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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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TRACKING METHODS 

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 UAVs, 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.

https://creativecommons.org/licenses/by-nc/4.0/
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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.  

 →  

a – bounding box tracking and positioning 

 

 →  

b – bounding box + segmentation tracking and positioning 

FIG. 1. Illustration 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 𝑋𝑖 with 

corresponding ground-truth response maps 𝑌𝑖 (see Fig. 2): 

𝑊∗ = argmin
𝑊

 ∑‖𝑋𝑖 ∗ 𝑊 − 𝑌𝑖‖
2 + 𝜆‖𝑊‖2

𝑖

, 

where 𝜆 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: 

http://et.al/
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𝑊̂∗ = argmin
𝑊̂

∑‖𝑋̂𝑖 ⨀ 𝑊̂ − 𝑌̂𝑖‖
2
+ 𝜆‖𝑊̂‖

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.: 

𝑊̂ =  
∑ 𝑋̂𝑖

∗⨀ 𝑌̂𝑖 𝑖

∑ 𝑋̂𝑖
∗ ⨀𝑋̂𝑖 + 𝜆𝑖

 . 

Here 𝑋̂∗ is a complex conjugate of the image 𝑋̂. 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−1(𝑊̂ ⨀ 𝑍̂), 

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 

http://et.al/
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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. 

 

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 𝑙, followed by pooling and a non-linear activation function, 

serves as the input to the layer 𝑙 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 

http://et.al/
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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 Lukežič 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 

http://et.al/
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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
(𝑥,𝑦)∈𝑊

∑ [𝐼(𝑥, 𝑦, 𝑡) − 𝐼(𝑥 + 𝑢, 𝑦 + 𝑣, 𝑡 + 1)]2

(𝑥,𝑦)∈ 𝑊

, 

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: 

[
 
 
 
 ∑ 𝐼𝑥(𝑥, 𝑦)2

(𝑥,𝑦)∈𝑊

∑ 𝐼𝑥(𝑥, 𝑦) ⋅ 𝐼𝑦(𝑥, 𝑦)

(𝑥,𝑦)∈𝑊

∑ 𝐼𝑥(𝑥, 𝑦) ⋅ 𝐼𝑦(𝑥, 𝑦)

(𝑥,𝑦)∈𝑊

∑ 𝐼𝑦(𝑥, 𝑦)2

(𝑥,𝑦)∈𝑊 ]
 
 
 
 

[
𝑢
𝑣
] =  −

[
 
 
 
 ∑ 𝐼𝑥(𝑥, 𝑦) ⋅ 𝐼𝑡(𝑥, 𝑦)

(𝑥,𝑦)∈𝑊

∑ 𝐼𝑦(𝑥, 𝑦) ⋅ 𝐼𝑡(𝑥, 𝑦)

(𝑥,𝑦)∈𝑊 ]
 
 
 
 

,  

where 𝐼𝑥, 𝐼𝑦 and 𝐼𝑡 are image derivatives (gradients) in 𝑥, 𝑦 and 𝑡 directions, and 𝑢, 𝑣 are unknown motion 

components of the window 𝑊. The quality of the solution is determined by the eigenvalues 𝜆1 and  𝜆2 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(𝜆1, 𝜆2) ≥ 𝜆, 

where 𝜆 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 (𝐼𝑡 → 𝐼𝑡+1) and backward (𝐼𝑡+1 → 𝐼𝑡) 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 𝜑, 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 =  𝜑(𝑋) ∗ 𝜑(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. 

http://et.at/
http://et.al/
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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 Vaswani 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. 

 

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. 



AN ANALYSIS OF VISUAL SINGLE OBJECT TRACKING METHODS 

ISSN 2707-4501. Cybernetics and Computer Technologies. 2026, No.1 85 

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. 



Y. ROMANIAK 

86 ISSN 2707-4501. Кібернетика та комп'ютерні технології. 2026, № 1 

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 (IoU) over frames where the tracker predicted the tar-

get’s location. 

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

3. F-score: a combination of precision and recall:  𝐹 = 
2⋅𝑃𝑟⋅𝑅𝑒 

𝑃𝑟+𝑅𝑒
 . 

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 

CoCoLoT [44] Deep 0.741 0.729 0.735 

STARK [39] 
Deep, Trans-

former 
0.691 0.652 0.696 

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 

FuCoLoT [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 

STARK-ST101 

[39] 
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) 

[13] 

Correlation Filter, short-term 0.210 0.222 0.182 

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 (mAO) 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 

Tracker Tracker Type 

Average 

Overlap 

(AO) 
𝑆𝑅0.5 𝑆𝑅0.75 

Speed, 

FPS 
Device 

TransT [38] 
Deep, Trans-

former, short-term 
0.723 0.824 0.682 47.27 Titan RTX 

STARK-ST50 [39] 
Deep, Trans-

former, long-term 
0.680 0.777 0.623 41.8 

GPU (Unknown 

model) 

Siam R-CNN [36] 
Deep, Siamese, 

long-term 
0.649 0.728 0.597 2.79 

GeForce GTX 

1080Ti 

SiamRPN (with 

ResNet50 back-

bone) [32] 

Deep, Siamese, 

short-term 
0.516 0.620 0.334 26.68 

GeForce GTX 

1080Ti 

SiamMask [34] 
Deep, Siamese, 

short-term 
0.514 0.587 0.366 15.37 

NVIDIA Tesla 

P100 

GOTURN [31] Deep, Siamese 0.347 0.375 0.124 108.55 
GeForce GTX 

Titan X 

SiamFC [30] Deep, Siamese 0.348 0.353 0.098 44.15 
GeForce GTX 

Titan X 

CCOT[12] 
Correlation Filter, 

short-term 
0.325 0.328 0.107 0.68 

16 cores 2.0 GHz 

CPU 

ECO_HC (hand-

crafted features) 

[13] 

Correlation Filter, 

short-term 
0.286 0.276 0.096 44.55 

16 cores 2.0 GHz 

CPU 

fDSST [7] 
Correlation Filter, 

short-term 
0.206 0.187 0.075 30.43 

16 cores 2.0 GHz 

CPU 

KCF [4] 
Correlation Filter, 

short-term 
0.203 0.177 0.065 94.66 

16 cores 2.0 GHz 

CPU 

 
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. 
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Вступ. Візуальне простеження (трекінг) об’єктів це важлива задача у комп’ютерному зорі, що має 

широкий спектр застосувань, включаючи автономну навігацію, робототехніку та задачі моніторингу. За-

вдання полягає в оцінці положення об'єкта у послідовності відеокадрів, виходячи з його положення на 

початковому кадрі. Незважаючи на значні зусилля дослідників, завдання залишається складним через 

такі чинники як перекриття цілі, зміни умов освітлення, розмиття в русі та деформації об’єкта. Методи 

простеження поділяються на короткострокові, де припускається, що ціль залишається у полі зору, і дов-

гострокові, які обробляють зникнення об’єкта і його повторну появу. Дана стаття надає глибокий аналіз 

різних методів відстеження одного об'єкта, охоплюючи як традиційні підходи, такі як трекери з викори-

станням кореляційних фільтрів та ключових точок, так і сучасні методи глибокого навчання. 

Мета роботи – полягає в аналізі різних алгоритмів відстеження об’єкта, як короткострокових, так і 

довгострокових, а також наборів даних, що використовуються для оцінки якості цих алгоритмів. Стаття 

має на меті розглянути основні принципи різних підходів до відстеження, включаючи кореляційні філь-

три, методи, засновані на відстеженні ключових точок, і різні моделі глибокого навчання, такі як сіамські 

нейронні мережі, трансформери та інші. Крім того, дослідження представляє огляд популярних еталон-

них наборів даних, таких як VOT 2018, LaSOT і GOT-10k, та порівнює точність багатьох з розглянутих у 

статті алгоритмів на цих бенчмарках. Це порівняння висвітлює сильні та слабкі сторони різних підходів 

до трекінгу і створює основу для майбутніх напрямків досліджень, зокрема, щодо підвищення ефектив-

ності, адаптивності та швидкодії алгоритмів відстеження для застосувань у реальних задачах. 

Результати. Кореляційні трекери відомі своєю високою швидкістю та хорошою точністю. Ці ме-

тоди використовують перетворення Фур’є для ефективних обчислень, точність яких може бути покра-

щена за допомогою ознакового опису зображення, від HOG ознак, до представлення, отриманого глибо-

кою згортковою нейронною мережею. Однак, вони потребують модифікацій для довгострокового відс-

теження, щоб справлятися зі зникненням об’єкта і зменшувати накопичення помилок. Хоча деякі з розг-

лянутих методів враховують ці складнощі, вони не вирішують їх повністю. Трекери, що використовують 

ключові точки, відстежують об’єкти, ідентифікуючи та зіставляючи цікаві точки або ознаки в кадрах. 

Такі методи, як метод Канаде – Лукаса – Томасі, це основа, тоді як детектори SIFT або ORB підвищують 

стійкість до шуму та змін масштабу. Ці трекери є особливо корисними для сценаріїв, де об’єкт частково 

перекривається, оскільки вони можуть відстежувати підмножину точок об’єкта. Однак вони можуть мати 

проблеми з мало текстурованими та маленькими об’єктами. Трекери, засновані на глибокому навчанні, є 

значним досягненням, що перевершує традиційні методи за точністю та стійкістю завдяки їх можливос-

тям представлення ознак зображення. Деякі глибокі трекери, такі як SiamFC чи SiamRPN, демонструють 

високу точність та швидкодію у реальному часі на графічному процесорі (GPU). Порівняння алгоритмів 

на бенчмарках, таких як VOT 2018, LaSOT та GOT-10k, показує, що підходи, засновані на глибокому 

навчанні демонструють вищу точність у складних сценаріях відстеження, але потребують більш значних 

обчислювальних ресурсів. 

Висновки. Алгоритми простеження об’єктів значно еволюціонували з появою методів глибокого 

навчання, що дозволило трекерам досягти вищої точності та стійкості порівняно з традиційними мето-

дами, наприклад, на основі кореляційних фільтрів чи ключових точок. Поява великого об’єму розмічених 

даних, наприклад, датасетів VOT, GOT-10k та LaSOT, стало важливим кроком у розроблені глибоких 

трекерів та стандартизованої основи для оцінки нових алгоритмів. Хоча методи на основі кореляційних 

фільтрів або ключових точок все ще використовуються, наприклад, у середовищах з обмеженими обчи-

слювальними ресурсами, трекери, засновані на глибокому навчанні, зокрема, сіамські мережі та транс-

формери, показують найкращу точність. Подальші дослідження повинні зосередитися на оптимізації ефе-

ктивності та адаптивності цих алгоритмів, щоб зробити їх більш придатними для застосувань у реаль-

ному часі та різноманітних реальних сценаріїв. 
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