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Abstract—Having high precision ground-truth data is a very
important factor for the development and evaluation of
computer vision algorithms such as digital video stabilization.
However, generating this data is time consuming and cost
intensive work, requiring a lot of manual effort. In this paper
we both propose a way to automatically generate a large
amount of accurate data for digital video stabilization
verification and provide a comprehensive dataset of video
sequences taken from multi-sensor imaging system with
different types of disturbances. A novel method for generating
verification data is based on genetic algorithm template
matching. Paper provides quantitative analysis together with
the visual assessment of digital video stabilization performance.
Index Terms—formal verification, genetic algorithms, image
motion analysis, multispectral imaging, pattern matching.

I. INTRODUCTION
In the field of video surveillance, multi-sensor systems
are very popular and used in various applications, where in
addition to the most commonly used cameras that work in
the visible-light range, thermal cameras are increasingly
used. In addition to high-resolution cameras, modern video
surveillance solutions have an increasing need for complex
video processing algorithms, such as video stabilization,
image quality enhancement, and video tracking. Hand-held
cameras, cameras mounted on vehicles or ships, as well as
those on pan-tilt platforms exposed to windy conditions,
give a video stream with shakings due to various unwanted
movements. In such cases, video stabilization is an
inevitable component that allows uninterrupted observation
of the recorded scene. One solution to this problem is
hardware solution. It involves the use of a motion sensor
(e.g. a gyroscope sensor) [1-4] and based on the data from
such a sensor, the optical system compensates the effect of
unwanted camera motion. This solution is very efficient, but
significantly increases the cost of the system. Another
solution is software-based video signal processing or digital
video stabilization [5-9].
In digital video stabilization algorithms, the basic tasks
are estimation the unwanted motion (shaking) of the camera
and compensation of that motion. The solution must be
robust, so that the conditions of different illumination,
geometric transformation, image blurring would not affect
the accuracy of the assessment of the camera's motion. The
result of poor evaluation of camera motion parameters is the
retention of unwanted motion in stabilized video sequences
and reduced stabilization performance [10].
In addition to selection of a video stabilization algorithm,
the performance evaluation of the algorithm is important for
adjusting and comparing different methods. A lot of

methods have been proposed for video stabilization
verification [11-13]. However, it is a matter of objectively
assessing the performance of the video sequence
stabilization. In the case of a lack of reference video
sequence for comparing stabilization performance, one of
the very efficient methods for estimating motion within
video frames can be the method based on template matching
[14].
Generally, template matching is a method for identifying
features in a source image that match the image patch called
the template image [14]. In template matching approach for
verification of video stabilization, the position of the defined
image patch (template) on the first frame of the video
sequence in the following frames of the video sequence is
determined by a pixel-wise comparison of the image with a
given template that contains the desired pattern. In the basic
approach, the template image defined on the first video
sequence frame slides over the source frame of video
sequence and at each position the degree of similarity
between the template and source image over the template
area is estimated calculating a grey-scale correlation
measure using pixel intensities.
To calculate the degree of similarity, the normalized cross
correlation [15-16] is used in template matching. Although a
good technique for template matching, for exhaustively
search in whole image (similarity calculation is performed at
every position in source image to find the best template
matches), normalized cross correlation can be very time
consuming and requires a lot of computing resources since it
is based on summation and multiplication operations.
Therefore, fast algorithm to computing normalized crosscorrelation from the spatial domain using the precomputed
convolutional integrals over the search image window has
been proposed [17-18].
The position of the template image defined in the first
frame, in the unstabilized video sequence due to
disturbances can be located at each pixel in the source
frame. If the nature of disturbance is known in advance, then
local searches can be performed around the position where
the template was defined in the first frame. Local search will
lead to a faster search but will be more susceptible to errors
in the case of higher intensity disturbance.
To overcome problems of local search and speed up the
process of exhaustive search in the whole image, the paper
presents a method of objective assessment of image
movement in a video sequence based on a genetic algorithm
template matching [19-20]. The paper defines the
appropriate fitness function for optimization in genetic
algorithm, and in that way, genetic algorithm template
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matching performs the evaluation of digital video
stabilization performance. The method is applied to the
video sequences in which the object being recorded is static.
The paper is organized as follows. Section II presents the
general structure of genetic algorithms and proposes the
method for search in an image based on genetic algorithm
template matching. Section III describes the algorithm for
digital video stabilization. Section IV gives a description of
the experimental work, a description of the created video
database using the multi-sensor imaging system, details of
the implemented genetic algorithm and digital video
stabilization algorithm. The results of the implemented
genetic algorithm template matching for verifying the
operation of the digital video stabilization algorithm are
presented in Section V. Section VI lists conclusions and
indicates directions for future work in this research area.
II. GENETIC ALGORITHM TEMPLATE MATCHING
In template matching approach, an image patch (template)
can be defined in the first frame of the video sequence, and
then its position in the following frames of the video
sequence can be tracked and compared with the position in
the first frame (Fig. 1). The template is defined in the region
of the image with many edges and as discriminatory features
as possible compared to the rest of the image.

Figure 1. Selected image template to be tracked in video sequence frames

The normalized cross correlation between grayscale
image I and template It used in template matching
algorithms is given by:
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I (u, v) and I t denote the mean value of image I in the
region coincident with the template image and mean value
of the template image, respectively.
The maximum value of r(u,v) indicates a position where
the template I t best matches the image I.
For an image of dimensions M x N and an image template
of dimensions p x r (p < M and r < N), it is necessary to
perform (M-p) x (N-r) calculations of the correlation
between the template image and other parts of the image.
For Full HD images (1920x1080 pixels) the process of
correlation calculations can take a very long time. In order
to accelerate this process by achieving the same results, a
genetic algorithm is applied in this paper.
The genetic algorithm belongs to the class of evolutionary
optimization algorithms. The algorithm simulates the
process of natural selection, using techniques such as
inheritance, mutation, selection and crossover [21-24]. At
the beginning, genetic algorithm creates a population of
individuals (solutions for the defined problem) randomly or
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by applying some heuristics, and for each individual
calculates a cost or fitness value. The code of each
individual represents the set of its genes. The coding of an
individual depends on the nature of the problem. It can be
binary, integer, real or represented by some other set of
symbols. Following a natural selection techniques, based on
the fitness values, a subset of the population is selected as
the parents. A new generation of individuals is obtained by
crossing these parents, with mutations in some genes
occurring from time to time in some individuals. The new
generation is used to replace members of the original
population. Also, a new cost value is calculated for each
individual in new generation. This process of choosing and
using the fittest individuals in the population to produce new
generations is then repeated. It is expected that the change of
generation will result in a population of individuals that
yield better approximations to an optimal solution.
In order to apply the genetic algorithm to the defined
problem, the position of the center of the defined template
image It is encoded by a chromosome of length L. The
center of the template It of dimension p x r in image I of
dimension M x N can take a value in the range [p/2, M-p/2]
x [r/2, N-r/2]. The initial population is created with a
uniform distribution in a defined space.
A. Fitness Function
The fitness function f for finding the position of the
selected template in the image is based on the normalized
correlation coefficient corr between It and a part of the
image I covered by the template – Ip:
(2)
f  corr ( I p I t )
As the defined fitness function (2) takes value from the
range [-1,1] due to the properties of the correlation
coefficient, while genetic algorithms are mainly developed
to maximize the positive fitness function, the given criterion
function (2) needs to be modified.
As the problem that occurs, in this case, is a negative
value of the fitness function, the modification is performed
as follows:
 f  Cmin , f  Cmin
g
 0, f  Cmin

(3)

The coefficient Cmin represents the minimum value of the
original fitness function, and with the value of -1, the
modified fitness function has the following form:
(4)
f  corr I p , I t  1





In order to avoid the problem that the local maximum is
much higher than the mean value of the fitness function, and
thus makes it more difficult to find the global maximum,
scaling the fitness function is another modification that has
been made [25].
Since, in the selection process, the probability of selecting
an individual is directly proportional to the value of its
fitness function, it follows that individuals with higher
fitness have a more significant advantage in being selected
for the reproduction. However, due to the dynamics of the
fitness function, too much preference may be given to fitter
individuals (as measured by a fitness function), and worse
ones are given almost no chance. If there is an individual in
the population with a value of the fitness function
significantly higher than the rest of the population, due to its
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dominance, there may be a complete loss of the ability to
search for other, potentially good parts of space. For this
reason, it is essential to allow passing into the next
generation even individuals with low fitness function, which
may evolve into significantly better individuals in other
parts of the search space and thus discover a better local
maximum.
A new fitness function g is defined as:
(5)
g  af  b
where, f is defined in (4), with conditions:
(6)
g  f , g max  C f
Here f and g represent the mean values of the functions
f and g, respectively, gmax is the maximum value of function
g, and C is a constant that can control the expected number
of the best individuals selected to participate in the next
generation.
The values of the coefficients a and b are obtained from
(5) with the stated conditions (6) and amounts:

f (1  C ) ,

f (C f  f max )

(7)
f  f max
f  f max
where, fmax is the maximum value of the fitness function (4).
The constant C is taken from the range (1.5, 2), and for
the problem in this paper, experimentally, C = 1.7 was
adopted. As the maximum value of the fitness function after
the first modification in (4) is fmax = 2 and the mean value is
f = 1, the obtained values for the coefficients a and b are
0.7 and 0.3, respectively. The fitness function after scaling
has the form:
(8)
f  0.7  (corr ( I p , I t )  1)  0.3

a

b

B. Selection and Crossover
For a defined difference between successive generations
(generation gap) G ∈ (0.8, 1), from the previous generation
to the next is directly passed [(1-G) x N] individuals (N is
the total number of individuals in population), while the rest
is taken for crossover. It is also important that the number of
individuals taken for crossover is even.
In order to ensure that the quality of the next generation is
at least as good as the previous one, an elitist technique is
applied. Applying elitism increases selective pressure and
thus reduces the genetic drift. Elitism is implemented in that
one individual with the best fitness function is transferred
from each generation. Other individuals are passed using
roulette wheels selection [26].
In this way, the value of the fitness function directly
influences the selection of an individual for reproduction in
the roulette wheel method, where greater preference is given
to individuals with a higher fitness function, but a chance is
also given to those individuals with a lower value of the
fitness function.
The selection of individuals for crossover is also
performed using the roulette wheel method. Crossover is
performed with probability from the range (0.6, 0.9). The
method of crossover with one intersection point is applied
[27].
C. Mutation
The mutation was performed on [N x L x pm] bits of the
whole generation of individuals, where pm is the mutation
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probability from the range [0.1%, 0.4%]. An inverse
mutation is applied. The mutation is implemented by first
selecting one of the N individuals in the population at
random and then randomly selecting the position of the bit
to be inverted in it. The procedure is repeated until the [N x
L x pm] bits are inverted.
D. Termination
As a criterion for termination of the algorithm, it is
implemented that the algorithm is terminated in case one of
the two conditions is met. The first is related to the value of
the fitness function of the best individual in the population.
The algorithm terminates if the value of the fitness function
of the best individual is greater than 90% of the maximum
value of the fitness function, f, (8). It has been empirically
determined that if this condition is met, the position of the
template is found in the image with high accuracy. The
second condition is related to the maximum number of
iterations of the genetic algorithm. If the number of
iterations of the genetic algorithm reaches the maximum
number of 50 iterations determined by the simulations, the
algorithm is terminated, and the position of the individual
with the best fitness function at that time is taken as the
found template position.
III. DIGITAL VIDEO STABILIZATION
The goal of digital video stabilization is to improve video
quality by removing the effects of the unwanted camera
movements while preserving the motion of moving objects
in the video sequence. Video stabilization is a key step in
image preprocessing before performing higher-level video
processing algorithms such as object tracking. For example,
the accuracy of object trajectory prediction can be
significantly reduced in the case of unstabilized video
sequences.
Fig. 2 shows a block diagram of the adopted video
stabilization algorithm. The input frame comes from a
visible-light or thermal camera, and then is converted to a
grayscale format to improve the efficiency of the algorithm
without compromising the quality of the results.

Figure 2. Digital video stabilization block diagram.

Motion estimation and unwanted motion filtering present
two main parts of the video stabilization algorithms.
As this task can be very difficult, in some cases even
impossible, there must be some simplifications. The 2D
transformation between pixels of consecutive frames of a
video sequence is estimated. It is very important that these
methods are robust enough to deal with situations when
moving objects are in the foreground in the scene. This is
achieved by using the Harris features [28] and the Optical
flow pyramid Lucas Kanade algorithm [29] with RANSAC
(Random Sample Consensus) [30] for outliers detection.
The output of this part of the algorithm is a set of
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transformations that describe the effect of unwanted camera
movement during the video sequence.
Compensation of unwanted camera motion effects is then
performed in the next step by applying a homography matrix
- a global transformation matrix that contains the motion
parameters estimated in the previous step. The matrix of
affine transformations is implemented in the paper [31].
When there is intentional motion in the image, as well as the
unwanted motion that needs to be compensated, Kalman
filtering [32] provides a good solution. Instead of modeling
the motion of the camera, a cumulative transformation of
image parameters is used with the affine homography model
[32]. The unwanted camera motion is the difference between
global motion and estimated wanted motion parameters with
Kalman filter. The state-space model is given in [32], where
some parameters in matrix which describes zoom, rotation
and dolly motion of the camera, as well as in vector which
describes panning and tracking motion are modeled as
motion with constant velocity, while others have the simple
dynamic model.
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The created dataset contains video sequences that can be
found in real-life applications, from a situation with blur in
the image (thermal sequence 1), through situations with a
large clutter (thermal sequence 2 and visible-light sequences
2 and 3), to the case where features are clearly expressed
and the image quality is very good (thermal sequences 3 and
4 and visible-light sequence 1) and situations with a large
presence of a uniform background in the image (thermal
sequences 5 and visible-light sequences 4 and 5).
For each video sequence in the database, all frames of the
video sequence are manually labeled by marking the point
on the first frame and then marking the same point on the
same object in the following frames in the video sequence to
estimate the motion in the video sequence (camera shaking)
caused by different disturbances. This data is further used to
select the parameters of the genetic algorithm and to validate
the implemented verification algorithm.
TABLE I. VIDEO SEQUENCES DATABASE
VISIBLE-LIGHT VIDEO

THERMAL VIDEO SEQUENCES

SEQUENCES

IV. EXPERIMENTAL WORK AND RESULTS
Before applying the proposed method for verification of
the video stabilization algorithm, the performance of the
verification method presented in this paper needs to be
evaluated. A database of manually labeled thermal and
visible-light video sequences with shaking was created to
determine the parameters of the genetic algorithm and
evaluate performance on ground-truth data. The results are
presented by objective metrics as well as graphically.
A. Database
The database made for this paper consists of 10 video
sequences - 5 recorded with a visible-light camera (FULL
HD resolution: 1920x1080 pixels) and 5 with a thermal
camera (Medium Wave InfraRed (MWIR): 8–14μm
wavelength, resolution: 640x480 pixels) using Vlatacom
electro-optical long-range surveillance system [33]. The first
frame of each video sequence is shown in Table I.
Each video sequence is recorded with a fixed Field of
View (FOV) and pan-tilt position in azimuth and elevation,
which are set at the beginning of the sequence recording.
During recording, the system is placed on a shaking
platform to simulate the shaking conditions (most
commonly caused by wind) that occur on the platforms
where the system is mounted in real-life applications.
In the following, recording details of thermal and visiblelight video sequences are presented. FOV is horizontal FOV
in degrees, and distance is measured to the object in the
center of the image using a laser range finder. Thermal
sequences are recorded with the following parameters:
Sequence 1: FOV - 1,014, distance – 17000 m; Sequence 2:
FOV - 0.669, distance – 4040 m; Sequence 3: FOV - 0.942,
distance – 4590 m; Sequence 4: FOV - 0.857, distance –
4165 m; Sequence 5: FOV - 3,024, distance – 4330 m.
Visible-light sequences are recorded with the following
parameters: Sequence 1: FOV: 1.016, distance – 4590 m,
Sequence 2: FOV - 7.130, distance – 310 m; Sequence 3:
FOV - 12,671, distance – 170 m; Sequence 4: FOV - 0.904,
distance – 4040 m; Sequence 5: FOV - 0.730, distance –
4160 m.
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SEQUENCE 1 (900 FRAMES)

SEQUENCE 1 (750 FRAMES)

SEQUENCE 2 (1000 FRAMES)

SEQUENCE 2 (800 FRAMES)

SEQUENCE 3 (1000 FRAMES)

SEQUENCE 3 (630 FRAMES)

SEQUENCE 4 (1000 FRAMES)

SEQUENCE 4 (650 FRAMES)

SEQUENCE 5 (1000 FRAMES)

SEQUENCE 5 (1000 FRAMES)

B. Genetic Algorithm Implementation
One video sequence from the thermal and the one
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sequence from the visible-light camera were used for the
determination of the genetic algorithm parameters. Sequence
5 was used from the thermal camera, and sequence 1 was
used from the visible-light camera due to good image
quality and the possibility of selecting the image template
which is significantly different in relation to the rest of the
image, thus reducing the impact of the image quality and
image content on the algorithm performance. The following
parameters of the genetic algorithm were adopted by
experiments on these two video sequences:
 Number of individuals in the population: N = 120
 Chromosome length: L = 24
 Generation gap: G = 0.8
 Crossover probability: pc = 0.9
 Mutation probability: pm= 0.005
The size of the selected image patch is 150x150 pixels, so
the search area is 1770x930 in the visible-light image, while
in the thermal image, it is 490x330.
The number of iterations for the execution of the
algorithm should represent a balance between performance
and algorithm processing time. Experimentally, the number
of iterations was set to 50, while for the earlier termination,
the condition is that the best individual in the population has
a value of the fitness function greater than 90% of the
maximum fitness function value.
With the adopted parameters, the algorithm is applied to
other video sequences to show performance. The algorithm
is implemented in the MATLAB® software package.
C. Results and Discussion
For the selected video sequences for determination of the
genetic algorithm parameters, a comparison of the ground
truth displacement - manually labeled and estimated using a
genetic algorithm template matching is provided. The
graphics in Fig. 3 and Fig. 4 show the accuracy of finding
the segmented template in the frames of the visible-light
video sequence 1. Accuracy is expressed as the percentage
of video sequence frames in which the selected template is
found in the horizontal or vertical direction with the error
lower than the given threshold in pixels. It can be seen that
the accuracy with 0 pixels error is up to 30% in the vertical
direction (in 30% of the frames of the entire video sequence,
in the vertical direction, the template was found with 0
pixels error), and with an error of up to 10 pixels the
accuracy is maximum, which means there was no frame in
which the selected template in the vertical direction was
found with an error greater than 10 pixels. In the horizontal
direction, the accuracy with 0 pixels error is up to 18% and
the maximum accuracy is reached with an error up to 11
pixels. As the image resolution is 1920x1080 pixels, the
biggest error of 10 pixels is 0.92% of the image height and
0.57% of the image width with the biggest error of 11 pixels
in the horizontal direction.
The graphs in Fig 5 and Fig. 6 show the accuracy of
finding the selected image template in the frames of the
thermal video sequence 5. It can be seen that for the image
resolution of 640x480 pixels, maximum accuracy in the
horizontal direction is reached with an error up to 8 pixels
(1.25% of image width) and with 0 pixels error accuracy is
up to 10%. In vertical direction maximum accuracy is
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reached with the error up to 9 pixels (1.87% of image
height), while with 0 pixels error, accuracy is up to 20%.

Figure 3. The accuracy of finding a segmented template in visible-light
video sequence1 in the vertical direction

Figure 4. The accuracy of finding a segmented template in visible-light
video sequence 1 in the horizontal direction

Figure 5. The accuracy of finding a segmented template in thermal video
sequence 5 in the horizontal direction

Figure 6. The accuracy of finding a segmented template in thermal video
sequence 5 in the vertical direction

Table II and Table III show the performance comparison
of the genetic algorithm template matching based image
search and exhaustive image search based on the normalized
cross correlation coefficient in relation to maximum error
(maximum displacement in pixels from the labeled position
in the entire video sequence), mean error and standard
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deviation, in the horizontal and vertical direction
respectively, for all video sequences in the database.
TABLE II. MAXIMUM (XMAX), MEAN (XMEAN) AND STANDARD DEVIATION
(XSTD) ERROR IN VIDEO SEQUENCES IN HORIZONTAL DIRECTION IN PIXELS
Genetic algorithm
Exhaustive search
Video
template matching
sequence
Xmax
Xmean
Xstd
Xmax
Xmean
Xstd
Visible 1
11
3.41
2.36
9
3.24
2.01
Visible 2
6
1.74
1.35
6
1.29
0.93
Visible 3
13
2.59
2.40
6
1.60
1.29
Visible 4
13
3.23
2.56
11
2.01
1.58
Visible 5
10
2.47
1.80
7
2.15
1.51
Thermal 1
14
3.66
2.47
11
3.55
2.34
Thermal 2
7
2.68
1.42
6
2.53
1.25
Thermal 3
11
1.69
1.51
4
1.32
0.98
Thermal 4
5
1.19
1.01
6
1.12
0.96
Thermal 5
8
1.90
1.27
7
1.95
1.25

the proposed genetic algorithm template matching approach
for motion estimation and data generation for digital video
stabilization verification.

Figure 7. Accuracy comparison of finding a segmented template in the
vertical direction in thermal video sequence 1 with blur

TABLE III. MAXIMUM (YMAX), MEAN (YMEAN) AND STANDARD
DEVIATION (YSTD) ERROR IN VIDEO SEQUENCES IN VERTICAL DIRECTION
IN PIXELS
Genetic algorithm template
Video
Exhaustive search
matching
sequence
Visible 1
Visible 2
Visible 3
Visible 4
Visible 5
Thermal 1
Thermal 2
Thermal 3
Thermal 4
Thermal 5

Ymax

Ymean

Ystd

Ymax

Ymean

Ystd

10
9
9
9
8
14
5
11
5
9

2.34
1.67
1.58
1.97
1.96
2.62
0.80
2.73
1.25
1.82

1.86
1.48
1.31
1.54
1.59
2.01
0.78
1.90
0.97
1.33

9
5
6
6
7
10
3
5
6
9

1.96
1.17
1.25
1.56
1.82
2.43
0.67
2.04
1.28
1.54

1.43
0.92
0.96
1.17
1.35
1.96
0.66
1.13
0.98
1.02

Accurate estimation along the vertical direction (Y-axis)
is especially important because the disturbance occurs
especially in that direction due to the nature of the pan-tilt
positioner on which the camera system is mounted.
Accuracy comparison of the genetic algorithm template
matching based image search and exhaustive image search
based on the normalized cross correlation coefficient is
shown in Fig. 7 for thermal video sequence 1, as an example
of the significant presence of blur in the image. In Fig. 8 and
Fig. 9, accuracy comparison is presented for situations with
large clutter in thermal sequence 2 and visible-light
sequence 3, respectively. In Fig. 10 accuracy comparison is
shown for visible-light video sequence 5 in which there is a
uniform background. Here, accuracy is also expressed as the
percentage of video sequence frames in which the selected
template is found in the vertical direction with the error
lower than the given threshold in pixels. Results presented
in Table II and III and graphics in Fig. 7 - 10 show that the
accuracy in the motion estimation in a video sequence of the
genetic algorithm template matching approach reaches the
accuracy of the exhaustive search based on the correlation
coefficient. On the other hand, for the visible-light image
resolution of 1920x1080, thermal image resolution of
640x480 pixels, and template size of 150x150 pixels, the
number of correlation calculations is 1646100 and 161700,
while for the genetic algorithm template matching with 120
individuals in the population in the worst case of the 50
iterations, the number of correlation calculations is 6000. In
that way, the number of correlation calculations is reduced
for 99.635% for visible-light image, and 96.289% for
thermal image. These results show the great advantage of
58

Figure 8. Accuracy comparison of finding a segmented template in the
vertical direction in thermal video sequence 2 with clutter

Figure 9. Accuracy comparison of finding a segmented template in the
vertical direction in visible-light video sequence 3 with clutter

Figure 10 Accuracy comparison of finding a segmented template in vertical
direction in visible-light video sequence 5 with large uniform background

V. DIGITAL VIDEO STABILIZATION VERIFICATION
The video stabilization algorithm described in section III
is applied to the video sequences from the database with the
disturbance. The application of this algorithm very
successfully eliminates the disturbance, which can be clearly
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confirmed by subjective assessment observing the original
and stabilized video sequence. As shown in section IV - C,
the implemented genetic algorithm for image search can
very accurately estimate the motion (disturbance) of the
video sequence and reduce the number of calculations
compared to the exhaustive search template matching in the
whole image. This section presents an objective measure of
the success of the stabilization algorithm using the
implemented genetic algorithm template matching. To
demonstrate the results of the stabilization algorithm two,
sequences from the thermal camera are selected: 4 and 5, as
well as two sequences from the visible-light camera: 2 and
3. Fig. 11 shows a comparison of the original visible-light
sequence 2 with the disturbance and the stabilized sequence
in the vertical direction, and in Fig. 12 comparison for
sequence 3.
From the given graphics, the effect of the applied video
stabilization is clearly visible - the disturbance has been
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largely eliminated, which is especially pronounced and
significant in the vertical direction in which the disturbance
acted.
As the parameter for "smoothing" the path is set to 100 in
the stabilization algorithm, this effect can be clearly seen in
every 100 frames as a step on the graphics of the stabilized
sequence, and then in the next 100 frames the graphics are
smoother. Although with a shift of every 100 frames, this
shift is of low intensity, with a much lower frequency
compared to the disturbance in the original sequence, so the
video sequence can be observed without interruption. Once
again, it has been confirmed that the implemented genetic
algorithm template matching can be used very efficiently to
verify digital video stabilization because it clearly displays
all the effects and changes that occur in the video sequence.
Fig. 13 and Fig. 14 show a comparison of the original
thermal video sequences with the disturbance and the
stabilized sequences in the vertical direction.

Figure 11. Motion estimation in vertical direction for visible-light video sequence 2: original (blue) and stabilized (red)

Figure 12. Motion estimation in vertical direction for visible-light video sequence 3: original (blue) and stabilized (red)

Figure 13. Motion estimation in vertical direction for thermal video sequence 4: original (blue) and stabilized (red)

Figure 14. Motion estimation in vertical direction for thermal video sequence 5: original (blue) and stabilized (red)

VI. CONCLUSION
This paper proposed a method for template matching
search in image based on a genetic algorithm, very
successful in verification of the digital video stabilization

without reference data, when only distorted video sequences
are available. The proposed method significantly speeds up
the verification process compared to the exhaustive search
based on the normalized cross correlation. Experimental
results of motion estimation on labeled video sequences
show the high accuracy of the proposed method in
estimating sensor shaking. As such, applied to verify digital
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video stabilization in the same images gives results
consistent with the subjective assessment of the stabilization
measure by the human eye and clearly displays all the
effects and changes that occur in the video sequence.
For the genetic algorithm template matching verification
method, the paper proposes a new fitness function of the
genetic algorithm based on the modification of the
normalized cross correlation between the image and tracked
template. The genetic algorithm in this paper manipulates a
120 binary strings length of 24 in parallel, searching for a
larger number of local maxima in the image space. By
applying operators and mechanisms of genetic algorithms,
including crossover using the roulette wheel method with a
probability of 0.9 and inverse mutation with a probability of
0.005, the information on found local maxima is exchanged
among individuals of the population to recognize the global
one among the found local maxima. The set parameters of
the genetic algorithm can remain stable for digital video
stabilization verification. This is confirmed by very accurate
results in motion estimation on the database of real-life
visible-light and thermal video sequences, created in
different recording conditions with different nature of
disturbances. The search for the image template was
performed with raw pixels. This method can be sensitive to
changes in image scaling and changes in illumination
conditions, so the plan for further research is to use standard
image features (HOG, SIFT, SURF) as well as deep features
that should be less sensitive to these problems and further
improve the performance of the algorithm.
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