testing.
All the video clips were captured from a static camera
with a fixed angle of view to minimize the ambiguity from
the camera’s own motions. The flight test data were from
1) our own flights of small drones, and 2) publicly avail-
able moving clips of flocks of flying birds. The drone’s
flights and mixtures of drones, birds and kites were from
our own open field tests, whereas the birds and kites in
flights were from open source data sources and from the
observations of the public kite flyers [c—f].

These video clips ranged from 211 frames to
6000 frames, where the flying objects were tracked for a
minimum of 211 frames to a maximum of 5709 frames
with the average being 1500 frames in their respective
videos. In each frame, there are multiple tracks of birds
and drones but only tracks that are at least 10 frame old
are considered.

Figures 3(a) and (b) show the snapshots from the video
clip of the two tracked drone with its trajectory. Likewise,
Figs. 4(a) and (b) show the snapshots from the video clips
of the two tracked drones flying above one tracked bird
with their trajectories. Figs. 5(a) and (b) show the snap-
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shot from the video clip of one tracked kite with its trajec-
tory. In these three figures, the different shades of these
trajectories indicate the age, of which the lighter shade
means the newest and the darker shade means the oldest.
Figs. 6 and 7 show the snapshot from the video clip of
the swarm of birds with their trajectories. In total, there
were 41337 frames which contained 1302 tracks (388 for
drones, 804 for birds, and 110 for kites).

Table 1 shows the average trajectories characteristics
data from observed 1302 tracks for drones, birds and
kites. The drone tracks show distinctively high turning
(bending angles), high curvatures, high pace velocities
and accelerations. This is expected due to their agility
and high maneuverability.

The bird tracks show smaller average turning angle and
curvatures compared to drones by more than half. This
shows the bird flights are relatively more smooth trajec-
tories than those of the drones. The kite tracks are some-
what between the birds and the drones in heading angles
and curvatures, but with significantly lower pace veloci-
ties as they are mostly tethered and stay relatively in one
fixed positions.

333



Chan, J.J. X. et al.

Fig. 6. Snapshot from the video clip of the swarm of birds
(left) and with detection (right).

Fig. 7. Trajectories of the swarm of birds trajectory, as in Fig. 6.

Table 1. Trajectories characteristics: observed average data.

Flight | Number of | Angle | Curve Vel. Acc.
tracks 0, K; \Z a;
observed [deg] [deg] [pixel] | [pixel]
Drone 388 18.41 28.37 10.46 0.08
Bird 804 9.29 12.53 3.94 0.01
Kite 110 14.83 16.10 0.64 0.01

‘We can use the results from Table 1 as a basis for classi-
fication of whether the detected and tracked flying objects
are the drones or others. The next section will discuss the
scheme for general binary classifications, i.e., drone vs.
others (birds and kites combined). The subsequent section
will discuss more specific scheme for multi-class classifi-
cations, i.e., drone, birds and kites.

4.2. Binary Classification Results

We built multiple classification models for the training
data set as shown in Table 1, optimizing the hyperparame-
ters using Bayesian optimization and selecting the model
that performs the best on the test data set. As Bayesian
optimization finds an optimal set of hyperparameters for
a given model by minimizing the objective function of the
model, the algorithms are optimized and we get the opti-
mal set of hyperparameters.

In this work, we use MATLAB Statistics and Machine
Learning Toolbox [b]. We customize the hyperparam-
eter optimization options, run Bayesian optimization in
parallel, fit the training data set and tune the parameters.
We extracted the Bayesian optimization results from each
model and plot the minimum observed value of the ob-
jective function for each model over every iteration of
the hyperparameter optimization. The objective function
value corresponds to the misclassification rate measured
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by five-fold cross-validation using the training data set.
The result is shown in Fig. 8(a). The corresponding con-
fusion matrix on the test set is shown in Fig. 9.

Based on the confusion matrix, the ensemble of de-
cision trees and SVM models achieve correct predic-
tion, therefore we continue running Bayesian optimiza-
tion on these 3 models. The plot of total minimum ob-
served values of the objective function for each itera-
tion of Bayesian optimization of SVMs and decision trees
models are shown in Fig. 8(b).

4.3. Principal Component Analysis (PCA) Results

The 3 features derived from trajectories of the flying
objects with 4 parameters allow the differentiation be-
tween the drones and birds’ flight. Principal component
analyses (PCA) was applied to reduce the parameters
down to 2 new features for subsequent classification. With
feature extraction and dimension reduction, the new fea-
tures are separated each other for further classification by
support vector machine (SVM).

A MATLAB function pca from Dimensionality Re-
duction and Feature Extraction Toolbox are used in this
work [g]. Here, PCA is applied to the dataset as presented
in Section 3. The PCA result is shown in Fig. 10. The cor-
responding coefficients P and the eigenvalues of the k-th
PC are shown in Tables 2 and 3 respectively.

4.4. SVM Results

From the previous binary classification section, SVM
models provided better prediction for binary classifica-
tion (drone and others). In this section, we expand SVM
models with various kernels to do multi-class classifica-
tion, i.e., drones, birds and kites using python with SciKit-
Learn library [h]. Figs. 11(a)—(d) show the results from
SVMs with different kernels as presented, i.e., SVC with
linear kernel, linear SVC, SVC with RBF kernel, and
SVC with polynomial (degree 3).

Regarding the multi-class classification using SVM, we
use the default values for the parameters provided by the
SciKit-Learn library as shown in the Table 4.

The regularization parameter is kept constant for the
different kernels. Only the RBF kernel and the poly-
nomial kernel require the kernel coefficient. It is set
to ‘scale, which is set based on the training data pro-
vided. As we are training both models using the same
data, the kernel coefficient will be set to the same value.
For the polynomial kernel, the polynomial degree is set
to 3 which provides a balance between complexity and
computational time.

As the distance is measured in pixels, objects that are
further away will appear to have smaller velocity and ac-
celeration. However, this work focuses on finding key
features in 2D images which appeared in the observed
camera (2D) that are significant in trajectory classifica-
tion. With our proposed feature and classification, we are
able to classify trajectory of bird, drone and kite at up to
200 m without distance information. To confirm this, we
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Table 3. Eigenvalues of the k-th principle component (PC).

1st 2nd 3rd 4th
188.7043 28.68 7.1142 0.0100

conducted tests to check the accuracy in our database at
different distance as shown in Table 5

Moreover, even though the velocity and acceleration of
an object are described in the unit of pixels, the SVM
model will determine the relationship between the differ-
ent features and assign weights to the features that maxi-
mize the separation of the different classes.

The SVM with linear kernel appears to be the best fit
with the current data set. The other kernels seem to over-
fit the data, which may be due to the small training data
set. In all these models, the drones are clearly segregated
as shown in upper right quadrants. The models could also
classify the birds and kites, yet there are overlapped ar-
eas. Nevertheless, with the current model, we achieve
the objective of identifying and classifying drones, birds
and kites. The visual example of the correct classification
by SVM with this linear kernel is shown in Fig. 12(a),
which is the same as Fig. 1. Likewise, for comparison,
the visual example of the wrong classification by decision
tree (from binary classification in Section 4.2) is shown in
Fig. 12(b).
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Sepal width

Sepal length
(@

Fig. 11. Results from multi-class linear support vector classification with different kernels.

Table 4. Selection of parameters for support vector machines models.

Regularization Kernel Polynomial
parameter, C | coefficient, ¥ degree
SVC with linear kernel - -
Linear SVC - -
SVC with RBF kernel scale -
SVC with Polynomial scale 3

Table 5. SVM prediction accuracy at various distance.

. Accuracy
Distance
(TP+TN)/(TP+TN+FP+FN)
Upto20m 100%
20-100 m 90%
100-200 m (visual detection limit) 80%
Overall 85% (average)

TP: True Positive, TN: True Negative, FP: False Positive, FN: False Negative

5. Conclusion and Future Works

This paper presents an alternative way to identify the
small flying object whether it is a drone, a bird or a kite
by examining its flight path. The characteristics based on
the trajectory are: turning angle (heading), curvature, and
pace. These parameters are further reduced by means of
PCA to 2 principal features. Subsequently, SVM classi-
fication with different kernels were performed and tested.
The hyperparameters were optimize a using Bayesian op-
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timization. The performance are compared by prediction
accuracy of the test data. The multi-class classification
SVM with linear kernel appears to be the best fit with the
current data set. The next steps of this work are to col-
lect more datasets either from pre-recorded movie clips
or from actual field recordings, and to expand to cover
other type of small flying object, e.g., balloon, as well as
to include the large flying objects, i.e., airplane and heli-
copters.
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(@)

(b)

Fig. 12. Visual example of (a) correct classification for kite, bird and drone by SVM with linear kernel method and (b) wrong

classification by decision tree method (kite classified as ‘drone’).
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