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Abstract. This research aims to enhance the parallel implementation of the Zero-
mean Normalized Cross-Correlation (ZNCC) algorithm for video tracking, with
the goal of increasing processing speed without compromising accuracy. Speed
improvements are anticipated through the integration of the bio-inspired Honey-
bee Search Algorithm (HSA) as an exploratory strategy within the tracking
framework, using the improved ZNCC as the fitness function. The HSA algo-
rithm has been adapted for video tracking by incorporating population manage-
ment during the exploration phase, as well as the recruitment and harvesting pro-
cesses. The completed tasks form the basis for implementing the parallel video
tracking system more efficiently using the heterogeneous CPU-GPU architecture.
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1 Introduction

Video object tracking is the task of identifying a specific object across the sequence of
images (or frames) that comprise a video [1], and is one of the most requested tasks in
the computer vision area due to its multiple application field with unlimited potential
such as medical, military and entertainment applications, among others.

For years, multiple video tracking algorithms and methodologies have been pro-
posed to achieve this task with precision. Video tracking is a task that consists of iden-
tifying the position of an object in each frame of a video sequence [1]. However, the
analysis of video frames is an exhaustive and delicate task that has not been perfected
yet, in addition to entailing a great demand for time and computational resources. For
this reason, efforts have been made to enhance these systems through different software
and hardware resources [1,2,3,4].

Perfecting object tracking methods is important due to the potential catastrophic fail-
ures that these could generate when applied to critical systems and especially to systems
where the integrity of human lives is involved, such as medical, military, or certain
everyday use systems, such as autonomous driving vehicles. These failures may be due

pp. 31-43; rec. 2025-05-17; acc. 2025-06-10 31 Research in Computing Science 154(10), 2025


mailto:alvarodelarosaip@gmail.com
mailto:carlos.soubervielle,cesar.puente%20%7d@uaslp.mx
mailto:rmariela@fciencias.uaslp.mx

Juan Alvaro de la Rosa-Ipifia, Carlos Soubervielle-Montalvo, et al.

to the susceptibility of video tracking algorithms to certain obstacles commonly present
in video sequences, in addition to the tracking algorithms' large computational costs
and complexity that cause considerably serious delays in response times.

Video object tracking remains a challenging problem without a definitive solution.
Although various approaches—such as Zero-mean Normalized Cross-Correlation
(ZNCC) [2]—have been proposed, they still leave room for improvement in areas such
as energy efficiency, computational resource demands, and robustness against noise,
among other factors.

2 Related Work

To solve the video tracking problem, different solutions have been proposed, with the
use of bioinspired metaheuristics being of special interest for this research. Algorithms
inspired by nature have shown great potential as video tracking methods increasing the
processing speed by reducing their resources and computational operations. Some of
the most popular bioinspired metaheuristics in recent years in the video tracking re-
search context are ABC (Atrtificial Bee Colony) [3], BA (Bat Algorithm) [4], and espe-
cially PSO (Particle Swarm Optimization) [5] which is one of the most used metaheu-
ristic algorithms and has several studies and papers published about how it can be used
as an optimizing algorithm for video tracking.

Another bioinspired metaheuristic is HSA (Honeybee Search Algorithm) which was
proposed [2] to be used along the ZNCC video tracking algorithm as the central fitness
function. An implementation that demonstrated promising results (with approximately
a 30% accuracy and 13.8 FPS [6]) but with some areas of opportunity such as the FPS
rate which is considerably low in this algorithm applied to video tracking and leads to
deeper investigations and the proposal of this proposal. This approach is one that has
not been touched on literature until now except for the cited works [2,6,7,8].

Other implementations of both the ZNCC algorithm and its original variant, NCC,
have been investigated, as is the case of the initial evaluations that were made of this
algorithm on the ALOV300++ dataset [9] where the NCC was shown to have an accu-
racy of 57%. In these tests, the Struck algorithm proved to have the highest accuracy of
66%.

In [2] it was proposed to use the HSA algorithm along ZNCC method as a possible
solution to the optimization problem in video tracking problem. Tests have shown that
HSA in conjunction with NCC/ZNCC can be effective and useful in a video tracking
scenario. However, this implementation still requires to be perfected and tested to find
the optimal conditions under which both algorithms can work more efficiently and se-
lecting which combination of ZNCC-HSA in the video tracking obstacles works better.
Even surpassing previously obtained measurements of 30% accuracy and 13.8 FPS
[2,6].

Among the algorithms with which this implementation is compared, Struck and Si-
amMask stand out being Struck one of the most popular and well received online video
tracking algorithms with the best results in accuracy, while SiamMask is perhaps the
most popular deep learning algorithm in the video tracking research area [10]. Against
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these two trackers, the NCC — HSA implementation obtained lower but also promising
results that indicated that after applying certain improvements it could be capable of
obtaining comparable or even superior results.

3 Methodology

In this work, we propose the use of the evolutionary metaheuristic known as Honeybee
Search Algorithm (HSA) to estimate the most probable positions of the target object
within each frame. In the HSA context, each individual (bee) is assigned to a specific
position (pixel) in the frame, and its suitability as the object’s location is evaluated
using the Zero Mean Normalized Cross-Correlation (ZNCC) image similarity metric.
To guide the population of individuals toward the most promising regions of the frame,
the algorithm executes a three-phase evolutionary process designed to iteratively gen-
erate and refine individuals in increasingly accurate positions.

To accelerate the aforementioned video tracking process, a heterogeneous CPU-
GPU architecture is proposed. In this scheme, the decision-making processes of the
HSA are executed on the CPU, while the evaluation of its fitness function—based on
the ZNCC algorithm—is offloaded to the GPU. A more detailed description of this
parallel architecture is provided in a later section.

3.1 ZNCC (Zero Mean Normalized Cross-Correlation)

Zero-mean Normalized Cross-Correlation (ZNCC) is a widely used similarity measure
in template matching and video object tracking. It compares a reference template to
regions in a target image to identify the best match, while remaining robust to variations
in brightness and contrast. The ZNCC value is computed using the following equation:
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Where (u, v) are the coordinates of the analysis areas top left corner, I(x, y) refer to
all the pixels that compose the analysis area, £ is the average template value and [ is the
a value obtained through the sum of pixel values in an area and divided into the size of
that particular area (m x n). Particularly, £ and I are defined as follows:
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3.2 HSA (Honeybee Search Algorithm)

The HSA algorithm is inspired by how bees search and collect food to find solutions in
the most efficient possible way considering three phases which are applied to the video
tracking in the following sense (see Fig. 1):
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1. Exploration: the algorithm releases a group of "bees" generated by an evolutionary
strategy algorithm to find the position(s) where the object is most likely to be located
within the frame's search area. The ZNCC method is used to evaluate possible posi-
tions.

2. Recruitment: new bees are assigned to the areas with the best ZNCC evaluation. This
is the only phase that does not use the evolutionary strategy algorithm.

3. Harvesting: the bees assigned in the previous phase go to most of the areas where
the object must be located. This phase requires more computational power on the
evolutionary strategy algorithm than the exploration phase since the most refined
search for the object will be concentrated here.

To enhance the evaluation of candidate positions during both the exploration and
harvesting phases, the ZNCC method will be optimized through thread-based parallel
computing using the OpenCL library for Python. In this parallel computing environ-
ment, each bee will be assigned to an individual thread, where it will independently
execute the ZNCC method to evaluate its position. This parallelization strategy is aimed
at accelerating the computation of the fitness function in the HSA algorithm, which is
defined by the ZNCC metric.

Exploration Recruitment Harvesting

* F

Fig. 1. HSA applied to video frame analysis. Bees look for the best positions (exploration), new
bees are assigned to those positions (recruitment) and then they exploit them (harvesting).

A 4

3.3 ALOV300++ Dataset

To evaluate the system’s performance, the ALOV300++ dataset [9] will be used. This
is a dataset composed of more than 300 videos divided into different categories accord-
ing to the properties and obstacles they present such as occlusion, reflection, shape
changes, long duration, etc. Since it was proposed in 2014, it has become very popular
in video tracking research due to its diversity and easy access and even its use has been
decreasing through time, it has been still used in recent years because of the previously
reasons that were mentioned [2,12].

The ALOV300++ dataset represents a challenge for any video tracking system due
to the robust diversity of its videos which allows us to observe in detail how a video
tracker can have a better or worst perform under certain conditions and certain types of
videos.
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4 Use of GPU

The emergence of increasingly specialized hardware architectures and components de-
signed to address specific computational tasks has driven the search for ways to harness
their potential in current areas of computational research. An example of this is GPUs,
which are an architecture designed specifically to process graphics tasks. They can
serve as powerful tools, particularly in applications such as video tracking. In addition
to their potential in video tracking algorithms (such as ZNCC), great potential has been
observed in GPUs for optimization and parallelization algorithms such as HSA and
PSO [2].

After the CPUs, the GPUs have been the most discussed hardware architecture in
the video tracking field not only because of its potential in video and image processing,
but also due to its possible use as a component for executing parallelization metaheu-
ristics. However, the use of GPUs in this area still has some unexplored potential be-
cause the correct parameters that can take advantage of this architecture in the most
efficient way possible have not been found yet [5,7]. Also, the GPUs’ advantages over
other architectures such as the CPU or FPGA have not been discovered with certainty
yet neither [8].

To accelerate the entire ZNCC — HSA system (see Fig 2.), we seek to take advantage
of GPUs, and their specific components designed for the graphic resources processing
that can also be used to improve the parallel programming in HSA.

5 System Evaluation

The complete evaluation of the system is sought by searching and implementing the
appropriate metrics such as F1-Score and FPS (Frames Per Second), as well as other
specific measures used for the correct video tracking system evaluation.

FPS (Frames Per Second). The frames per second (FPS) measurement is what we are
going to use to measure the speed of the system to evaluate how many frames the sys-
tem can analyze in one second of execution and confirm whether or not the objective
of the system reaching the 15 FPS.

F1-Score. To measure accuracy, we will use the measure known as F1-Score [11], also
known as the Segrensen-Dice Coefficient, a variation of the F-Score metric that is de-
fined by the following equation:

Precision x Recall
B2 x Precision) + Recall ’

F=(1+p8Y) % )

where f is a factor that determines the weight that Precision and Recall will have in the
result. Precision and Recall are obtained through:

TP
TP+FP’

Precision =

(©))
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TP
TP+FN ’

Recall =

(6)

where TP = True Positives, FP = False Positives and FN = False Negative, and these
are obtained through the IoU (Intersection Over Union) measure.

F1-Score is a F-Score variant where § = 1, which gives equal weight to both Preci-
sion and Recall resulting in a balanced result where both metrics have the same weight.
When we substitute the B value in the original F-Score equation we get the next F1-
Score equation:

F1 = 2 x PrecisionxRecal o

Precision+Recall’

6 Improvements

As mentioned in section 2, Dr. Oscar Perez-Cham proposed an original implementation
of the HSA algorithm in a parallel approach applied to video object tracking [2]. This
implementation was programmed in C code language.

A review and execution on this previous C code showed some areas of opportunity
that could be taken advantage of to improve the implementation:

e Lack of modularity and flexibility in the code.

e Better use of the feedback provided by HSA.

e Taking advantage of the optimized and specialized libraries of a programming lan-
guage such as Python that is higher level than C and C++.

e Better use of the GPU and CPU.

6.1 Modular Code Implementation

The development of a new version of the ZNCC - HSA implementation through a mod-
ular approach is expected to take advantage of the multi-paradigm property of Python
language as well as the optimization of its specialized libraries to create an optimally
flexible and easily manageable system.

The system is designed to focus on a core autonomous module (see Fig. 3) that would
only be responsible for executing the video sequences frame by frame in addition to
coordinating the work of the rest of the modules that would oversee more specific tasks
such as the tracking module. which would oversee tracking the object itself and where
the ZNCC code would be implemented. Similar modules or modules that are destinated
to achieve the same function will be organized into packages which in addition to keep-
ing the code organized, will allow an easy export and integration of those modules in-
side and outside the system.

Besides the core module, the only other independent module would be the testing
module, as it is intended to be a system capable of running and calculating different
metrics without the need to rely on the runtime analysis of the main module. Instead,
this module could receive results files and analyze them after the execution of the main
video tracking system to subsequently calculate metrics such as F1-Score. Still, this test

Research in Computing Science 154(10), 2025 36 ISSN 1870-4069



Parallel Video Tracking System based on Honeybee Swvarm Behavior and Evaluated ...
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Fig. 2. Description of the task distribution on the proposed heterogeneous CPU-GPU
architecture.
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module could be integrated into the core module to calculate the necessary metrics at
runtime.

Trackers package

Metrics

1

1

1

: HSA
| module
1

1

1

1

1

1

Testing
module

ZNCC
module
(as fitness
function)

FPS
Module

Fig. 3. Brief look at the current modular distribution of the system.

6.2 ZNCC Algorithm Improvements

As said, the overall accuracy of ZNCC performance in frame-by-frame analysis needs
to be improved because it is still not 100% perfect, especially in certain types of videos
that present some specifically difficult obstacles that cause the system to obtain a low
accuracy percentage.

The ZNCC algorithm required improvements to increase its precision in the frame-
by-frame video analysis since it has not reached 100% accuracy and in the case of some
video types, it still obtained a quite low percentage. The purpose of these improvements
is to reach approximately 62% precision, which is above the results obtained so far with
the ZNCC algorithm [9].

Random coordinates. It was observed that the parallel execution of the ZNCC al-
gorithm involved an exhaustive search using 100% of the frame’s pixels, leading to
redundancies when analyzing similar areas, which increased computational cost and
caused issues like memory overflow especially with high-resolution videos.

Based on this observation, it was proposed that by analyzing less than 100% of the
pixels, selected randomly and uniformly across the frame, redundancies could be re-
duced. According to the Pareto principle [13], an optimal percentage of random coor-
dinates is estimated to be 20%.

Search area reduction. Based on the assumption that an object cannot undergo
drastic displacement between consecutive video frames, the search area for object
tracking was significantly reduced. Instead of scanning the entire frame, the algorithm
now restricts the search to a localized region around the object's previous position
where it is most likely to appear in the next frame. This optimization reduces
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computational load by eliminating unnecessary searches and improves tracking accu-
racy by concentrating on the most probable location of the object [14].

The reduction of the search area is guided by four directional percentages—one for
each side of the region—determined by the Honeybee Search Algorithm (HSA). These
percentages indicate the likelihood of the object's movement in each direction, allowing
the search to focus more heavily on the areas where the object is most likely to appear.
To constrain the search space, the maximum search radius is limited to three times the
object’s size, with the directional percentages calculated relative to this radius (see Fig.
4).

rrevious approacn ReaucCuoll H1proveiet

. Search area

.Previous object location

Fig. 4. Change on the search area with the new reduction improvement using four predetermined
percentages based on 3 times the object size radius.

Blinds method. This is a variant of the pre-existent down-sampling method [15]. It
is based on the idea that an object can still be distinguished even if there is low inter-
ference in the image. A change was implemented in the ZNCC algorithm code to the
cycles that traverse the image pixels, so instead of moving pixel by pixel, a jump of two
pixels is made and the system only process half of the frame's information, similar to
watching the image pass through blinds (see Fig. 5)

Fig. 5. The idea behind the blinds method. a) Original frame, b) same frame after applying
the blinds method.
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Although the mathematical results of the ZNCC equation vary when removing half
of the pixels from the analysis, when applying the same blinds algorithm to both frames
(the current and the previous one), the statistical relationship between these two is main-
tained, something that has been corroborated in experiments and tests where it is ob-
served that there is no noticeable decrease in the effectiveness of the ZNCC algorithm
tracking the object when this method is applied.

6.3 HSA Improvements

The HSA algorithm Python implementation is currently in development. The purpose
of using the HSA metaheuristic is to make the system as fast as possible (even trying
to reach 15 fps) by taking advantage of the specific HSA heuristic properties combined
with the ZNCC video tracking process. Once completed, the HSA algorithm is expected
to decide where to follow the object taking advantage of the previously mentioned
ZNCC improvements.

The HSA is going to work efficiently by using its three phases strategically: the ex-
ploration phase is applied only in the first frame to locate the object, while the recruit-
ment and harvesting phases handle tracking in subsequent frames. The exploration
phase is triggered again only if the object is lost, based on a predefined threshold—
expected to be 62% precision (see Fig. 6).

/ for i = initial frame
: 3 Until i == final frame e
\ Increment 1

First frame or
ccuracy < 62%7%

Exploration

[ Harvesting ]«—[ Recruitment

Fig. 6. General process of the HSA algorithm through frames and how its different phases are
executed according to the current precision.

The previously explained usage of the frame-to-frame feedback will help not only
increase the success possibility of finding the object in a frame but also make it faster.

7 Experiments and Results
The current implementation of the HSA algorithm with just the exploration phase has

been tested on 33 videos coming from the 14 ALOV300++ dataset categories. These
tests were performed to find the optimal mutation and crossover operators for the
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algorithm considering HSA’s original implementation was made to 3D reconstruction
and its parameters were not changed in Dr. Perez-Cham’s video tracking implementa-
tion [5].

Combinations of three crossover and mutation operators were implemented. The
crossover operators that were selected are: uniform crossover, blend crossover and sim-
ulated binary crossover (SBX), while the mutation operators are: uniform mutation,
polynomial mutation and gaussian mutation. The following graphs show the average
results achieved on these experiments (see Fig. 7).

o 08 0 0.8
Q Q

"’3‘.) 0.6 3 0.6
L 04 T o4
0.2 0.2
0 0

1357 9111315171921232527293133 1357 9111315171921232527293133

ALOV300++ video ALOV300++ video
UniformC — —Blend G =—mnn SBX UniformM — —PolynomialM ----- Gaussian M
(c) (d)

135 7 9111315171921232527293133 1357 9111315171921232527283133
ALOV300++ video ALOV300++ video
UniformC — -BlendC ----- SBX UniformM — —PolynomialM ----- Gaussian M

Fig. 7. a) F1-Score (accuracy) average behavior of the three crossover operators, b) F1-Score
average behavior of the three mutation operators, c) FPS (speed) average behavior of the three
crossover operators, d) FPS average behavior of the three mutation operators.

8 Conclusions

The final implementation is still under development; however, preliminary tests
demonstrate significant improvements in both speed and accuracy compared to the
original implementation presented in [5].

As mentioned above, the HSA is currently being fine-tuned to identify the most ef-
fective evolutionary operators. Based on the preliminary results, blend crossover and
Gaussian mutation are currently considered the best candidates; however, further anal-
ysis is ongoing to confirm these findings.
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Once the best operators are found, a basic version of the HSA algorithm will be
available, in which optimization improvements will be implemented. In parallel, tests
will be conducted on the entire ALOV300++ dataset.

The final version of HSA will incorporate all the improvements presented in this
work; however, certain limitations remain. The most significant of these is the algo-
rithm’s limited robustness to changes in object size, which represents the main weak-
ness of the current proposal. Addressing this limitation constitutes the primary direction
for future work, along with enhancing the algorithm’s resilience to object rotation, re-
silience to occlusion and improving computational efficiency. The latter may involve
further code optimization or the development of a new implementation in C++ or an-
other compiled language.
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