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Visual object tracking is an important task in
computer vision with diverse applications, in-
cluding robotics, autonomous navigation, sur-
veillance, and human-computer interaction. This
paper provides a survey of methods and bench-
mark datasets for visual single object tracking
(SOT), focusing on both short-term and long-term
tracking scenarios. Various tracking approaches
are discussed, including correlation-based meth-
ods, keypoint tracking, and deep learning tech-
niques such as Siamese networks, transformer-
based, and other deep long-term trackers. The
overview of popular benchmark datasets, along
with corresponding evaluation protocols, is pre-
sented. The performance of many discussed algo-
rithms is compared on VOT 2018, LaSOT, and
GOT-10k benchmarks. The study reveals that
deep learning approaches demonstrate superior
performance in complex scenarios, although they
often require substantial computational re-
sources. Future research should prioritize en-
hancing the efficiency and adaptability of track-
ing algorithms, particularly for long-term scenar-
ios that closely resemble real-world applications.
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Introduction. Visual object tracking is a crucial computer
vision problem with lots of applications, including autono-
mous navigation, robotics, surveillance, and human-com-
puter interaction. It is an essential component of many Un-
manned Aerial Vehicles (UAVS) systems as well. Despite
a significant research effort in recent years, the problem re-
mains challenging due to a wide range of factors, including
target occlusions, illumination changes, motion blur, back-
ground clutter, and object deformations. In addition, the
need for real-time performance in many practical applica-
tions, especially in resource-constrained environments
such as UAVSs, imposes strict requirements for both com-
putational efficiency and accuracy.

The goal of visual object tracking is to estimate the po-
sition of the object of interest in each frame, given its initial
position in the first frame. If the target leaves the field of
view (FoV), the algorithm should recognize this situation
and provide proper feedback. The most common way to
annotate the target’s position is to use a bounding box
(Fig. 1, a). It is a minimal rectangular area of an image that
contains the target. However, sometimes a bounding box
cannot accurately capture the shape of the target. There-
fore, another approach is tracking with pixel-wise segmen-
tation (Fig. 1, b), which is more robust to complex trans-
formations of the target, but requires more computational
resources [1].

There are several categories of object tracking tasks. Sin-
gle-object tracking (SOT) requires following only one tar-
get, while the task of multi-object tracking (MOT) is to es-
timate the position of several targets and enumerate them.
During short-term tracking, it is assumed that the target is
always present (at least partially) within the field of view.
In contrast, long-term tracking considers situations where
the target may disappear for an extended period and reap-
pear later. Additionally, long-term trackers are expected to
follow the target for an extended period; therefore, the
tracker must deal with drifting and significant appearance
changes of the target. Long-term tracking has gained in-
creasing research interest as it aligns more closely with
real-world scenarios.
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This paper is organized as follows. The first part is devoted to short-term and long-term tracking with
correlation filters. In the next section, keypoint-based trackers are considered. After this, trackers based on
deep neural networks, which include Siamese, transformer-based, and other types of deep long-term trackers
are described. In the following sections, popular benchmark datasets are described, and the performance of
various tracking algorithms is compared on these datasets. The final section concludes the article and dis-
cusses future research.

b — bounding box + segmentation tracking and positioning

FIG. 1. lllustration of the target tracking via: a — a simple bounding box, b — a bounding box with segmentation.
Images are from the VOT-LT 2018 dataset [2]

Correlation-based trackers. Discriminative Correlation Filters (DCF) have become a well-known and
widely used tool for visual object tracking due to their high speed and good performance. Originally pro-
posed for short-term tracking, DCF-based methods have undergone significant advancements, allowing for
their use in more challenging scenarios. In the following section, the core principles and key algorithmic
developments of the DCF-based tracking framework are reviewed, with its application to both short-term
and long-term tracking.

One of the first papers that introduced the correlation filter framework was by Bolme et al. [3]. The
idea can be described as follows. Given an image of a search region X, and an image W, which represents
a target object appearance and is called a filter, we estimate the location of the target by correlating X with
W. The maximum value of the resulting response map indicates the location of the object’s center. A filter
W acts as a linear classifier that discriminates between the target object and the background. In [3], Bolme
formulated W™ as a solution to a least-squares optimization problem, given a training set of images X; with
corresponding ground-truth response maps Y; (see Fig. 2):

W* = argmin ZIIXi «W =Y |I> + AW,
i

where A is called a regularization parameter and is introduced to prevent overfitting, and * symbol denotes
a correlation between two images. To speed up calculations, the Convolution theorem is applied, which
states that correlation between X and W in the spatial domain is equivalent to element-wise multiplication
in the Fourier domain. Thus, the optimization problem can be rewritten in the following way:
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W* = argmin ) % 0 W - %" + 2| @]
i

The symbol = denotes a discrete Fourier transform of the image patch and © is an element-wise matrix

multiplication. A closed-form solution for the optimization problem is presented in [3] by Bolme et al.:
wo _2iXiof
X[ OX;+ A

Here X* is a complex conjugate of the image X. This formula involves only element-wise operations,
making the filter estimation very efficient in the Fourier domain. If Z is a new search image patch, the target
location is given by the maximum value of the response map:

Y=F W02,
where F~1 is an inverse discrete Fourier transform. The filter is trained online and is updated each frame to
adapt to a changing background.

FIG. 2. A search image X with a ground-truth Gaussian-shaped response map Y

Further, Henriques et al. [4] introduced the Kernelized Correlation Filter (KCF) algorithm, which ex-
tends [3] in several ways. First, it generalizes the original correlation filter formulation to a nonlinear setting
by mapping input features into a high-dimensional kernel space using the kernel trick. This enables the
tracker to handle more complex appearance variations. Second, it exploits the circulant structure of training
samples in the Fourier domain, enabling high-speed training and detection by reducing computational com-
plexity from quadratic to linear. Third, it incorporates a multi-channel HOG feature, improving the robust-
ness of the tracker to illumination changes and background clutter. Generally, any multi-channel feature
representation can be incorporated into this framework [4, 5]. The general tracking pipeline, incorporating
correlation filters and feature extraction, is presented in Fig. 3.

In real-world scenarios, the target object changes scale during a video. Therefore, additional target scale
estimation is required to provide more accurate tracking results. The problem was addressed, in particular,
by [6, 7]. Specifically, Li et al. [6] searched for the optimal scaling factor that maximizes the correlation
with the filter using a predefined set of scaling candidates. This exhaustive scale search, however, is com-
putationally demanding [7]. Another strategy, implemented in the Discriminative Scale Space Tracker
(DSST) [7], learns a separate discriminative correlation filter for translation and a 1-D filter for scale esti-
mation. Training samples for the scale filter are constructed by extracting feature descriptors from image
patches, sampled at variable sizes and centered around the target. Relative scale change is selected by max-
imizing the scale correlation score.

One of the crucial aspects of effective object tracking is image feature extraction. In some early works,
e.g. [3], grayscale pixel intensities were used. However, raw pixel values are highly sensitive to illumination
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changes and target occlusion, which can significantly degrade a tracker’s performance. As mentioned ear-
lier, KCF tracker [4] exploits the Histogram of Oriented Gradients (HOG) feature, used for object detection
tasks as well. Another branch of research focused on developing color features that are robust to various
illuminance changes. One strategy is to transform an RGB image into another color space, for instance,
LAB, HSV (Hue, Saturation, Value), YCbCr (Luminance and two chromatic components). Danelljan et al.
[7] show the usage of color attributes or Color Names (CN) features. This is a special color encoding scheme
that represents each RGB value as a probabilistic 11-dimensional vector on the set of basic colors: black,
blue, brown, grey, green, orange, pink, purple, red, white, and yellow. It is demonstrated that utilizing CN
image representation enhances the performance of the correlational tracker [8, 9]. All the described features
are often referred to as hand-crafted features in the literature.
response map
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Initial target position ? l

Image feature
extraction Target
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3 Filter training
Y and update
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FIG. 3. General pipeline of tracking with correlation filters

An alternative and modern approach to feature extraction is to use deep convolutional neural networks
(CNNs) [10]. Architectures such as ResNet [11], trained offline on a large-scale image dataset like
ImageNet, have achieved great performance in image classification. These networks have a hierarchical
structure: the output from the convolution layer [, followed by pooling and a non-linear activation function,
serves as the input to the layer | 1. Additionally, ResNet introduces residual connections to cope with the
vanishing gradient problem in very deep neural networks [11]. While earlier layers are trained to capture
simple patterns, such as edges and lines, the deeper ones extract high-level semantic information about an
image, e.g., object class. Ma et al. [10] utilized intermediate outputs from another network, VGG-Net, then
trained separate correlation filters similarly to the KCF tracker and propagated a target location to earlier
layers to obtain a more accurate target pose. Further, deep feature extractors have become an essential com-
ponent of deep learning-based trackers. Those types of trackers are discussed in later sections.

Danelljan et al. [12] proposed a theoretical framework for learning continuous correlation filters in the
spatial domain by employing a feature interpolation model of the training samples. The filter is learned
online and iteratively using the Conjugate Gradient method. Their tracker, CCOT, improves tracking per-
formance in several ways. First, the framework enables a more natural integration of multi-resolution fea-
tures, such as HOG or color features, rather than manual feature resizing to fit the filter size. Second, the
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continuous response map enables localization of the target at a sub-pixel level, thereby improving the accu-
racy of the location estimation. The main drawback of the CCOT tracker is its low speed, resulting from the
optimization of a large number of parameters, which can also potentially lead to overfitting [12]. The fol-
lowing work by Danelljan et al. [13] presents an Efficient Convolution Operator (ECO) tracker, which aims
to address the aforementioned issues of the CCOT tracker. First, instead of learning one large filter for each
feature channel, ECO decomposes it into smaller and more efficient operators, which significantly reduces
the number of model parameters. Second, ECO employs a more effective generative model that aggregates
the most representative information about the target, in contrast to storing previous samples with decayed
weights. Third, ECO updates its model at sparser intervals, instead of frame-by-frame updates. The authors
demonstrated that using handcrafted features for training enables the tracker to achieve a speed of 60 FPS
on a single CPU, making it suitable for real-time applications.

Long-term correlation-based trackers. Basic DCF trackers perform well as long as the target remains
in the field of view (or is only partially occluded) and a video sequence is relatively short. This happens due
to several reasons. First, in most cases, a DCF tracker updates the filter at each frame, without verifying the
estimation quality. This leads to error accumulation, tracker drifting, and eventual target loss in long-term
scenarios. Second, in the case of long-term target occlusion, the algorithm requires a separate re-detection
logic, e.g., a detection algorithm, trained either in an online or offline manner, to estimate the target’s new
location and scale. Third, the target’s feature representation may not be invariant to complex appearance
variations or lighting changes.

Many adaptations of the DCF framework have been proposed for long-term tracking scenarios [14-18].
Ma et al. [14] employed two separate correlation filters for object’s translation and scale estimation, but the
former one has a more conservative update scheme, depending on the confidence of the latter filter. The
tracker’s confidence is measured as a maximum value of the response map. When this value drops below a
predefined threshold, a random fern-based online detector is activated. The training set for the detector
consists of confident positive and negative samples, drawn from the tracker's result. In a similar work [15],
an online Support Vector Machine (SVM) algorithm is used as a re-detector. In the Fully-Correlational
Long-Term Tracker (FuCoLoT) [16], proposed by Lukezi¢ et al., a detector is implemented as a set of
correlation filters, trained over different temporal windows. These filters are updated at various frequencies,
including one filter that is never updated (the initial model). This strategy helps achieve resistance to occlu-
sions and disappearance and enables recovery from potential target loss.

Another strategy for improving long-term tracking is to use complementary trackers. For instance, Ber-
tinetto et al. [17] employed two types of target models: a template-based model that relies on a Histogram
of Oriented Gradients representation and a color model, represented by a global color histogram or specifi-
cally quantized RGB colors as features. This model captures color distribution and is invariant to spatial
permutations and target deformations. Similarly, in [18] a histogram of quantized colors in the Hue-Satura-
tion-Value (HSV) color space is used. In both cases, two separate linear filters are trained, and their scores
are fused via convex combination.

Conclusion remarks on tracking with correlation filters. Tracking with correlation filters is a well-
studied branch of visual tracking, with a variety of methods that emerged since 2014. Their ability to effi-
ciently locate the object of interest using Discrete Fourier Transform in real-time and to combine different
hand-crafted and deep-based image features made them popular for computationally constrained environ-
ments [19]. However, in the long-term tracking correlation filters need additional modifications to re-detect
objects and reduce error accumulation due to filter online updates. The discussed long-term trackers account
for these challenges, but do not solve them completely.

Keypoint-based trackers. Another approach to object tracking involves the use of interesting points,
feature points, or keypoints. Unlike in the correlation-based setting, where the tracked object is described by
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an image patch and a corresponding filter, the object model in keypoint-based methods consists of a set of
points (pixel coordinates or small image regions) with some distinctive properties. This representation can
be either sparse — tracking only a small subset of pixels — or dense — estimating the motion of every pixel.
In general, keypoint-based tracking consists of detecting keypoints in each new frame, estimating their mo-
tion (e.g. through matching), and using this information to establish the object’s position.

A crucial aspect of keypoint tracking is the choice of a keypoint detector. The simplest approaches
involve finding points or image patches with significant gradient variations in several directions, such as
corners [20]. More modern and reliable methods, such as Scale-Invariant Feature Transform (SIFT) [21],
Oriented FAST and Rotated BRIEF (ORB) [22], are more robust to noise and significant scale and orienta-
tion change of the points between two frames. Additionally, they are equipped with both keypoint detectors
and keypoint descriptors. A descriptor is a numerical vector that compactly encodes distinctive characteris-
tics of a local image region around a detected keypoint. It is used to match keypoints between frames by
computing the distance between descriptors (e.g., Euclidean for real-valued vectors or Hamming for binary
ones). Significant advancements have been made with deep learning methods that enable training both the
keypoint detector and descriptor in a joint, end-to-end manner. For example, the SuperPoint [23] detector
shows better performance than classic SIFT or ORB in terms of the number of correct matches and robust-
ness to noise.

One of the earliest and most prominent feature tracking frameworks is presented in several articles by
Kanade, Lucas, Shi, and Tomasi [20, 24]. Having a video sequence I(x, y, t), where x, y are the coordinates
of the image grid, and t is a frame number, the goal is to find a vector (u*,v*) that will minimize the
similarity error between patches of neighboring frames:

(u*,v*) = arg min 2 [I(x,y,t) —I(x +u,y+v,t+1)]?,
(x.y)ew
(xy)ew

where W denotes a small (for instance, 15 by 15 pixels) window around some keypoint. The iterative solu-
tion, also known as Lucas-Kanade optical flow, involves solving the following system of linear equations:

Ley? Y L) LGy D LGy L@y
(x,y)ew (x,y)ew [u] _ _ (x,y)ew
v 9
l L(x,y) - I,(x,y) 2 L, (x, y)? J l L,(x,y) - It (x, Y)J
(x,y)ew (x,y)ew (x,y)ew

where I, I,, and I, are image derivatives (gradients) in x, y and ¢ directions, and u, v are unknown motion
components of the window W. The quality of the solution is determined by the eigenvalues A, and A, of
the left-hand matrix. Very small eigenvalues correspond to flat and textureless image regions with no strong
intensity variation. In contrast, large eigenvalues mean strong intensity variation in one direction (edge) or
several directions (corner). For tracking purposes, Shi and Tomasi [20] proposed to select corner points such
that satisfy the following criteria:

min(44,4,) = A,

where A is some predefined threshold. Fig. 4 shows an example of such points. Additionally, the initial
assumption for the Lucas-Kanade optical flow is brightness constancy within the window and slow motion.
To address this, image pyramids are used to estimate the motion at different scales.
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FIG. 4. An image scene with features from Shi-Tomasi point detector [20]. The image is from the VOT-LT 2018
dataset [2]

The described Kanade-Lucas-Tomasi (KLT) tracking framework became a foundation for many further
trackers. Kalal et al. [25] propose to evaluate individual point tracks using Euclidean distance between for-
ward (I = I,1) and backward (I;,., — I;) flows. The object's displacement and scale changes are com-
puted as the median direction and scale of 50 % best points, based on the forward-backward error. Nebehay
et al. [26, 27] use both optical flow between consecutive frames and matching with the initial frame to track
object’s feature points. This combination of static and adaptive object models enables more robust long-
term tracking. Additionally, each matched keypoint votes for the new object center location. To remove
outliers, a clustering algorithm is used to determine subset of points with consistent predictions. Hong et al.
[28] demonstrated the complementary use of correlation filter and keypoint-based frameworks. Their multi-
store tracker (MUSTer) consists of a short-term component based on a correlation filter and a long-term
component, which is defined by a foreground and background keypoint feature database. For feature track-
ing, both feature matching with the database and sparse optical flow are considered. In contrast to [26, 27],
the feature database is updated over time using the memory model, which allows it to retain features that
are useful for matching and discard those that are not.

Some works consider the joint use of keypoints and superpixels [29]. A superpixel is a group of con-
nected pixels that share similar characteristics such as color, texture, or brightness. Every object can be
segmented into superpixels; however, they are not appropriate for matching due to the low discriminative
power [29]. On the other hand, it is hard to obtain a rich set of keypoints for textureless or low-contrast
images. Some tracking methods, for instance SPiKeS [29], construct a superpixel descriptor that consists of
a color histogram, a set of keypoints inside or near the superpixel, and their magnitude and orientation
relative to the superpixel center. The matching is performed by comparing color histograms and the relative
positions of matched keypoints near the superpixel. At each frame, both sets of keypoints and augmented
superpixels are matched with the initial model. A superpixel voting is used to determine a new center loca-
tion of the object.

Conclusion remarks on keypoint-based trackers. Unlike correlation filters, keypoint-based trackers
enable part-based tracking of objects, which means that the object of interest can be tracked by using only
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a subset of keypoints. This is useful in scenarios where objects are partially occluded. Using powerful key-
point detectors such as SIFT or ORB can increase robustness to noise and establish orientation and scale
invariance. For long-term tracking, various update schemes of object’s feature representation must be con-
sidered. On the other hand, keypoint representation is not as rich as a representation by correlation filter, for
example, for low-textured objects. Additionally, using only keypoints for tracking small objects is also chal-
lenging for the same reasons.

Deep learning-based trackers. In recent years, deep machine learning methods have become a major
research focus in the visual object tracking domain. By leveraging the powerful feature representation and
learning capacity of deep neural networks, deep trackers achieve better tracking accuracy, greater robustness
to appearance changes, and generalization across diverse scenarios. As a result, they often surpass traditional
methods in benchmark evaluations. In contrast to classic DCF trackers, deep trackers typically are trained
only offline using large-scale datasets. Due to the vast number of model parameters, an online update can
be computationally infeasible. Therefore, a rich dataset with annotated target positions and different tracking
scenarios must be used for model training. In this section, several methods are described, including Siamese
trackers, transformer-based trackers, and some other network architectures for long-term tracking.

Siamese trackers. The primary goal of a Siamese network is to compare pairs of inputs, e.g., images
or feature vectors, and measure their similarity. Each input is processed via identical subnetworks with
shared weights. Then, a similarity metric is used to compare the outputs. In 2016, Bertinetto et al. [30]
proposed a Fully Convolutional Siamese Network (SiamFC) for object tracking (Fig. 5). The object’s tem-
plate and a search region are processed via a shared feature extractor ¢, and their similarity is computed
using cross-correlation with an additional bias parameter. This results in a response map, where a maximum
corresponds to the location of the object:

R= @X)*¢(Z) +b.

The network is trained offline on a large dataset of pairs of neighboring video frames with the known
object location. During inference, an object’s template is extracted from the first frame and doesn’t change
during tracking. A search region is cropped and centered around the estimated position of the object. Despite
the simplicity, the SiamFC tracker showed excellent performance and real-time speed on Graphical Pro-
cessing Units (GPUs). A quite popular tracker, GOTURN [31], relies on a similar two-branch architecture,
but fuses feature representations and learns to estimate bounding box coordinates directly with a feed-for-
ward regression network.

In the following years, many modifications of Siamese networks were proposed [32—-36]. SiamRPN
network [32] utilizes the SiamFC as a pre-trained feature extractor and Region Proposal Network (RPN) as
a location estimator. During training, the RPN classifies a set of predefined image regions of different scales
(anchors) as positive (containing the object) and negative, and provides coordinate adjustments of the anchor
with respect to the ground truth. Distractor-aware Siam RPN [33] introduced strategies to improve feature
learning by addressing imbalanced data distribution, a separate distractor-aware module, and a local-to-
global search strategy to handle target occlusion in long-term scenarios. SiamMask [34] extends the archi-
tecture of SiamRPN and improves the offline training procedure by augmenting the loss function with a
binary segmentation task. Therefore, the network performs both visual object tracking and video object
segmentation in real-time. Yu et al. [35] addressed a key limitation of classic Siamese architectures — the
independent feature extraction of both the template and the search region, a characteristic of classic Siamese
architectures. Their model, SiamAttn, introduces a new Siamese attention mechanism that incorporates de-
formable self-attention and cross-attention computations. This mechanism is capable of aggregating rich
contextual interdependencies between the target template and the search region and adaptively updates the
target template. For more accurate tracking, SiamAttn contains a region refinement module that calculates
depth-wise cross-correlations between the attentional features. Overall, the use of an attention mechanism
for modelling dependencies between a region and the target is further developed in the transformer model.
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FIG. 5. A structure of the SiamFC neural network [30]

Siam R-CNN, developed by Voigtlaender et al. [36], employs a tracking-by-re-detection approach to
improve long-term tracking. They present a Siamese re-detection architecture where a Region Proposal
Network, similar to one in SiamRPN or two-stage object detectors like Faster R-CNN, generates potential
object locations in the search frame. After that, a Siamese re-detection head then compares these proposals
against a learned object template and performs bounding box regression. Given these potential target loca-
tions along with their similarity scores, an algorithm based on dynamic programming assesses a compre-
hensive history of potential object trajectories (tracklets) for both the target and simultaneously tracked
distractor objects. This approach, called Tracklet Dynamic Programming, determines the optimal target path
by considering cumulative similarity scores, appearance, and motion consistency across frames. Despite its
good performance in long-term occlusion scenarios, Siam R-CNN is computationally demanding and slower
than many other Siamese trackers, making it less suitable for real-time applications.

Transformer-based trackers. The transformer model, developed by VVaswani et al. [37], was primarily
designed for machine translation. Unlike previous architectures for language modelling, it replaced all con-
volutional and recurrent operations with an attention mechanism to capture contextual dependencies more
effectively. The encoder uses self-attention to model relationships within the input sequence, while the de-
coder combines self-attention with cross-attention to capture dependencies between the input and output
sequences. Not only has the model become the foundation for large language models, but it has also influ-
enced advancements in image recognition and object tracking tasks [38, 39].

Chen et al. [38] presented one of the first adaptations of the Transformer for object tracking. Their
method, TransT, consists of three main components. The backbone network extracts image features from
the target template and the search image independently. The feature fusion network enhances feature repre-
sentation through ego-context using a multi-head self-attention module [38] and fuses these representations
via a cross-feature module using multi-head cross-attention. The prediction head is composed of classifica-
tion and regression branches. The regression network directly predicts the normalized coordinates of the
candidate region, while the classification decides if the region corresponds to foreground or background.

Yan et. al [39] developed a spatio-temporal transformer network (STARK) that combines spatial and
temporal information for accurate target localization (Fig. 6). The encoder module processes the initial tar-
get, current frame, and a dynamically updated template. The decoder predicts the target's spatial position
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via query embeddings. The prediction head estimates the bounding box and controls template updates.
STARK directly predicts bounding box location, without post-processing, which leads to stable and reliable
results. The use of a dynamic template updated during tracking enables the tracker to adapt to appearance
changes of the target over time, which is crucial for long-term tracking. The tracker shows high performance
on multiple benchmarks, including LaSOT and GOT-10k, and real-time speed (30-40 FPS) on GPUs.
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FIG. 6. The STARK tracker architecture [39]

To summarize, tracking with transformers is an ongoing research topic in visual object tracking, with
numerous new models emerging.

Deep long-term trackers. Some of the described trackers, such as DaSiamRPN, Siam R-CNN, and
STARK, are designed to handle long-term tracking challenges, e.g., target occlusion and appearance varia-
tions. This section describes some more deep learning-based approaches to long-term object tracking.

Fan et al. [40] proposed the Parallel Tracking and Verification (PTAV) approach, designed for robust
long-term tracking. The framework combines a fast short-term correlation tracker with a verifier and a co-
ordinator, all of which operate in parallel. The tracker continuously estimates the target location and sends
its results to a coordinator. The verifier, which is built upon the Siamese network, is responsible for re-
detecting the target in case of tracking failure. The use of the Region Proposal Network allows the verifier
to process multiple candidate regions at once, thereby reducing its computational complexity. The coordi-
nator monitors the tracker's performance using a tracking confidence score. If the score is below a certain
threshold, it sends a request to the verifier to initiate a re-detection process. If the verifier cannot recover the
target, the coordinator maintains the last known good tracking result and expands the search region. The
parallel execution of all the components helps achieve a balance between the tracker's robustness in the
long-term scenarios and its speed.
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Yan et al. [41] introduced Skimming-Perusal Tracking, a long-term tracking framework that consists
of perusal and skimming modules. The perusal part is an offline-trained SiamRPN tracker and a dedicated
verifier that determines whether the target is present or absent in the local search region. If the target is
absent, the skimming part generates a set of sliding windows in the global search region, which are verified
using a deep convolutional network. Only the best three candidate windows are selected for further pro-
cessing by the perusal part and tracking correction.

Huang et al. [42] considered the object tracking task as a global instance target search, without relying
on any temporal information from the previous frames. Their GlobalTrack algorithm comprises two mod-
ules: a Query-Guided Region Proposal Network and a Query-Guided Region-CNN. In this context, the term
query refers to the discriminative features of the object template extracted from the first frame. The first
module generates region proposals modulated by query features, which helps to select regions that are more
likely to contain the target. The second module performs bounding box refinement and calculates the con-
fidence score for each proposal from the previous step. The algorithm selects the bounding box with the
highest score as a tracking result. The model relies on the query extracted from the first frame and does not
apply any additional post-processing steps after the bounding box selection.

Dai et al. [43] considered the issue of online trackers updating in long-term scenarios. Although online
trackers are flexible and can handle target appearance variations and background changes, frequent or un-
reliable updates can lead to error accumulation, tracker drift, and performance degradation. To mitigate this
issue, the authors proposed to use a meta-updater that decides whether the tracker’s parameters should be
updated at the current frame. This meta-updater is an offline-trained binary classifier based on a recurrent
neural network, which relies on a history of diverse observations. These observations include geometric
cues (changes of the target’s bounding box), discriminative cues (response map quality), and appearance
cues (similarity measure between current target appearance and the template). The training dataset for the
meta-updater is generated using the same short-term tracker used in the long-term tracking algorithm. The
presented framework can be generalized and integrated with any short-term tracker.

Dunnhofer et. al [44] presented another approach for long-term tracking by combining the outputs of
two complementary deep trackers. Both components report the bounding box of the target and tracking
confidence. The first tracker has high target localization capability, but its confidence score is less consistent
with the location prediction; for example, it may report high confidence even when the predicted location is
inaccurate. In contrast, the second tracker is less precise, but has a more consistent confidence score. Given
bounding boxes and confidence scores from both trackers, an online-updated binary classifier based on a
deep neural network returns a probability of whether the target is presented in each of the image patches
defined by the bounding boxes. The result is then used to correct the tracker's output or to determine that
the target is out of view and perform re-detection using the tracker with higher localization accuracy.

Conclusion remarks on deep learning-based trackers. Deep learning-based methods have made sig-
nificant progress in terms of tracking accuracy and robustness. This became mainly due to the availability
of large-scale labeled datasets and the development of effective network architectures. This progress has
expanded the applicability of modern trackers in scenarios where reliability is critical. However, as will be
discussed in the next section, the increase in accuracy often comes at the cost of higher computational com-
plexity.

Benchmark datasets. The availability of large and high-quality datasets is essential for tracker devel-
opment, evaluation, and debugging. They can also serve as a benchmark that allows to compare different
trackers and present results. Typically, object tracking datasets consist of video sequences of variable length,
where the target’s position is labeled in each video frame either with a bounding box or a segmentation
mask. Additionally, some metainformation might be provided, for example, types of visual distractors pre-
sented in the video. This helps to filter the dataset properly for further processing. Typically, benchmark
datasets are accompanied by standardized evaluation protocols, allowing for a fair comparison of various
algorithms. Below, an overview of widely used datasets for visual tracking is provided, including those
focused on short-term and long-term tracking.
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Visual Object Tracking (VOT) is an annual challenge that provides standardized datasets, an evaluation
protocol, and a leaderboard to assess the performance of both short-term and long-term trackers [45]. Since
its launch in 2013, this platform has played a central role in advancing the field of object tracking.

The VOT framework introduces several categories of challenges and corresponding datasets:

1. VOT-ST: a short-term benchmark that contains shorter videos without long-term target occlusions.

2. VOT-LT: a long-term benchmark consisting of longer videos with target disappearance and reap-
pearance.

3. VOT-RGBD and VOT-RGBT: these benchmarks offer four-channel videos, including color RGB
and an additional channel, either depth (D) or an infrared channel (T).

4. VOTs —a target position is annotated with a segmentation mask.

New challenges focus on tracking with segmentation instead of bounding box estimation and take into
account topological transformations of objects, such as cut or disassembled forms. Starting from 2023, the
challenge no longer distinguishes between single-object and multi-object tracking, nor between short-term
and long-term tracking.

Generic Object Tracking (GOT) benchmark is a large-scale dataset that offers over 10,000 video seg-
ments with more than 1,5 million manually labeled bounding boxes [46]. Object classes from training and
test sets do not overlap; therefore, it promotes generalization in tracker development. The overall number
of classes is 563. Additionally, the dataset provides annotations of visible ratios, which are a percentage
indicating the approximate proportion of an object that is visible. This information can help to develop a
model that is more robust to target occlusion.

Large-scale Object Tracking (LaSOT) benchmark also aims to provide a comprehensive platform for
training and evaluating deep trackers [47]. The dataset contains 1,550 video sequences totaling over 3,87
million frames. The overall number of object categories is eighty-five, with each category represented by
an equal number of sequences to ensure category balance and reduce bias. LaSOT presents several real-
world tracking challenges, including occlusion, scale variation, motion blur, illumination change, back-
ground clutter, and target disappearance.

The Unmanned Aerial Vehicle Detection and Tracking (UAVDT) [48] benchmark is designed for eval-
uating object detection and tracking algorithms in aerial videos captured by drones. It addresses challenges
unique to UAV-based scenarios, such as small object sizes, dynamic camera motion, and complex back-
grounds. It contains 100 video sequences, resulting in 80,000 frames that are fully annotated with bounding
boxes and up to 14 attributes (weather condition, camera view, flying altitude, vehicle category, whether the
target is occluded or not etc.). The benchmark is suitable for three computer vision tasks: object detection,
single-object tracking, and multiple-object tracking.

Tracking methods comparison. VOT Benchmark. VOT Challenge employs different evaluation pro-
tocols for assessing short-term and long-term trackers. For short-term tracking, the protocol adopts the so-
called reset strategy. When a tracking failure is detected, which is defined as a zero overlap between the
predicted and ground-truth bounding boxes, the tracker is reset after five frames. To avoid bias from re-
initialization, the ten frames following the reset are excluded from metric computation. Three primary met-
rics are used for short-term tracker evaluation [2]:

1. Accuracy (A) is the average overlap between predicted and ground-truth bounding boxes.

2. Robustness (R) is the average number of tracking failures per video sequence. In this case, lower
robustness means better tracking performance.

3. Expected Average Overlap (EAO) is an integrated metric that estimates the expected overlap a
tracker would achieve on a typical short-term sequence without resets. EAO combines both per-frame ac-
curacy and robustness into a single score, making it the primary ranking criterion in VOT short-term
evaluations.
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In contrast to VOT short-term scenarios, the main requirement for long-term trackers is the ability to
re-detect the target or to report that the target is missing. Long-term trackers should also provide a confi-
dence score that reflects whether the target is within the field of view. Therefore, a VOT long-term protocol
uses another set of quality metrics:

1. Precision (Pr): mean intersection-over-union (loU) over frames where the tracker predicted the tar-
get’s location.

2. Recall (Re): mean loU over frames where the target is within field of view.

. . .. 2-Pr-R
3. F-score: a combination of precision and recall: F = PT:R: .

Table 1 presents the results on the VOT 2018 short-term benchmark, where trackers' performance is
sorted by EAO values. Table 2 demonstrates long-term performance on the VOT 2018 LT benchmark, with
results sorted by F-score. All the results can be found in the official report dedicated to the VOT 2018
challenge [2] and corresponding works.

TABLE 1. VOT 2018 short-term challenge evaluation results

Tracker Tracker Type Accuracy Robustness Expected Average

Overlap
SiamRPN [32] Deep, Siamese 0.586 0.276 0.383
ECO [13] Correlation Filter 0.484 0.276 0.280
C-COT [12] Correlation Filter 0.494 0.318 0.267
SiamFC [30] Deep, Siamese 0.503 0.585 0.188
Staple [17] Correlation Filter 0.530 0.688 0.169
KCF [4] Correlation Filter 0.447 0.773 0.135
DSST [7] Correlation Filter 0.395 1.452 0.079

TABLE 2. VOT 2018 long-term challenge evaluation results
Tracker Tracker Type Precision Recall F-score
CoColLoT [44] Deep 0.741 0.729 0.735
STARK [39] Deep, Trans- 0.691 0.652 0.696
former

LTMU [43] Deep 0.710 0.672 0.690
Siam R-CNN [35] Deep, Siamese 0.670 0.667 0.668
SPLT [41] Deep 0.633 0.600 0.616
FuColLoT [16] Correlation Filter 0.539 0.432 0.480
SiamFC [30] Deep, Siamese 0.636 0.328 0.433

LaSOT Benchmark. The LaSOT evaluation procedure uses three kinds of evaluation protocols: no-
constraint, full-overlap, and one-shot protocols [47]. In the first protocol, all 1,400 videos in LaSOT are
utilized for evaluation. In the full-overlap protocol, only 280 sequences from the test set are used to evaluate
the performance of trackers. Another 1,220 videos can be used for tracker training. The testing set for the
one-shot protocol consists of 150 specially collected videos, enabling the use of 1,400 LaSOT videos for
training. Moreover, there is no overlap between the target object classes of the training and testing subsets.
In this paper, the results of the one-shot protocol are presented in Table 3.

Across all evaluation protocols, three standard metrics are used to compare tracker performance: preci-
sion (PRE), normalized precision (N-PRE), and success (SUC). Precision is calculated as the percentage of
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frames in which the center location error between the predicted and ground-truth bounding boxes is within
a predefined threshold (typically 20 pixels). Normalized precision accounts for object scale variations and
normalizes the precision by the size of the ground-truth bounding box (e.g., the diagonal length of the
bounding box). The success rate is defined as the ratio of frames where the intersection-over-union between
the ground-truth and predicted bounding boxes exceeds a certain threshold (typically 0.5). It is common to
plot these metrics as a function of threshold and to obtain a precision plot, a normalized precision plot, and
a success plot. These plots provide a more detailed view of a tracker's behavior across different levels of
tolerance, offering insight beyond a single scalar score. More details can be found in [47] and in the official
LaSOT leaderboard [49].

TABLE 3. LaSOT evaluation results using one-shot protocol

Tracker Tracker Type PRE N-PRE SUC
STAR[l;;]STlOl Deep, Transformer, long-term - 0.77 0.671
TransT [38] Deep, Transformer, short-term 0.690 0.738 0.649
SiamAttn [35] Deep, Siamese, short-term - 0.648 0.560
LTMU [43] Deep, long-term 0.473 0.499 0.414
DaSiamRPN [33] Deep, Siamese, long-term 0.420 0.443 0.356
GlobalTrack [42] Deep, long-term 0.411 0.436 0.356
SiamMask [34] Deep, Siamese, short-term 0.392 0.420 0.332
SPLT [41] Deep, long-term 0.297 0.339 0.272
SiamFC [30] Deep, Siamese, short-term 0.269 0.311 0.230
ECO [13] Correlation Filter, short-term 0.240 0.252 0.220
PTAV [40] Deep, long-term 0.222 0.220 0.195
ECO_HC (hand-
crafted features) Correlation Filter, short-term 0.210 0.222 0.182
[13]
HCFT [10] Correlation Filter, short-term 0.183 0.181 0.159
Staple [17] Correlation Filter, short-term 0.165 0.187 0.158
LCT [14] Correlation Filter, long-term 0.140 0.155 0.143
fDSST [7] Correlation Filter, short-term 0.138 0.152 0.135
KCF [4] Correlation Filter, short-term 0.134 0.148 0.127
CN [8] Correlation Filter, short-term 0.129 0.140 0.121

GOT-10k benchmark. There are three main metrics used to compare trackers' performance on the
GOT-10k benchmark: The Average Overlap (AO) simply refers to the average overlap rate between ground
truth and predicted bounding boxes across all video frames [46]. The Success Rate (SR) denotes the pro-
portion of frames where the overlap exceeds a certain threshold; commonly used thresholds are 0.5 and
0.75. Table 4 presents the evaluation results on the GOT-10k dataset using these metrics. Additionally, the
speed of each tracker, expressed in frames per second (FPS), is provided along with the device name used
for testing. More information regarding other trackers can be found in the official GOT-10k leaderboard
[50].

Some studies, report results using the mean average overlap (mAQO) and mean success rate (mSR).
These metrics calculate the average score per video sequence class and then take the mean across all classes,
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providing a fairer evaluation on unbalanced datasets. However, the official GOT-10k leaderboard and many
papers use simpler AO and SR metrics; therefore, they are provided in this paper as well.

TABLE 4. GOT-10k evaluation results

Average Speed
Tracker Tracker Type Overlap | SRys | SRy.75 peed, Device
- - FPS
(AO)

TransT[38] | DoP TS | 0723 | 0824 | 0682 | 47.27 Titan RTX
STARK-ST50 [39] for?ﬁe:rp’lgggr_‘; | oss0 | 0777 | 0623 | 4L8 GPUnggé‘e‘j;‘OW”
Siam R-CNN [36] Deﬁf’ﬁ gs'tirr"nfse 0649 | 0728 | 0597 | 279 Gei‘gggT?TX

SiamRPN (with .
ResNet50 back- | DooP SESE | o516 | 0620 | 0334 | 2668 | O CTX
bone) [32]
SiamMask [34] | SR SIMESE | 514 | 0587 | 0.366 | 1537 NV'EF’,'lﬁoTes'a
GOTURN [31] Deep, Siamese | 0.347 | 0.375 | 0.124 | 108.55 Geﬁ?{;ﬁ )C'ETX
SiamFC [30] Deep, Siamese | 0348 | 0353 | 0008 | 4415 | CCOrCeEIX
CCOT[12] Cor;fw';‘:;f’tgri']'te“ 0325 | 0328|0107 | o068 |° CorESPZL'JO GHz
ECO_HC (hand- . .
crafted features) Cor;?'gﬁlggrﬁ;'ter’ 0286 | 0.276 | 0.096 | 4455 |10 Corgspﬁo GHz
[13]
fDSST [7] Cor;f]'ggf’tgrﬁ;”e“ 0206 | 0.187 | 0.075 | 3043 | 10O EOCH
KCF [4] Cor;i'ggf’tgr';'ter’ 0203 | 0177 | 0.065 | 9466 | O Cor(e:SPZL'JO GHz

Conclusions. To summarize, visual object tracking remains a challenging problem despite significant
progress made over the last decade. The results from the evaluation benchmark clearly show the following:

1. Significant progress in the object tracking domain has been made by deep learning methods, starting
with Siamese models. Transformer-based models are currently among the state-of-the-art. Unlike correla-
tion filter approaches, most deep learning methods are trained offline on large-scale datasets for tracking.
Due to the large number of parameters in deep trackers, their online updates are often computationally in-
efficient.

2. Although state-of-the-art deep trackers achieve decent performance on benchmark datasets, they are
often not suitable for computationally constrained environments, such as UAVs. To overcome this issue,
more lightweight feature extractors and model quantization techniques can be considered [51], though often
at the cost of tracking accuracy.

3. In contrast, classic approaches, such as correlation filters, are well-suited for real-time applications
and can be effectively adapted for long-term tracking scenarios that are common in practice. Most correla-
tion-based methods are trained online, which allows the model to be flexible and adapt to changes in the
environment. However, in the long-term tracking, the problems of model update frequency and efficient
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discriminative features must still be addressed. On the other hand, correlation-based trackers can be com-
bined with keypoint detection, which can improve long-term tracking.

The analysis of modern long-term trackers shows that target re-detection and minimization of error drift
are the most critical aspects of accurate tracking. Moreover, many practical applications employ computa-
tional constraints. Future research in the visual object tracking domain should focus on developing real-
time, long-term tracking solutions that account for these constraints.

Authorship contribution. Yevhen Romaniak — research, analysis, writing.

Data availability. The data that supports the findings of this study is openly available in publications
devoted to particular trackers, VOT 2018 Challenge report [2] and official public leaderboards [49, 50].

Funding. The author(s) received no financial support for the research, authorship and/or publication of
this article.

References

1. Suslenko O. Comparison of Neural Network Architectures for Spatial Orientation of Unmanned Aerial Vehicles and
Ground Drones. Cybernetics and Computer Technologies. 2025. 4. P. 99-105. (in  Ukrain-
ian) https://doi.org/10.34229/2707-451X.25.4.9

2. Kristan M., Leonardis A., Matas J. et al. The Sixth Visual Object Tracking VOT2018 Challenge Results. Computer
Vision — ECCV 2018 Workshops. Cham : Springer International Publishing, 2019. ISBN 978-3-030-11009-3. P. 3-53.
https://doi.org/10.1007/978-3-030-11009-3 1

3. Bolme D.S., Beveridge J.R., Draper B.A., Lui, Y. M. Visual object tracking using adaptive correlation filters. 2010 IEEE
Computer  Society Conference on  Computer Vision and Pattern Recognition. P.2544-2550.
https://doi.org/10.1109/CVPR.2010.5539960

4. Henriques J.F., Caseiro R., Martins P., Batista J. High-Speed Tracking with Kernelized Correlation Filters. IEEE
Transactions on Pattern Analysis and Machine Intelligence. 37 (3). P. 583-596.
https://doi.org/10.1109/TPAMI.2014.2345390

5. Galoogahi H.K., Sim T., Lucey S. Multi-channel Correlation Filters. 2013 IEEE International Conference on Computer
Vision2013 IEEE International Conference on Computer Vision (ICCV). (Sydney, Australia, 12.2013). Sydney, Aus-
tralia : IEEE, 2013. P. 3072-3079. https://doi.org/10.1109/ICCV.2013.381

6. LiY., Zhu J. A Scale Adaptive Kernel Correlation Filter Tracker with Feature Integration. Computer Vision — ECCV
2014 Workshops. Cham : Springer International Publishing, 2015. P. 254-265. https://doi.org/10.1007/978-3-319-
16181-5 18

7. Danelljan M., Hager G., Khan F.S., Felsberg M. Discriminative Scale Space Tracking. IEEE Transactions on Pattern
Analysis and Machine Intelligence. 39 (8). P. 1561-1575. https://doi.org/10.1109/TPAMI.2016.2609928

8. Danelljan M., Khan F.S., Felsberg M., Van de Weijer J. Adaptive Color Attributes for Real-Time Visual Tracking. 2014
IEEE Conference on Computer Vision and Pattern Recognition (CVPR). (Columbus, OH, 06.2014). Columbus,
OH : IEEE, 2014. P. 1090-1097. https://doi.org/10.1109/CVPR.2014.143

9. Danelljan M., Higer G., Khan F.S., Felsberg M. Coloring Channel Representations for Visual Tracking. Image Analysis.
P. 117-129. https://doi.org/10.1007/978-3-319-19665-7_10

10. Ma C., Huang J.-B., Yang X., Yang M.H. Hierarchical Convolutional Features for Visual Tracking. 2015 IEEE Inter-
national Conference on Computer Vision (ICCV)2015 IEEE International Conference on Computer Vision (ICCV).
Santiago, Chile : IEEE, 2015. P. 3074-3082. https://doi.org/10.1109/1CCV.2015.352

11. He K., Zhang X., Ren S., Sun J. Deep Residual Learning for Image Recognition. 2016 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). (Las Vegas, NV, USA, 06.2016). Las Vegas, NV, USA : IEEE, 2016. P. 770-
778. https://doi.org/10.1109/CVPR.2016.90

12. Danelljan M., Robinson A., Khan F.S., Felsberg M. Beyond Correlation Filters: Learning Continuous Convolution Op-
erators for Visual Tracking. Computer Vision —ECCV 2016. P. 472-488. https://doi.org/10.1007/978-3-319-46454-1 29

13. Danelljan M., Bhat G., Khan F.S., Felsberg M. ECO: Efficient Convolution Operators for Tracking. 2017 IEEE Confer-
ence on Computer Vision and Pattern Recognition (CVPR)2017 IEEE Conference on Computer Vision and Pattern
Recognition  (CVPR).  (Honolulu, HI,  07.2017).  Honolulu, HI:IEEE, 2017. P.6931-6939.
https://doi.org/10.1109/CVPR.2017.733

14. Ma C., Yang X., Zhang C., Yang, M. H. Long-term correlation tracking. 2015 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR)2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR). (Boston,
MA, USA, 06.2015). Boston, MA, USA : IEEE, 2015. P. 5388-5396. https://doi.org/10.1109/CVPR.2015.7299177

90 ISSN 2707-4501. Kibepnemuka ma komn'tomepui mexnonozii. 2026, Ne 1


https://doi.org/10.34229/2707-451X.25.4.9
https://doi.org/10.1007/978-3-030-11009-3_1
https://doi.org/10.1109/CVPR.2010.5539960
https://doi.org/10.1109/TPAMI.2014.2345390
https://doi.org/10.1109/ICCV.2013.381
https://doi.org/10.1007/978-3-319-16181-5_18
https://doi.org/10.1007/978-3-319-16181-5_18
https://doi.org/10.1109/TPAMI.2016.2609928
https://doi.org/10.1109/CVPR.2014.143
https://doi.org/10.1007/978-3-319-19665-7_10
https://doi.org/10.1109/ICCV.2015.352
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1007/978-3-319-46454-1_29
https://doi.org/10.1109/CVPR.2017.733
https://doi.org/10.1109/CVPR.2015.7299177

AN ANALYSIS OF VISUAL SINGLE OBJECT TRACKING METHODS

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

Ma C., Huang J.-B., Yang X., Yang M. H. Adaptive Correlation Filters with Long-Term and Short-Term Memory for
Object Tracking. International Journal of Computer Vision. 126 (8). P. 771-796. https://doi.org/10.1007/s11263-018-
1076-4

Lukezi¢ A., Zajc L.C., Vojit T., Matas J., Kristan M. FuCoLoT — A Fully-Correlational Long-Term Tracker. Computer
Vision — ACCV 2018. P. 595-611. https://doi.org/10.1007/978-3-030-20890-5_38

Bertinetto L., Valmadre J., Golodetz S., Miksik O., Torr P.H. Staple: Complementary Learners for Real-Time Tracking.
2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR). (Las Vegas, NV, USA, 06.2016). Las
Vegas, NV, USA : IEEE, 2016. P. 1401-1409. https://doi.org/10.1109/CVPR.2016.156

Kyyko V., Matsello V. Real-Time Tracking of Objects in Video Based on Adaptive Histogram Features. Kibernetika i
vycislitel'nad tehnika. 2023. 3 (213). P. 4-19. (In Ukrainian) https://doi.org/10.15407/kvt213.03.004

Yang J., Tang W., Ding Z. Long-Term Target Tracking of UAVs Based on Kernelized Correlation Filter. Mathematics.
23 (6). P. 3006. https://doi.org/10.3390/math9233006

Shi J., Tomasi C. Good features to track. Proceedings of IEEE Conference on Computer Vision and Pattern Recognition.
(Seattle, WA, USA, 1994). Seattle, WA, USA:IEEE Comput. Soc. Press, 1994, P.593-600.
https://doi.org/10.1109/CVPR.1994.323794

Lowe D.G. Distinctive Image Features from Scale-Invariant Keypoints. International Journal of Computer Vision.
60 (2). P. 91-110. https://doi.org/10.1023/B:V1S1.0000029664.99615.94

Rublee E., Rabaud V., Konolige K., Bradski G.R. ORB: An efficient alternative to SIFT or SURF. 2011 IEEE
International Conference on Computer Vision (ICCV). (Barcelona, Spain, 11.2011). Barcelona, Spain : IEEE, 2011.
P. 2564-2571. https://doi.org/10.1109/ICCV.2011.6126544

DeTone D., Malisiewicz T., Rabinovich A. SuperPoint: Self-Supervised Interest Point Detection and Description. 2018
IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops (CVPRW). (Salt Lake City, UT, USA,
06.2018). Salt Lake City, UT, USA : IEEE, 2018. P. 337-33712. https://doi.org/10.1109/CVVPRW.2018.00060

Lucas B.D., Kanade T. An Iterative Image Registration Technique with an Application to Stereo Vision. IJCAI’81: 7th
international joint conference on Artificial intelligence. Vancouver, Canada, 1981. P. 674-679. https://hal.science/hal-
03697340

Kalal Z., Mikolajczyk K., Matas J. Forward-Backward Error: Automatic Detection of Tracking Failures. 2010 20th
International Conference on Pattern Recognition (ICPR). (Istanbul, Turkey, 08.2010). Istanbul, Turkey : IEEE, 2010.
P. 2756-2759. https://doi.org/10.1109/ICPR.2010.675

Nebehay G., Pflugfelder R. Consensus-based matching and tracking of keypoints for object tracking. 2014 IEEE Winter
Conference on Applications of Computer Vision (WACV). (Steamboat Springs, CO, USA, 03.2014). Steamboat Springs,
CO, USA : IEEE, 2014. P. 862-869. https://doi.org/10.1109/WACV.2014.6836013

Nebehay G., Pflugfelder R. Clustering of static-adaptive correspondences for deformable object tracking. 2015 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR). (Boston, MA, USA, 06.2015). Boston, MA,
USA : IEEE, 2015. P. 2784-2791. https://doi.org/10.1109/CVPR.2015.7298895

Hong Z., Chen Z., Wang C., Mei X., Prokhorov D., Tao D. MUIti-Store Tracker (MUSTer): A cognitive psychology
inspired approach to object tracking. 2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR).
(Boston, MA, USA, 06.2015). Boston, MA, USA : IEEE, 2015. P. 749-758.
https://doi.org/10.1109/CVPR.2015.7298675

Derue F.-X., Bilodeau G.-A., Bergevin R. SPiKeS: Superpixel-Keypoints structure for robust visual tracking. Machine
Vision and Applications. 29 (1). P. 175-186. https://doi.org/10.1007/s00138-017-0884-9

Bertinetto L., Valmadre J., Henriques J.F., Vedaldi A., Torr P.H. Fully-Convolutional Siamese Networks for Object
Tracking. Computer Vision — ECCV 2016 Workshops. P. 850-865. https://doi.org/10.1007/978-3-319-48881-3 56
Held D., Thrun S., Savarese S. Learning to Track at 100 FPS with Deep Regression Networks. Computer Vision — ECCV
2016. Cham : Springer International Publishing, 2016. P. 749-765. https://doi.org/10.1007/978-3-319-46448-0_45

Li B, Yan J., Wu W., Zhu Z., Hu X. High Performance Visual Tracking with Siamese Region Proposal Network. 2018
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). (Salt Lake City, UT, 06.2018). Salt Lake
City, UT : IEEE, 2018. https://doi.org/10.1109/CVPR.2018.00935

Zhu Z., Wang Q., Li B., Wu W, Yan J., Hu W. Distractor-Aware Siamese Networks for Visual Object Tracking. Com-
puter Vision — ECCV 2018. P. 103-119. https://doi.org/10.1007/978-3-030-01240-3 7

Hu W., Wang Q., Zhang L., Bertinetto L., Torr, P. H. Siammask: A framework for fast online object tracking and seg-
mentation. IEEE Transactions on Pattern Analysis and Machine Intelligence. 2023. 45 (3), P. 3072-3089. https://ieeex-
plore.ieee.org/document/10036241

ISSN 2707-4501. Cybernetics and Computer Technologies. 2026, No.1 91


https://doi.org/10.1007/s11263-018-1076-4
https://doi.org/10.1007/s11263-018-1076-4
https://doi.org/10.1007/978-3-030-20890-5_38
https://doi.org/10.1109/CVPR.2016.156
https://doi.org/10.15407/kvt213.03.004
https://doi.org/10.3390/math9233006
https://doi.org/10.1109/CVPR.1994.323794
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1109/ICCV.2011.6126544
https://doi.org/10.1109/CVPRW.2018.00060
https://hal.science/hal-03697340
https://hal.science/hal-03697340
https://doi.org/10.1109/ICPR.2010.675
https://doi.org/10.1109/WACV.2014.6836013
https://doi.org/10.1109/CVPR.2015.7298895
https://doi.org/10.1109/CVPR.2015.7298675
https://doi.org/10.1007/s00138-017-0884-9
https://doi.org/10.1007/978-3-319-48881-3_56
https://doi.org/10.1007/978-3-319-46448-0_45
https://doi.org/10.1109/CVPR.2018.00935
https://doi.org/10.1007/978-3-030-01240-3_7
https://ieeexplore.ieee.org/document/10036241
https://ieeexplore.ieee.org/document/10036241

Y. ROMANIAK

35.

36.

3.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.
50.
51.

Yu Y., Xiong Y., Huang W., Scott M.R. Deformable Siamese Attention Networks for Visual Object Tracking. 2020
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). (Seattle, WA, USA, 06.2020). Seattle,
WA, USA : IEEE, 2020. P. 6727-6736. https://doi.org/10.1109/CVPR42600.2020.00676

Voigtlaender P., Luiten J., Torr P.H.S., Leibe B. Siam R-CNN: Visual Tracking by Re-Detection. 2020 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR). (Seattle, WA, USA, 06.2020). Seattle, WA, USA : IEEE,
2020. P. 6577-6587. https://doi.org/10.1109/CVPR42600.2020.00661

Vaswani A., Shazeer N., Parmar N., Uszkoreit J., Jones L., Gomez A.N., Kaiser L., Polosukhin I. Attention is All you
Need. Advances in Neural Information Processing Systems (2017). Curran Associates, Inc., 2017. https://proceed-
ings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053clc4a845aa-Paper.pdf

Chen X., Yan B., Zhu J., Wang D., Yang X., Lu H. Transformer Tracking. 2021 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). (Nashville, TN, USA, 06.2021). Nashville, TN, USA : IEEE, 2021. P. 8122—
8131. https://doi.org/10.1109/CVPR46437.2021.00803

Yan B., Peng H., Fu J., Wang D., Lu H. Learning Spatio-Temporal Transformer for Visual Tracking. 2021 IEEE/CVF
International Conference on Computer Vision (ICCV). (Montreal, QC, Canada, 10.2021). Montreal, QC, Canada : IEEE,
2021. P. 10428-10437. https://doi.org/10.1109/ICCV48922.2021.01028

Fan H., Ling H. Parallel Tracking and Verifying: A Framework for Real-Time and High Accuracy Visual Tracking.
2017 IEEE International Conference on Computer Vision (ICCV). (Venice, 10.2017). Venice : IEEE, 2017. P. 5487—
5495. https://doi.org/10.1109/ICCV.2017.585

Yan B., Zhao H., Wang D., Lu H., Yang X. ‘Skimming-Perusal’ Tracking: A Framework for Real-Time and Robust
Long-Term Tracking. 2019 IEEE/CVF International Conference on Computer Vision (ICCV). (Seoul, Korea (South),
10.2019). Seoul, Korea (South) : IEEE, 2019. P. 2385-2393. https://doi.org/10.1109/ICCV.2019.00247

Huang L., Zhao X., Huang K. GlobalTrack: A Simple and Strong Baseline for Long-Term Tracking. Proceedings of the
AAAI Conference on Artificial Intelligence. 34 (7). P. 11037-11044. https://doi.org/10.1609/aaai.v34i07.6758

Dai K., Zhang Y., Wang D., Li J., Lu H., Yang X. High-Performance Long-Term Tracking With Meta-Updater. 2020
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). (Seattle, WA, USA, 06.2020). Seattle,
WA, USA : IEEE, 2020. P. 6297-6306. https://doi.org/10.1109/CVPR42600.2020.00633

Dunnhofer M., Micheloni C. CoCoLoT: Combining Complementary Trackers in Long-Term Visual Tracking. 2022 26th
International Conference on Pattern Recognition (ICPR). (Montreal, QC, Canada, 21.08.2022). Montreal, QC, Can-
ada : IEEE, 2022. P. 5132-5139. https://doi.org/10.1109/ICPR56361.2022.9956082

Kristan M., Matas J., Leonardis A., Vojir T., Pflugfelder R.P., Fernandez G.J., Nebehay G., Porikli F.M., Cehovin L. A
Novel Performance Evaluation Methodology for Single-Target Trackers. IEEE Transactions on Pattern Analysis and
Machine Intelligence. 38 (11). P. 2137-2155. https://doi.org/10.1109/TPAMI.2016.2516982

Huang L., Zhao X., Huang K. GOT-10k: A Large High-Diversity Benchmark for Generic Object Tracking in the Wild.
IEEE Transactions on Pattern Analysis and Machine Intelligence. 43 (5). P. 1562-1577.
https://doi.org/10.1109/TPAMI.2019.2957464

Fan H., LinL., Yang F., Chu P., Deng G., Yu S., Bai H., Xu Y., Liao C,, Ling, H. LaSOT: A High-Quality Benchmark
for Large-Scale Single Object Tracking. 2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR). (Long Beach, CA, USA, 06.2019). Long Beach, CA, USA:IEEE, 2019. P.5369-5378.
https://doi.org/10.1109/CVPR.2019.00552

Yu H., Li G., Zhang W., Huang Q., Du D., Tian Q., Sebe N. The Unmanned Aerial Vehicle Benchmark: Object Detec-
tion, Tracking and Baseline. International Journal of Computer Vision. 128 (5). P. 1141-1159.
https://doi.org/10.1007/s11263-019-01266-1

LaSOT — Large-scale Single Object Tracking. http://vision.cs.stonybrook.edu/~lasot/results.html (accessed: 17.09.2025)
GOT-10k: Generic Object Tracking Benchmark. http://got-10k.aitestunion.com/leaderboard (accessed: 17.09.2025)
Swati Kumar V. N., Dinesh Kawa S., Engineer P.J. An Efficient Object Tracking on Edge Devices with Quantized
Siamese Networks. 2025 Devices for Integrated Circuit (DevIC). (Kalyani, India, 05.04.2025). Kalyani, India : IEEE,
2025. P. 604-609. https://doi.org/10.1109/DevIC63749.2025.11012629

Received/Onepxano 02.09.2025 Accepted/TpuitasTo 03.03.2026 Published/Hanpykosano 27.03.2026

Yevhen Romaniak,
PhD student, Institute of Information Technologies and Systems of the NAS of Ukraine, Kyiv.
https://orcid.org/0009-0007-9543-9356

romanyak.yevhen@gmail.com

92

ISSN 2707-4501. Kibepnemuka ma komn'tomepui mexnonozii. 2026, Ne 1


https://doi.org/10.1109/CVPR42600.2020.00676
https://doi.org/10.1109/CVPR42600.2020.00661
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://doi.org/10.1109/CVPR46437.2021.00803
https://doi.org/10.1109/ICCV48922.2021.01028
https://doi.org/10.1109/ICCV.2017.585
https://doi.org/10.1109/ICCV.2019.00247
https://doi.org/10.1609/aaai.v34i07.6758
https://doi.org/10.1109/CVPR42600.2020.00633
https://doi.org/10.1109/ICPR56361.2022.9956082
https://doi.org/10.1109/TPAMI.2016.2516982
https://doi.org/10.1109/TPAMI.2019.2957464
https://doi.org/10.1109/CVPR.2019.00552
https://doi.org/10.1007/s11263-019-01266-1
http://vision.cs.stonybrook.edu/~lasot/results.html
http://got-10k.aitestunion.com/leaderboard
https://doi.org/10.1109/DevIC63749.2025.11012629
https://orcid.org/0009-0007-9543-9356
file:///C:/Users/yevhe/PhDProjects/Tracking_methods_paper/romanyak.yevhen@gmail.com

AN ANALYSIS OF VISUAL SINGLE OBJECT TRACKING METHODS

YK 004.93
€.C. Pomansik
AHaJii3 MeToiB BiicTexkeHHA 00’ €KTIB y Bieo

Inemumym ingpopmayitinux mexnonoeiti ma cucmem HAH Yrpainu, Kuis
Jlucmysanns: romanyak.yevhen@gmail.com

Beryn. BisyansHe npocTeskeHHs (TpEKiHT) 00’€KTIiB 11e BaXKJIMBA 33Ja4a y KOMI FOTEPHOMY 30pi, 1110 Mae
HIMPOKUH CHIEKTP 3aCTOCYBaHb, BKJIIFOUAKOUH aBTOHOMHY HaBiTaIlito, poOOTOTEXHIKY Ta 3a/1a4i MOHITOPHHTY. 3a-
BJIAHHS IIOJISITA€ B OLHIII TOJIOKEHHs 00'€KTa Y MOCIiTOBHOCTI BiZICOKa/IPiB, BUXOJSMUH 3 HOTO TOJIOKEHHS Ha
MOYaTKOBOMY Kajpi. He3Bakarouu Ha 3HA4YHI 3yCHIUIS JOCIITHHKIB, 3aBJaHHS 3aJIMIIAE€THCS CKIAIHUM 4epe3
TaKi YUHHUKH SK IEPEKPUTTS 1111, 3MIHU YMOB OCBITJICHHS, PO3MHUTTS B pyci Ta Aedopmariii 06’ekra. Meroau
MPOCTENKEHHS MOAUISIOTHCA Ha KOPOTKOCTPOKOBI, JI€ IPUIYCKAETHCS, 110 L{Ib 3aJIMIIAETHCS Y TIOJI 30DY, 1 10B-
TOCTPOKOBI, 5IKi 00pOOJISIIOTH 3HUKHEHHS 00’ €KTa 1 HOro MOBTOPHY MOsBY. JlaHa cTaTTs Hajgae rTHOOKHIA aHaIi3
PI3HUX METOJIIB BiJICTE)KEHHSI OJHOTO 00'€KTA, OXOIUTIOIOYH SIK TPAIUIIIHHI TIX0/11, TaKi K TPEKepH 3 BUKOPH-
CTaHHSM KOPEJSILiHHUX (QUIBTPIB Ta KIFOYOBUX TOYOK, TAK 1 CydacHi METOJIU MIMOOKOT0 HaBUYaHHS.

Meta po00TH — TOJIATAE B aHANI31 PI3HUX aJITOPUTMIB BiJICTEKECHHS 00’ €KTa, IK KOPOTKOCTPOKOBHX, TaK 1
JTOBFOCTPOKOBHUX, a TAK0XK HAOOPIB JaHUX, 1110 BUKOPUCTOBYIOTHCS JUISI OIIIHKH SKOCTI ITUX anroputMiB. CtarTst
Ma€ Ha MeTi pO3IVIIHYTU OCHOBHI IPUHIIUIY PI3HUX MiIXOJIB 10 BiACTEKEHHS, BKIIOYA0UM KOPEIALiiHI Giib-
TPH, METO/IH, 3aCHOBAaHI Ha BiJICTEKEHHI KIIFOUOBHX TOYOK, 1 pi3HI MO/IENI TITHOOKOT0 HaBYAHHS, TaKi SIK ClaMChKi
HeHpoHHI Mepexi, TpanchopMepH Ta iHmIi. KpiM Toro, JociKeHHs MpeACTaBIAe O HOMYIIpHUX €TaloH-
HUX Ha0opiB faHuX, Takux 1k VOT 2018, LaSOT i GOT-10k, Ta nopiBHIOE TOYHICTh 0araTbox 3 pO3MIIHYTHX Y
CTaTTi AITOPUTMIB Ha IIMX OeHuMapkax. Lle mopiBHSHHS BUCBITIIIOE CHJIBbHI Ta c1a0Ki CTOPOHM Pi3HHX ITiJXO/IiB
JI0 TPEKIHT'Y 1 CTBOPIOE OCHOBY JIIst MAHOYTHIX HAaNPSMKIB JJOCIIJKEHB, 30KpEMa, 111010 MiJBUILEHHS e()EKTHB-
HOCTI, aJallTUBHOCTI Ta IIBUJIKO/i] alTOPUTMIB BiICTEeXXEHHS JUI 3aCTOCYBaHb y peajbHUX 33/1auax.

PesyabtaTu. Kopenayitini mpexepu BifioMi CBOEI0 BUCOKOKO HMIBHIKICTIO Ta XOpOIIo TouHicTio. Ii mMe-
TOJY BUKOPUCTOBYIOTH HepeTBOpeHHs Dyp’e M1 eeKTUBHUX OO0UHCIEHb, TOUHICTh SIKUX MOXe OyTH HOKpa-
IIEHA 3a JJOTIOMOTOK 03HAKOBOTO onucy 300paxenHs, Big HOG o3Hak, 10 npencTaBleHHs, OTPUMAHOTO TIIH00-
KOO 3rOPTKOBOIO HEHPOHHOIO Mepexero. OnHak, BOHH NOTPeOyIOTh MOIUDIKaIliil s TOBrOCTPOKOBOTO BiJIc-
TEXEHHS, 1100 CIPaBIIATUCS 31 3HUKHEHHAM 00’ €KTa 1 3MEHIIIyBaTH HAKONUYEHHS IIOMUIOK. X04a JIesIKi 3 Po3r-
JSTHYTHX METO/IiB BPaXOBYIOTh 1li CKJIAIHOII1, BOHM HE BUPILIYIOTh IX MOBHICTIO. Tpexepu, o UKOPUCMOBYIONb
K008I MOYKU, BIICTSKYIOTh 00’ €KTH, iICHTU(IKYIOUH Ta 3ICTABJSFOYM I1iKaBi TOUYKK ab0 O3HAKH B Kajpax.
Taxi metoau, sixk Metoy Kanane — Jlykaca — Tomaci, ue ocHoBa, Toai sk aerekropu SIFT abo ORB ninBuiyrots
CTIHKICTB 10 IIyMy Ta 3MiH MacmTady. Lli Tpekepu € 0coOIMBO KOPHUCHUMHU JUIS CLICHAPIiB, e 00’ €KT YaCTKOBO
MIePEKPUBAETHCS, OCKUTBKH BOHH MOXKYTh BiZICTE)KYBATH i IMHOKHUHY TOUOK 00’ €kTa. OTHaK BOHU MOKYTh MaTH
mpoOJieMu 3 Majio TeKCTYPOBAaHUMHU Ta MaleHbKUMU 00’ ekTamu. TpekepH, 3aCHOBaHI Ha TITMOOKOMY HaBUaHHI, €
3HAYHHUM JIOCSATHEHHSM, IO TIepeBepIIye TPaJHuLiiiHi METOIH 32 TOYHICTIO Ta CTIMKICTIO 3aBASKU 1X MOKJIMBOC-
TSIM MPEJICTABICHHS 03HaK 300paxkeHHs. Jeski rmuboki Tpekepw, Taki sk SiamFC un SiamRPN, neMoHCTpyIOTH
BUCOKY TOUHICTb Ta LIBUAKOAIIO y peaJbHOMY daci Ha rpadiunomy mpouecopi (GPU). [TopiBHAHHS anropuTmis
Ha GeHumapkax, Takux sk VOT 2018, LaSOT ta GOT-10k, nokasye, 1o miaxo 1, 3aCHOBaHI Ha TJIHOOKOMY
HaBYaHHI JEMOHCTPYIOTh BUIIY TOYHICTh y CKIIAJHUX CLEHAPIAX BIICTEKEHHS, ale MOTPeOYIOTh OUIbII 3HAYHUX
00YHNCITIOBATBHUX PECYPCIB.

BHCHOBKH. AJTOPUTMH MPOCTEKEHHS 00’ €KTIB 3HAYHO €BOJIOIIOHYBAIU 3 MOSBOIO METOJIB MIMOOKOTO
HaBYaHHSI, IO JO3BOJMIO TPEKepaM JOCSITH BUILOI TOYHOCTI Ta CTIHKOCTI MOPIBHSHO 3 TPAJULIHUMU METO-
JlaMH, HalIpUKJIaJl, Ha OCHOBI KOpENSIIiHHNUX (QiIbTPiB UM KIFOUOBUX TOYOK. [TosBa BennuKoro 00’ €My po3MideHHX
nanux, Hanpukiaj, natacetiB VOT, GOT-10k ta LaSOT, cTano BaXJIMBUM KPOKOM Yy pO3pOOJIEHi MIMOOKHX
TpEKepiB Ta CTaHAAPTH30BAHOI OCHOBH JUTs OLIHKH HOBUX aJITOPHTMIB. X04Ya METOM HA OCHOBI KOPEISIiHHIX
(hinpTpiB a00 KIFOYOBHX TOYOK BCE IIE€ BUKOPUCTOBYIOTHCS, HAIIPHUKIIA/, Y CEPEIOBHUIAX 3 OOMEKCHUMH 00YH-
CIIIOBAJIBHUMH pecypcaMu, TpEeKepH, 3aCHOBaHI Ha TIIMOOKOMY HaBYaHHI, 30KpeMa, CiaMChKi Mepexi Ta TpaHc-
(hopmMepu, MOKa3yIOTh HalKpaIly TOYHICTb. [lomanbii 10ocTiPKeHHS HOBHHHI 30cepeIuTHCs Ha onTuMisarii ede-
KTUBHOCTI Ta aJaNTHBHOCTI IIUX aJITOPUTMIB, 00 3pOOHUTH X OULIBII MPUAATHUMH IJIsl 3aCTOCYBaHb Y peallb-
HOMY Yaci Ta pi3HOMaHITHAX pealbHUX CLIEHaPIiB.

Kio4oBi ciioBa: BizyanbHe BiACTeKEHHS 00’ €KTiB, BIICTEKEHH OXHOTO 00’ €KTY, KopensuiiiHi GinbTpu,
BiICTEKEHHI KITIOYOBUX TOUYOK, CiaMChKi HEHPOHHI Mepexi, TpaHchopmepH.
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