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Abstract: With the rapid advancement of hyperspectral imaging technology, hyperspec-
tral object tracking (HOT) has become a research hotspot in the field of remote sens-
ing. Advanced HOT methods have been continuously proposed and validated on scarce
datasets in recent years, which can be roughly divided into handcrafted feature-based
methods and deep feature-based methods. Compared with methods via handcrafted fea-
tures, deep feature-based methods can extract highly discriminative semantic features from
hyperspectral images (HSIs) and achieve excellent tracking performance, making them
more favored by the hyperspectral tracking community. However, deep feature-based HOT
still faces challenges such as data-hungry, band gap, low tracking efficiency, etc. Therefore,
it is necessary to conduct a thorough review of current trackers and unresolved problems
in the HOT field. In this survey, we systematically classify and conduct a comprehensive
analysis of 13 state-of-the-art deep feature-based hyperspectral trackers. First, we classify
and analyze the trackers based on the framework and tracking process. Second, the track-
ers are compared and analyzed in terms of tracking accuracy and speed on two datasets
for cross-validation. Finally, we design a specialized experiment for small object track-
ing (SOT) to further validate the tracking performance. Through in-depth investigation,
the advantages and weaknesses of current HOT technology based on deep features are
clearly demonstrated, which also points out the directions for future development.

Keywords: object tracking; hyperspectral video; deep feature; dataset; small object

1. Introduction
Object tracking technology has always been a focal point of research in computer

vision and remote sensing fields. It plays a crucial role in various applications, includ-
ing tracking low-resolution objects in remote sensing [1–3], autonomous driving [4,5],
traffic monitoring [6,7], video surveillance [8], convoy protection [9], and so on. Different
application scenarios impose different requirements regarding the object of interest, track-
ing accuracy, and tracking speed. For instance, object tracking in remote sensing images
necessitates a tracker capable of overcoming the challenges posed by complex background
environments. The ongoing development of satellite-based object tracking datasets [10,11]
has significantly advanced research in remote sensing object tracking. Furthermore, there
are still many challenges related to changes in the targeted object during the tracking
process, such as changes in appearance and illuminance, occlusion [12], motion blur [13],
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background clutter, similar object interference, deformation [14], and real-world applica-
tions in remote sensing [15,16]. Researchers continue to propose new tracking methods
to address these challenges. For example, SAM 2 [17] is dedicated to the task of visual
segmentation in images and videos, as well as real-time video processing. While tracking
objects in red–green–blue (RGB) videos, the tracker’s ability to distinguish objects is limited
due to insufficient spectral information from only three bands. This is especially the case
for scenarios with background clutter and other challenging attributes since the limited
spectral information of RGB images cannot be used to distinguish objects with similar
appearance and different materials. Excellent visual trackers may be constrained by the
absence of spectral cues and achieve suboptimal tracking accuracy.

Various modality-based object tracking technologies are also advancing, such as in-
frared [18] and LiDAR [19] techniques. These methods have demonstrated effective results
in special environments by utilizing the response of the targeted object in a specific elec-
tromagnetic spectrum. Today, thanks to the rapid advancement of photoelectric sensors
and aerial remote sensing technology, hyperspectral imaging technology has developed
swiftly [20]. The captured HSIs or videos can highlight specific materials in designated
spectral channels. The rich spectral representation of objects and backgrounds undoubt-
edly improves tracking performance [21,22]. Compared to other modalities, hyperspectral
videos (HSVs) provide wider spectral coverage and offer more spectral bands or channels
for identifying object materials, making further improvements in tracking accuracy possi-
ble. When addressing occlusion issues, for instance, hyperspectral trackers can precisely
characterize the material of the occluded object and locate it by extracting its spectral
features [23–25]. In contrast, trackers that rely on RGB or infrared modalities lack the
ability to detect specific object information, rendering them ineffective in handling oc-
clusion problems. At present, HOT technology has already shown its potential in some
applications, including gas plume tracking [26], space detection [27], medical surgery [28],
and precision agriculture [29]. Specifically, for tracking chemical gas pollution tasks, many
gases, such as CH4, NO2, etc., are invisible to the human eye, which makes it difficult
for visual tracking methods to play a role. HSVs can cover the spectral data of gases, en-
abling trackers to precisely detect weak gas signals and analyze gas components. They are
particularly well-suited for monitoring gas plumes that exhibit high volatility and rapid
diffusion. It is worth mentioning that in the current realm of HOT, research mainly focuses
on short-term tracking of single objects in HSVs. Single object tracking is conducted based
on the information provided in the first frame of the video sequence, which is used to locate
the object in subsequent frames to complete the tracking task.

Banerjee et al. [30] are the pioneers in conducting research on object tracking for
HSVs, followed closely by Uzkent et al., who proposed a series of HOT methods for
aerial HSVs [31–35] using various features, including discriminative spectral features [31],
local hyperspectral histograms-based features [32], blob extraction-based features [33], hy-
perspectral likelihood maps [34], and false-color features from deep learning [35]. These
are all beneficial attempts toward HOT technology. In the past five years, the most com-
mon methods in the HOT field have been mainly composed of handcrafted feature-based
methods [32,36–45] and deep feature-based methods [35,37,46–73]. Among them, the grayscale
feature, histogram of gradient (HOG) [74], Haar feature [75], and scale-invariant feature [76] are
representative of handcrafted features. Due to the limited representation capability, handcrafted
features are not robust enough to handle tracking challenges in complex scenes, which can
easily lead to tracking drift. Deep features refer to the features extracted through multi-layer
neural networks in deep learning. They have a large receptive field, rich semantic information,
and less noise, which can better describe the region of interest or the whole image. Benefiting
from the powerful representation capability of deep networks, deep feature-based tracking
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methods have gradually become the mainstream direction in the HOT community, just as
they are demonstrated in the field of visual tracking. In contrast to handcrafted features, deep
features are often automatically extracted from deep convolutional neural networks and effec-
tively represent the high-level semantic information of HSIs. Therefore, hyperspectral trackers
with stable and reliable deep features can better deal with the difficulties in complex scenes,
such as changes in luminance and appearance of objects, background clutter, and objects with
similar appearance but different materials. The deep features with outstanding discriminative
ability improve the accuracy and robustness of hyperspectral trackers. Research on tracking
based on deep features has further promoted the development of HOT technology.

Although HOT technology has developed quickly, and many tracking methods have
been proposed, there is a lack of testing benchmarks. Most of the existing trackers were
only tested and validated on a single dataset when proposed. When faced with the same
challenging attributes, the same tracker may exhibit inconsistent performance on different
datasets. Furthermore, there are few survey articles on HOT research, especially those focus-
ing on deep feature-based hyperspectral trackers. To this end, this survey aims to provide a
comprehensive and in-depth analysis of deep feature-based HOT methods from the perspec-
tive of experiments. Detailed and comprehensive experiments can objectively demonstrate
the advantages and disadvantages of existing trackers, providing insightful guidance and
helpful assistance for algorithm selection in different application scenarios. In this survey,
we also hope to highlight valuable research directions for the future development of HOT
technology. We selected 13 representative hyperspectral trackers with deep features, including
DeepHKCF [35], MFI-HVT [37], BAE-Net [46], SST-Net [47], SEE-Net [48], SiamBAG [49],
SiamOHOT [50], SPIRIT [51], Trans-DAT [52], MMF-Net [53], PHTrack [54], SSTtrack [55], and
ViPT [56], in which 5 trackers are also used as the baselines in Hyperspectral Object Tracking
Challenge 2024 [77]. Additionally, two handcrafted feature-based methods, i.e., MHT [36] and
FCSS [38], are used for expansion comparison. HOT2022 [78] and IMEC25 [39], the commonly
known public datasets, were selected to test the robustness of all trackers. We examined
and analyzed tracking performance from multiple perspectives. Notably, we specially con-
ducted SOT experiments on video sequences with an object size of approximately 0.04% of
the frame size in the IMEC25 dataset. Valuable conclusions are drawn through the analysis
and discussion of the experimental results.

The main contributions of this article are listed as follows.

1. This article is the first comprehensive review of the HOT technology based on deep
features. We selected 13 state-of-the-art deep feature-based hyperspectral trackers
and classified them based on framework, analyzed them based on tracking process,
and further conducted a comprehensive and in-depth investigation from experiments.

2. Two datasets were used to conduct tracking experiments on all trackers, achieving
cross-validation in tracking accuracy, various challenging attributes, tracking speed,
and computational complexity.

3. A specialized experiment was designed for small object tracking (SOT), further verify-
ing the tracking performance of all trackers.

The rest of this article is organized as follows. Section 2 briefly reviews the existing
work. Section 3 classifies the deep feature-based methods, and Section 4 analyzes the
tracking process. Section 5 describes the arrangements of the experiments. Section 6 reports
the experimental results and analysis. Section 7 discusses the current stage of the HOT
technology. Finally, Section 8 concludes the article.

2. Related Works
As a hot and significant research direction, the HOT task aims to determine the

position and size of a specific object and accurately trace its trajectory across consecutive
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HSV frames, relying on the given initial state of the targeted object. In this section, we will
elaborate on the existing relevant works in HOT technology, including review studies,
datasets for HOT, and tracking performance measurements.

2.1. Survey Papers of Hyperspectral Object Tracking

Currently, there are few survey papers on hyperspectral object tracking. In [79],
Qian et al. first conducted a review study on the development of HOT technology, not only
providing a detailed description of existing works on HOT, including datasets and eval-
uation metrics but also meticulously categorizing the related tracking methods. In the
experimental part, the paper compares ten different hyperspectral trackers, including nine
deep feature-based trackers and one handcrafted feature-based tracker. However, the re-
view uses only one dataset (i.e., the HOT2020 dataset detailed in Section 2.2) and compares
tracking performance using only four HSVs, which do not cover all attributes of the com-
plex scenes in the dataset. The limitations of experimental data may result in one-sided
conclusions. Meanwhile, even though the review lists some tracking evaluation metrics,
such as tracking speed, they are not used to test the trackers. At least from an experimental
perspective, the review is not comprehensive. To our best knowledge, there is no survey
research on deep feature-based HOT technology. Chen et al. recently proposed advanced
hyperspectral trackers, such as PHTrack [54], SSTtrack [55], and SENSE [62], and conducted
comparative studies on a large number of both RGB and hyperspectral trackers. However,
all the tracking experiments were only conducted on a single dataset and cannot fully
reflect the robustness of trackers under the same attributes across different datasets.

In summary, there is an urgent need for comprehensive and in-depth analysis and
research on the performance of deep feature-based HOT technology. This article is the
first comprehensive study conducted from the perspectives of experiments and system
evaluation, in which two publicly available datasets are selected to cover as many chal-
lenging attributes as possible to test the tracking performance, including tracking accuracy,
tracking speed, and tracking robustness.

2.2. HOT Datasets

HOT datasets provide data support for research and development in the HOT domain,
promoting technological advancement. They provide a unified benchmark and a variety of
testing scenarios for researchers to develop and analyze hyperspectral trackers. It is commonly
known that “data-hungry” is still one of the key challenges for deep feature-based hyper-
spectral trackers. Due to the sparsity of available hyperspectral samples, insufficient training
samples pose a challenge for deep learning technologies characterized by deep features to
train accurate and generalized HOT models. Currently, there are four commonly used real
datasets and one simulation dataset [35]. The real datasets include Hyperspectral Object
Tracking Challenge’s datasets [36,77,78,80], IMEC25 dataset [39], WHU-Hi-H3 dataset [57],
and MSSOT dataset [58]. Table 1 presents the details of the real datasets.

Table 1. The details of the real datasets.

Dataset Years Public Spectral
Information

Total
Videos

Total
Frames Resolution Total

Attributes

HOT2020 [36] 2020 Yes 16 channels
470–620 nm 75 29,500 512 × 256 11

HOT2022 [78] 2022 Yes 16 channels
470–620 nm 45 28,000 512 × 256 12

HOT2023 [80] 2023 Yes 15, 16, 25 channels
470–620 nm 197 41,685 512 × 256 20
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Table 1. Cont.

Dataset Years Public Spectral
Information

Total
Videos

Total
Frames Resolution Total

Attributes

HOT2024 [77] 2024 Yes 15, 16, 25 channels
470–620 nm 207 47,441 512 × 256 20

IMEC25 [39] 2021 Yes 25 channels
680–960 nm 135 28,060 409 × 216 11

WHU-HI-H3 [57] 2021 No 25 channels
600–1000 nm / 29,722 409 × 216 6

MSSOT [58] 2023 Yes 25 channels
680–960 nm 185 63,050 2045 × 1080 9

2.2.1. Hyperspectral Object Tracking Challenge’s Datasets

The Hyperspectral Object Tracking Challenge (HOTC), accompanied by the IEEE
WHISPERS conference, has been held annually since 2020, encompassing four sessions to
date. HOTC organizers of each session update and release a new tracking dataset, among
which the HOT2020 dataset by Xiong et al. [36] was released to the public at the first HOTC
in 2020. The HOT2020 dataset contains 40 training video sequences and 35 test video
sequences. The videos were captured using a snapshot mosaic hyperspectral camera called
XIMEA SSM4×4 VIS, with a frame rate of 25 frames per second (FPS). Each frame consists of
16 bands covering wavelengths from 470 nm to 620 nm, and the spatial resolution for each
band is 512×256 pixels. Each video has both HSVs and color videos in the same scene. The
dataset is labeled with 11 different attributes corresponding to different scenarios, including
Illumination Variation (IV), In-Plane Rotation (IPR), Motion Blur (MB), Background Clutters
(BC), Occlusion (OCC), Scale Variation (SV), Out of View (OV), Out of Plane Rotation (OPR),
Deformation (DEF), Low Resolution (LR), and Fast Motion (FM) [81]. The HOT2020 dataset
offers a diverse array of target types and tracking scenarios, and numerous comparisons of
hyperspectral trackers have been conducted using this dataset. However, the HOT2022
dataset presents relatively few challenging attributes, resulting in lower tracking difficulty.
These limitations hinder the ability to thoroughly evaluate the tracking performance of
hyperspectral trackers [48].

Later, the organizers released the HOT2022 dataset [78], which is based on HOT2020
and consists of 45 video sequences featuring a variety of tracking objects and more complex
background environments. The Camera Motion (CM) attribute was added to the attributes
in HOT2020, and these 12 attributes are briefly described in Table 2. The distribution
of the attributes is illustrated in Figure 1a, and all other settings remain consistent with
those in HOT2020. The HOT2022 dataset increased the difficulty of tracking, and the
added complex scenarios are more suitable for verifying, analyzing, and comparing the
performance of trackers. However, the limited scale of the HOT2022 dataset may restrict the
tracking performance of deep feature-based trackers, which require substantial amounts of
training data [51].

Based on HOT2022, the HOT2023 dataset [80] adds 15 training videos and 11 testing
videos obtained using three snapshot cameras from XIMEA company in Munster, Germany
(including VIS, NIR, and RedNIR). These cameras are calibrated to cover 16, 25, and 15 bands,
respectively, with a frame rate of 25 FPS. In terms of attributes, eight new attributes have been
added to the twelve attributes of HOT2022, which include Reflections (REF), Small Target
(ST), Transparency (TRA), Low Light (LL), Low Contrast (LC), Objects with Similar Color
(OSC), Red-NIR Low Visibility (RLV), and Turned Off Lights (TOL). The inclusion of video
from sequences in different bands has further increased the types of tracked objects, enriched
the tracking scenes, and increased the difficulty of tracking. The HOT2024 dataset [77]
added 10 training videos based on HOT2023, which have the same challenging attributes
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as HOT2023. The HOT2023 and HOT2024 datasets not only introduce more challenging
attribute types but also add more videos. The total number of frames in these datasets has
been significantly increased, providing an enhanced platform for the development and testing
of hyperspectral trackers.

Table 2. General descriptions of different attributes.

Attributes Descriptions

BC Background Clutter The background is similar to the object in color or texture.

CM Camera Motion Due to the motion of the camera, the relative position and appearance of the object
constantly change.

DEF Deformation The object deforms non-rigid objects in the scene.
FM Fast Motion The motion of the ground truth is larger than tm pixels (tm = 20).
IPR In-Plane Rotation The object rotates in the image plane.
IV Illumination Variation The illumination in the tracking region has changed significantly.
LR Low Resolution The number of pixels inside the ground-truth bounding box is less than tr (tr = 400).
MB Motion Blur Due to the motion of the object or camera, the object is blurred.

OCC Occlusion The object is occluded partially by other distractors or backgrounds.
OPR Out of Plane Rotation The object rotates out of the image plane.
OV Out of View The object leaves the view partly or fully.

SV Scale Variation The ratio of the bounding boxes of the first frame and the current frame is out of the range
[1/ts, ts], ts > 1 (ts = 2).
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2.2.2. IMEC25 Dataset

The IMEC25 dataset [39] built by Chen et al. is a Hyperspectral Surveillance Video
(HSSV) dataset, which includes 80 training videos and 55 test videos. All videos were
captured using a snapshot mosaic hyperspectral camera (CMV2K SSM5*5 VIS camera) from
Intelligent Machinery Expert Control in Leuven, Belgium. These videos were captured in
the visible and near-infrared spectrum (680–960 nm), encompassing a total of 25 spectral
bands. Each band features a spatial resolution of 409 × 216 pixels and a frame rate of 10 FPS.
The dataset encompasses three typical real-world monitoring scenes: aviation, navigation,
and traffic. The targeted objects include airplanes, ships, pedestrians, and vehicles. IMEC25
contains the same eleven challenge attributes as HOT2020, namely IV, IPR, MB, BC, OCC,
SV, OV, OPR, DEF, LR, and FM. The distribution of the attributes is shown in Figure 1b.
There are many fast-moving small objects in the IMEC25 dataset, which can be used to test
the real-time performance and accuracy of hyperspectral trackers. However, the dataset
contains a limited variety of object types. Consequently, a tracker developed based on the
IMEC25 dataset will face challenges when identifying and tracking objects on other datasets.
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2.2.3. WHU-Hi-H3 Dataset

The WHU-Hi-H3 dataset [57] was captured by a 25-channel snapshot spectral camera
from IMEC. The spatial resolution of each band in the dataset is 409 × 216 pixels, and each
frame contains 25 bands spanning the wavelength range of 600–900 nm. WHU-Hi-H3

includes nine types of disguised object scenes: cars, coins, bracelets, bags, pedestrians,
people, parks, green boxes, and shadows. These nine scenes are divided into 69 sequences,
and the dataset also labels six challenge attributes: IV, DEF, MB, BC, LR, and FM.

2.2.4. MSSOT Dataset

The MSSOT dataset [58] can be seen as the upgrade of IMEC25, providing a higher
resolution of 2045 × 1080 pixels and adding a Small Object (SO) attribute. The dataset
comprises 185 training videos and 40 testing videos. The object types represented in
the dataset primarily include pedestrians, airplanes, boats, cars, bicycles, motorcycles,
etc. The training videos contain normal-sized and small-sized objects, while the testing
videos exclusively contain small-sized objects. The MSSOT dataset not only includes eight
attributes, IV, OPR, SV, OCC, DEF, MB, CM, and BC, but also adds the Small Object (SO)
attribute. The MSSOT dataset offers a substantial collection of rich testing and verification
data for tracking small objects in HSVs. This dataset not only encompasses a variety
of small object types but also enhances the diversity of object motion states. However,
when compared to large-scale satellite object tracking datasets [10,11], the data richness of
the MSSOT dataset remains relatively limited. To facilitate the development of high-quality
small object trackers, the scale of the MSSOT dataset needs to be further expanded.

According to Table 1 and the above introduction, although there are several publicly
available HOT datasets, the data anxiety, i.e., the scarcity of HSVs, is still obvious when
they are compared to large-scale visual object tracking datasets. Furthermore, the existing
datasets exhibit some limitations, including a restricted variety of object types, insufficient
complex background environments, and a scarcity of challenging attributes. The insuffi-
ciency of training data can severely impact the accuracy and generalization of tracking
models [48,51]. To this end, researchers often resort to large-scale visual tracking datasets
for the initial training of foundation models and then perform full fine-tuning on HOT
training sets [82]. However, fully fine-tuned trackers still face the risk of overfitting due to
the limited scale of HSVs. Consequently, there is a pressing need for large-scale and high-
quality datasets for HOT research to advance the development of robust, deep feature-based
HOT algorithms.

2.3. Tracking Evaluation Measures

One-Pass Evaluation (OPE) is currently the most widely used evaluation method
for hyperspectral trackers in the HOT community. It assesses the tracking accuracy of
the tracking model for subsequent frames following object initialization. OPE primarily
employs two evaluation metrics: precision plots and success plots [83]. Additionally,
FPS [38] and FLOPs (Floating-Point Operations Per Second) [84] are typically employed to
track the speed and model complexity of different HOT methods.

2.3.1. Accuracy Evaluations

Precision and success plots are often used as evaluation metrics in object tracking,
which measure the accuracy of trackers. The precision rate is obtained by the percentage
of frames whose center location error (CLE) [81] is less than the predefined threshold of
0 to 50. By utilizing various threshold sizes as references, a precision plot can be generated.
The curves are evaluated using the distance precision (DP@20) [85] at a threshold of 20 pixels,
with a higher DP@20 indicating a higher accuracy of the tracking algorithms. The success
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plot is represented as the percentage of video frames with an overlap rate greater than the
set threshold between the predicted object position and the ground truth (GT) by the object
tracking method and the total number of task video frames. The threshold ranges from 0 to 1,
and the larger the threshold set, the lower the success rate [81]. Generally, the threshold is
set to 0.5. The area under curve (AUC) of different HOT methods on the success plots is
calculated [86], and the larger the AUC value, the higher the tracking performance.

2.3.2. Speed and Computational Complexity Evaluations

FPS indicates the number of frames an algorithm can process per second. A higher
FPS signifies faster processing speed, which means faster tracking speed. FLOPs stands for
the parameter calculation volume of a deep learning model, so it can be used to measure
the computational complexity of the deep-learning-based HOT models. A lower FLOPs
value indicates a more efficient model that requires fewer computing resources, making it
particularly advantageous in environments with limited calculating resources.

These common evaluation metrics are summarized in Table 3. Among them, the preci-
sion and success plots are the most frequently used in the research of HOT. In other words,
most trackers are evaluated using only precision and success plots by means of typically
initializing the first frame with the true position of the object, then running trackers to
obtain average precision and success rates. However, the plots (including AUCs) have
certain limitations. On the one hand, they cannot evaluate the robustness of the tracker.
On the other hand, trackers that are sensitive to the initial position of the object will be
significantly affected in the tracking process.

Table 3. The evaluation measures of HOT.

Measures Aim Method of Calculation

Precision plot Accuracy The percentage of frames with CLE below the predefined threshold.

Success plot Accuracy The percentage of frames with a predicted position and the GT overlap rate
greater than 0.5 relative to the total number of frames in the video.

FPS Speed The number of frames that the algorithm can process each second.
FLOPs Computational Complexity The computational complexity of parameters in deep learning models.

3. Trackers Selected for the Experimental Survey
In this survey, our objective is to conduct a comprehensive comparison of deep feature-

based hyperspectral trackers from the perspective of experimental analysis. We have
selected representative trackers from recent years whose articles have been published in
mainstream conferences and journals and have been cited multiple times. This section
classifies and analyzes thirteen trackers that use deep features based on the frameworks they
use. Table 4 provides a detailed comparison of the fifteen trackers used in the experimental
section of this survey.

In this survey, our objective is to conduct a comprehensive comparison of deep feature-
based hyperspectral trackers from the perspective of experimental analysis. We have selected
representative trackers from the past five years whose articles have been published in main-
stream conferences and journals and have been cited multiple times. This section classifies and
analyzes the selected trackers with deep features. Additionally, two handcrafted feature-based
tracking methods are selected for parallel comparison. Table 4 presents a detailed comparison
of the fifteen trackers used in our experiments.
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Table 4. Parallel comparison of fifteen trackers.

Tracker Feature Backbone Framework Network Type Journal/Conference

DeepHKCF [35] Deep feature VGGNet KCF [87] / TGRS 2019
MHT [36] Handcrafted feature / KCF / TIP 2019

BAE-Net [46] Deep feature VGGNet VITAL [88] / ICIP 2020
MFI-HVT [37] Handcrafted and Deep features VGGNet KCF / WHISPERS 2021
SST-Net [47] Deep feature VGGNet VITAL / WHISPERS 2021

FCSS [38] Handcrafted feature / KCF / Remote Sensing
SEE-Net [48] Deep feature ResNet-50 SiamFC Fully-CNN TIP 2023

SiamOHOT [50] Deep feature ResNet-18 SiamFC Fully-CNN TGRS 2023
SiamBAG [49] Deep feature AlexNet SiamFC Fully-CNN TGRS 2023

ViPT [56] Deep feature ViT [89] ViT-based / CVPR 2023
Trans-DAT [52] Deep feature ResNet-50 SiamFC CNN-Transformer TCSVT 2024

SPIRIT [51] Deep feature ResNet-50 SiamFC CNN-Transformer TGRS 2024
MMF-Net [53] Deep feature GoogleNet SiamFC CNN-Transformer TGRS 2024
PHTrack [54] Deep feature ResNet-50 SiamFC Fully-CNN TGRS 2024
SSTtrack [55] Deep feature HiViT [90] HiViT-based / Information Fusion 2025

3.1. Tracking Using Kernel Correlation Filter (KCF)

KCF applies kernel operations to achieve non-linear classification boundaries [87].
The key is to use a ridge regression model to train the classifier, which can achieve faster
running speed under specific conditions. The hyperspectral trackers with KCF can utilize ei-
ther handcrafted or deep features, then efficiently perform calculations in high-dimensional
space via kernel techniques and correlation filters, and finally, enhance tracking efficiency.
However, the tracking accuracy is constrained by the size of the tracking area and the
boundary effects caused by periodic cyclic shifts.

[DeepHKCF] Uzkent et al. proposed the deep hyperspectral KCF-based tracker
(DeepHKCF) in 2019 [35]. DeepHKCF uses deep neural networks to explore deep features
of HSVs and utilizes adaptive multimodal hyperspectral sensors to effectively track aerial
vehicles. DeepHKCF registers single-channel high-resolution images and samples small
dimensional HSIs to detect objects. The HSIs are converted into false-color images through
VGGNet [91] to learn deep features. The region of interest is divided into sub-regions of
interest, and the KCF is run on each sub-region of interest to detect objects. The KCF model
is updated before passing on to the next frame.

[MFI-HVT] Zhang et al. proposed multi-feature integration-based HSV tracking
(MFI-HVT) in 2021 [37]. Unlike DeepHKCF, which only uses deep features to track targets,
MFI-HVT takes into account different challenge factors such as background clutter and
occlusion. VGGNet is used to obtain convolutional deep features and fuse HOG features,
and weak response maps of the object are obtained in KCF through different features to
calculate an integrated response map in order to improve the stability of the tracker [74].

3.2. Tracking Using Adversarial Learning Visual Tracker (VITAL)

Deep learning-based trackers face two primary issues: spatially overlapping positive
samples and class imbalance between positive and negative samples. VITAL [88] addresses
these limitations by employing adversarial learning to augment positive sample data
and utilizing a cost-sensitive loss function to manage class imbalance and mitigate the
influence of negative samples. However, its complex online update method leads to low
algorithmic efficiency.

[BAE-Net] In 2020, Li et al. proposed the band attention-aware ensemble network
(BAE-Net) [46], which is a deep feature-based tracker that employs a deep model trained
on color videos for feature representation. This tracker introduces a band attention block,
akin to an autoencoder, designed to learn the dependencies between different frequency
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bands and generate corresponding band weights. Guided by these weights, HSIs are intel-
ligently segmented into multiple three-channel images, each containing unique spectral
information. Subsequently, these three-channel images are fed into a VITAL network,
which generates multiple weak trackers, each weak tracker focusing on capturing differ-
ent features of the object. Ultimately, BAE-Net utilizes ensemble learning techniques to
effectively fuse the outputs of these weak trackers, achieving precise object localization.
BAE-Net not only enhances the accuracy of object tracking but also improves the network’s
adaptability to complex environmental changes.

[SST-Net] BAE-Net only considers the spectral information of the current frame, ne-
glecting the comprehensive spectral–spatial–temporal joint information of HSVs. This limi-
tation adversely affects its tracking performance in complex scenes. To address this issue,
Li et al. proposed the spectral–spectral–temporal attention neural network (SST-Net) in
2021 [47]. SST-Net employs spatial attention through convolutional and deconvolutional
structures to emphasize significant spatial features. Additionally, it uses a recurrent neural
network (RNN) [92] structured temporal attention mechanism to capture the temporal
relationships between adjacent frames. By integrating spatial, spectral, and temporal in-
formation, SST-Net can more effectively characterize the band relationships and select
valuable hyperspectral bands. Similar to BAE-Net, these selected bands are recombined
into multiple false-color images, which are then processed by the VITAL to generate several
weak trackers. Finally, the states of these weak trackers are aggregated using ensemble
learning techniques to achieve accurate object localization.

3.3. Tracking Using Siamese Networks

Siamese networks have recently become the most successful network framework in
the field of object tracking. The networks are designed to learn feature similarity between
adjacent frames of images and to differentiate between inputs. Siamese network typically
consists of two parallel networks that share the same weights and parameter space. The pa-
rameters between Siamese networks are ultimately bound to a specific loss function dur-
ing training, which measures the semantic similarity between Siamese networks [93–95].
SINT [96] attempts to introduce the Siamese network architecture into the field of ob-
ject tracking. However, it is SiamFC [97] that truly made Siamese networks popular.
The framework of SiamFC is concise and utilizes convolutional neural networks (CNN)
as its backbone, establishing a foundation for the later proposed twin networks. The net-
work’s feature extraction capabilities are improved by CNN. As an advancement of SiamFC,
SiamRPN [98] primarily incorporates Region Proposal Networks (RPN) to refine the track-
ing box, transforming the initial comparison between the object and its surrounding area
into a binary classification problem and a localization regression problem. After SiamRPN
was proposed, almost all subsequent object tracking methods using Siamese network
structures have divided the task of predicting object states into a classification branch and
regression branch, making them one of the most successful paradigms for predicting object
states in the field of object tracking, laying the foundation for the use of Siamese network
architectures in the HOT filed.

However, relying solely on CNN for spectral information extraction in HSVs can only
capture local information and fails to establish long-range connections necessary for global
video sequences. Consequently, some researchers began to integrate CNN and Transformer [99],
which also offers a framework for more detailed partitioning of HOT using Siamese network
architecture in this survey. Figure 2 illustrates the general architecture of Fully-CNN and
CNN-Transformer-based trackers using Siamese frameworks.
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3.3.1. Fully-CNN-Based Trackers Using Siamese Framework

Due to its exceptional ability to extract spatial features and its convenience in integrat-
ing multiple convolutional layers with fully connected layers, CNN can effectively classify
and recognize complex images. Consequently, this network has been extensively used in
computer vision and has gained traction in HOT research [73]. As illustrated in Figure 2a,
researchers employ CNN as the backbone network to extract spectral feature information
from HSVs within the Siamese framework, which aids in subsequent object tracking.

[SEE-Net] Li et al. proposed the end-to-end deep ensemble network (SEE-Net) in 2023,
which models the appearance of deep vision by segmenting HSIs into multiple false-color
images [48]. It generates the frequency band importance of a given hyperspectral frame
and integrates this information with the CNN backbone feature extraction network trained
on color images. This approach enables the network to learn a robust visual representation
of the object and effectively represent hyperspectral objects. Based on the calculated band
importance, the significance of each false-color image is assessed to dynamically aggregate
the determined positions of these images. This process significantly reduces unreliable
tracking caused by low-importance false-color images and allows for rapid adaptation to
changes in the object’s appearance during the tracking process.

[SiamOHOT] Sun et al. proposed a lightweight dual Siamese network for onboard
hyperspectral object tracking network (SiamOHOT) in 2023, which can be used for real-time
and airborne tracking [50]. SiamOHOT utilizes knowledge distillation to compress the
backbone network to obtain the network parameters of SiamHYPER [100]. The knowledge
distillation method introduces a distillation loss function that aligns the output of the
student network with that of the teacher network, resulting in tracking performance com-
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parable to that of the teacher network. SiamOHOT utilizes a lightweight CNN backbone
for the deep expression of hyperspectral features and this CNN backbone is capable of
extracting spatial and spectral features from a deep teacher network. Additionally, the in-
tegrated deep learning inference optimizer can merge layers with similar functions and
quantize network parameters, further accelerating processing speed on embedded plat-
forms. Consequently, SiamOHOT’s inference speed is markedly superior to most existing
hyperspectral trackers, which meets real-time requirements.

[SiamBAG] To address the data dependency issue in HOT tasks, Li et al. proposed
the band attention grouping-based Siamese framework (SiamBAG) in 2023 [49]. SiamBAG
integrates band grouping with a CNN-based Siamese network [98], leveraging extensive
color object tracking data to complete model training without relying on hyperspectral data.
This approach effectively mitigates the challenges posed by data scarcity during training.
Unlike the ensemble prediction method used in BAE-Net, SiamBAG weights and fuses the
classification responses from multiple classification branches and subsequently employs
the fusion results for scale regression calculations. Additionally, a scale tuning branch
is incorporated to correct the original position offset by utilizing the similarity between
template frames and search frames, ultimately achieving a finely tuned object offset.

[PHTrack] Chen et al. proposed the prompting for a hyperspectral video tracking
network (PHTrack) in 2024 [54]. It leverages prior knowledge to extract rich spectral
information and bridge band gaps, generating multi-modal data from HSIs and extracting
spectral details using the CNN backbone network. By sharing knowledge in feature
extraction and attention mechanisms between hyperspectral and RGB modalities, PHTrack
employs RGB-based foundational models to rapidly learn and adapt, addressing the data
scarcity issue in HOT. Due to the increased risk of overfitting caused by the scarcity of
large-scale HOT datasets, parameter storage also brings a great burden [56]. Solving these
constraints is essential for developing robust HOT models. Unlike decision-level fusion
methods employed by SiamBAG and others, PHTrack utilizes effective prompt tuning in
natural language processing [101], which significantly mitigates the challenges associated
with processing large volumes of hyperspectral data.

3.3.2. CNN-Transformer-Based Trackers Using Siamese Framework

As a different artificial neural network model from CNN, Transformer exhibits great
differences in architecture, design principles, and performance. While CNN processes images
as arrays of pixel values, Transformer interprets images as sequences of patches. Transformer
is more effective in capturing global information of images than CNN models and can better
capture long-term dependencies in images without compromising computational efficiency.
Due to its attention mechanism and ability to capture global features, Transformer models are
increasingly replacing CNNs in computer vision tasks. As illustrated in Figure 2b, researchers
in HOT research have recognized the advantages of Transformer models and have employed
them in conjunction with CNNs. In this approach, the CNN serves as the backbone for feature
extraction from the template and search area. The extracted deep feature is then flattened into
vectors, which are input into Transformer to identify similar features of objects within the
search area [25,69,70].

[Trans-DAT] Wu et al. proposed a domain adaptation-aware Transformer for a hy-
perspectral object tracking network (Trans-DAT) in 2024 [52]. Trans-DAT builds upon the
network framework of the algorithm TransT [102], which uses a CNN for feature extraction
within a Siamese network architecture and uses the feature fusion method developed by
the Transformer network to integrate features from both the template and the search area.
The prediction network then computes the final tracking result.
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[SPIRIT] Unlike the Transformer network used in the feature fusion part of Trans-DAT,
the spectral awareness interaction network with a dynamic template (SPIRIT) proposed
by Chen et al. in 2024 applies Transformer to the prediction module of the network [51].
By inputting multiple false-color images with varying contributions and low correlation into
an enhanced ResNet [103] for feature extraction and fusion, the prediction part employs
the structure of a Transformer encoder–decoder. The encoder learns the dependency
relationships between spectral–spatial and temporal features in HSVs, thereby enhancing
the model’s discriminative capability. The decoder receives learnable target queries along
with a series of features from the encoder to predict the required bounding boxes. In the
multi-head cross-attention, a target query is trained to focus on all positions and search area
features on the template, thereby generating robust object representations for localization.

[MMF-Net] In 2024, Li et al. proposed the material-guided multiview fusion net-
work (MMF-Net) [53]. It combines false-color information, hyperspectral information,
and material information through hyperspectral unmixing, thereby enriching the multi-
view representation of objects. This approach not only enhances the representational
capacity of each view but also leverages the complementary strengths of all views. Simi-
lar to Trans-DAT, MMF-Net uses the CNN backbone network for feature extraction and the
Transformer network for feature fusion. First, the recognition capability of each view is
improved, and the advantage of Transformer in processing global contextual information
enables the network to better understand the scene. Second, to further enhance global
spatial interaction across views, the material view is combined with the false-color and
hyperspectral views to generate two fused feature maps. The material view provides the
unmixing results of a given low-resolution HSI, containing more discriminative semantics
and clearer boundaries. Consequently, the material view serves as a guide for further
fusing the two feature maps, facilitating interaction among the three views and balancing
the contribution of the fused view to enhance representativeness.

3.4. Tracking Using Transformer

Transformer is a neural network model based on a self-attention mechanism origi-
nally designed for natural language processing tasks but later also applied in the field of
computer vision. Compared to CNNs, the object tracking method based on Transformer
learns the spatial–temporal feature of the object directly using the Transformer model.
The Transformer [104] model can not only learn the spatial–temporal feature of the object
and better capture its contextual information but also adapt to objects of different scales by
adaptively adjusting attention weights, which demonstrates good scale invariance. The first
fully-Transformer-based object tracker is DualTFR [105], which creates a new option for
subsequent Transformer-based object trackers. Since then, Transformer has gradually been
introduced in the development of HOT [106–108].

In recent years, researchers have developed new hyperspectral trackers using Transformer.
These trackers adjust the Transformer model for the unique feature of HSVs and Transformer
codecs for sequence prediction. They also use Transformer’s powerful context capture ability to
solve the problem of sharing sequential data in HSVs.

[ViPT] Zhu et al. proposed the visual prompt multi-modal tracking network (ViPT) in
2023 [56]. ViPT adapts frozen pre-trained RGB foundation models for various downstream
multi-modal tracking tasks by learning prompts related to different modalities. It has
also demonstrated strong performance in the HOT field. ViPT freezes the entire basic
RGB model and prepares some modal-specific visual cues for the Vision Transformer
(ViT) [89] encoder in advance. These cues inherit the parameters of the RGB model to
the greatest extent possible, effectively learning the complementarity between modalities
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and enabling the network to achieve advanced tracking performance while maintaining
parameter efficiency.

[SSTtrack] In 2024, Chen et al. proposed a unified hyperspectral video tracking
framework via modeling spectral–spatial–temporal conditions (SSTtrack) [55]. In SSTtrack,
a network is designed using a Transformer encoder–decoder architecture to extract spectral–
spatial conditions, and temporal conditions are injected to guide spectral–spatial conditions.
Multiple multi-modal images that bridge the bandgap and leverage prior knowledge are
fed into several encoders, creating a five-stream architecture characterized by cross-prompt
multi-modal capabilities. Parameters are shared across each stream to fully utilize spectral
and spatial conditions while harnessing the potential of the underlying model. Additionally,
temporal conditions are integrated to guide the representation of spectral–spatial features,
and the decoder responsible for transmitting temporal conditions captures temporal states
and motion attributes. Similar to PHTrack, SSTtrack adopts the prompt learning paradigm
to align with the objective of minimizing the number of parameters while still capitalizing
on the capabilities of the underlying model.

4. Analysis
Although there are differences in the structure of the selected hyperspectral trackers,

their tracking processes have commonalities and can be roughly decomposed into five im-
portant components, including channel selection or band regrouping, feature extraction,
feature fusion, prediction, and model update, as shown in Figure 3.
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4.1. Channel Selection or Band Regrouping

The representation ability of handcrafted features is often insufficient to solve the
difficulties of object tracking in real scenes. Due to the limited training samples of HOT,
it is still challenging to train a deep network that can effectively extract deep features of
the object for robust tracking. There are currently no pre-trained models in the hyperspec-
tral tracking community. In visual object tracking, many backbone networks have been
trained on large-scale RGB datasets and possess excellent feature representation capabilities.
However, due to the gap in the number and coverage of bands between HSIs and RGB
images, the backbone networks trained on RGB datasets cannot be directly used for HOT
tasks. To solve these difficulties, researchers typically generate false-color images from the
input HSIs through channel selection or band regrouping and feed these false-color images
into the backbone network for visual representation learning. Figure 4 shows an example
of processing a frame of HSVs using the channel selection approach, and Figure 5 shows
an example using the band regrouping approach.
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4.1.1. Channel Selection

HSVs always contain rich spectral spatiotemporal information, which is beneficial
for accurate object detection and tracking. On the one hand, there is a band gap issue
between HSIs and RGB images, which makes it impossible to directly apply pre-trained
RGB tracking models to HOT tasks. On the other hand, the processing of HSVs en-
counters high computational costs due to the existence of many narrow bands with high
spectral correlation in each HSI. To cope with these dilemmas, researchers often use spec-
tral channel selection methods to screen out band information that is beneficial for the
tracking process [39] and reduce the adverse effects of too many parameters on tracking
efficiency [34,72]. Trans-DAT [52] aggregates band information by normalizing the infor-
mation rank to calculate the band score of the hyperspectral cube. It selects the top three
channels to calculate the spatial attention map of the original features. Then, it aggregates
the spatial attention map into the backbone feature extractor. The channel selection ap-
proach can improve tracking speed to some extent, but it comes at the cost of losing useful
spectral information.

4.1.2. Band Regrouping

To address the issues of spectral information loss in the channel selection approach
and high inter-band correlation in HSIs, researchers have recently paid more attention
to regrouping hyperspectral bands. The band regrouping approach aims to reorder and
group the bands in one frame of HSV to obtain N distinct combinations of a three-channel
group. As shown in Figure 5, all the input bands are reordered by band ranking, and
then ranked bands are reorganized into N groups. Each group contains three bands,
i.e., three channels, having low correlation and high contrast, and generates false-color im-
ages. These false-color images can help trackers better distinguish objects from backgrounds
without excessively losing the original spectral information. BAE-Net [46] employs a band
attention mechanism to directly ascertain the significance of each band, with the network
architecture being designed based on heuristic principles. It reorders all the spectral bands
in HSIs and regroups them into multiple groups based on band importance. The false-color
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images composited from each group are then input into the VITAL. Similar to the idea of
BAE-Net, SEE-Net [48] also divides the input hyperspectral frames into multiple sets of
false-color images based on band importance and performs feature extraction operations.
However, SEE-Net embeds prior knowledge of HSIs when generating band importance to
effectively suppress unreliable tracking caused by low-importance false-color images and
reduce the risk of tracking drift. SiamBAG [49] uses band importance to group HSIs into
multiple false-color images and then inputs the histogram equalization to obtain multiple
enhanced images into a tracking network. The band regrouping method based on the band
attention network is a representative band recombination strategy.

To overcome the shortcoming of BAE-Net, SST-Net [47], based on its band divi-
sion, uses convolution and deconvolution operators to utilize spatial relationships and
adopts a structure similar to RNN to capture the temporal correspondence and motion
changes between adjacent frames. This spectral–spatial–temporal attention coordination
can better model band relationships and facilitate the extraction of the most informative
hyperspectral feature for tracking. SPIRIT [51] utilizes spectral and spatial information to
convert HSIs into multiple false-color images and contributes band contributions to feature
fusion operations.

Unlike the aforementioned band regrouping approach, PHTrack [54] and SSTtrack [55]
consider band recombination as a multi-modal generation task. They generate multiple
HSI representations to extract rich spectral information. Additionally, they bridge the gap
between hyperspectral and RGB domains and stimulate prior knowledge for fast learning
and adjustment using RGB-based models.

Currently, research on band regrouping is progressing toward comprehensively han-
dling all bands and incorporating spatial–temporal and spectral information into the
grouping process, with the aim of generating more recognizable discriminative information.
By deeply exploring the unique information within each band and their interrelationships,
the band regrouping approach can enhance the interpretability and recognition capabilities
of the object information.

4.2. Feature Extraction

Feature extraction refers to automatically obtaining representative discriminative fea-
tures of the content from an image, with the aim of reducing the computational complexity
of image processing and providing an abstract description of image content [109,110].
The feature extraction component plays a key role in object tracking design, which directly
determines the performance of the tracker. Deep features are high-level, high-dimensional
feature representations automatically learned by deep learning models from data. These fea-
tures can describe complex patterns and subtle differences in the data, providing stronger
discriminative power than handcrafted features. In object tracking, deep features can
encode abstract semantic information, which is suitable for handling large changes in the
object and helpful for improving the robustness of the tracking model. Table 4 lists the
feature types used by the fifteen trackers analyzed in this survey.

CNNs have been proven to be an effective means for mining deep features in the
field of visual object tracking. While in the HOT field, deep features have been applied
in trackers using kernel correlation filters. DeepHKCF [35] utilizes VGGNet to convert
HSIs into false-color images and obtain deep features, while MFI-HVT [37] uses VGGNet
to obtain convolutional features and fuse HOG features, improving the stability of the
tracker. When tracking using an adversarial learning visual tracker, BAE-Net [46] and
SST-Net [47] follow the backbone feature extractor of VITAL and extract the deep features
of multiple false-color images through the first three convolutional layers of the VGG-M
model [91] to guide the subsequent tracking. With the development of deep learning, more
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efficient neural networks are designed to extract deep features, such as GoogleNet [111] and
ResNet [103]. In the framework of Siamese networks, using a CNN for feature extraction has
become a universal method. SEE-Net [48], SPIRIT [51], Trans-DAT [52], and PHTrack [54]
all use the ResNet-50 network to extract deep features, but the specific features are differ-
ent from each other. SEE-Net and SPIRIT extract the deep features from the false-color
images generated by HSIs, Trans-DAT extracts the features from the spatial attention map,
and PHTrack extracts the deep features in the multiple groups of multi-modal patch pairs
generated by HSIs. Additionally, MMF-Net [53] uses GoogleNet to extract the deep features
of three views to achieve effective complementarity of discriminative information in differ-
ent views. Different hyperspectral trackers extract different deep features. The extracted
features are well-matched with the network structure of the tracker, which has a great
impact on the tracking process.

4.3. Feature Fusion

Feature fusion occurs after feature extraction. It is the process of fusing the rich feature
information extracted from HSVs [112], including the fusion of different types of features or
the fusion of features of the same type. Feature fusion can effectively enhance the learning
ability of trackers for object features and their ability to cope with complex background
environments. Additionally, feature fusion can improve the accuracy of the tracker and the
robustness of the model.

By combining both handcrafted features and deep features, MFI-HVT [37] overcomes
various challenge factors, such as background clutter and occlusion, to enhance the stability
of tracking. SiamOHOT [50] fuses the hyperspectral backbone network feature map with
the RGB backbone network feature map at the same level. It uses pre-trained RGB trackers
to guide the hyperspectral tracker to learn spatial features of HSIs and effectively reduces
the number of algorithm parameters.

Unlike simply fusing the extracted features, more hyperspectral trackers are starting to
focus on multiple feature maps extracted by deep fusion networks. SPIRIT [51] not only fuses
enhanced features of a single frequency band but also integrates information between different
frequency bands. The feature enhancing and feature fusion approach can not only adaptively
integrate features for tracking but also flexibly handle feature interactions between all spectral
bands. Trans-DAT [52] adaptively enhances the feature representation of a single branch and
fuses the enhanced feature maps of the template branch and the search branch on both branches.
The fusion of these two feature maps enables the algorithm to adaptively focus on useful
information and establish associations between distant features. MMF-Net [53] uses the material
view as a guide to interact with the false-color and hyperspectral views to obtain two fused
feature maps. Then, MMF-Net further fuses the two feature maps to obtain the results of the
interaction between the three views. This feature fusion approach can balance the contribution
of three views, enhancing representativeness.

4.4. Prediction

In tracking tasks, the role of prediction is to analyze the current position and motion
information of the object and predict the position of the object in the next frame or future
frames. Prediction can cope with visual loss caused by object occlusion or rapid motion
and improve the continuity and accuracy of tracking.

In visual object tracking, the prediction of Siamese networks is composed of a clas-
sification branch and a regression branch [98,113,114]. The classification branch classifies
the object and background regions, while the regression branch predicts bounding boxes
for corresponding positions. SiamCAR [115] adds a center-ness branch to the classification
branch to remove low-quality predicted bounding boxes generated by the network. In the
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hyperspectral trackers using the Siamese network framework [48–50,52–54], the prediction
part mostly follows the methods used in visual object tracking. Unlike the centrality branch
proposed by SiamCAR, SiamBAG [49] proposes a scale tuning branch. To correct the
original position offset, it fine-tunes the offset of the tracked object by using the similarity
between the template frame and the detection frame to reposition the center of the tracked
object. SPIRIT [51] adopts a similar idea to STARK [116], using the Transformer encoder–
decoder structure as the main body to connect the position prediction part for prediction.
The encoder can learn the dependency relationship between spectral and spatial–temporal
features in HSVs, thereby improving the discriminative ability of the model. The decoder
receives learnable target queries and a series of features from the encoder to predict the
required bounding boxes.

Unlike the hyperspectral trackers with Siamese network architecture, BAE-Net [46] and
SST-Net [47] group the importance of informative bands and uninformative bands and input
multiple false-color images to VITAL to generate a set of weak trackers. Therefore, there is
significant diversity among weak trackers. In order to effectively utilize the discriminative
ability of different weak trackers, ensemble learning is employed for prediction. BAE-Net and
SST-Net take the average position generated by different weak trackers as the object position,
which helps to improve the flexibility of trackers in different scenarios.

4.5. Model Update

In object tracking, model updating mainly involves updating the observation model to
adapt to changes in the object’s appearance and prevent drift during the tracking process.
Especially when the object undergoes size changes or occlusion, the model update enhances
the algorithm’s adaptability to environmental changes. However, in HOT, most tasks
involve short-term tracking of the object, and the appearance of the object is not significantly
different from its initial template. Therefore, the template of most trackers is usually
initialized in the first frame and remains fixed in subsequent frames. This has the advantage
of not inserting incorrect target information during the tracking process, and for short video
sequences, the performance of the tracker is still acceptable. However, in some scenarios
where the object is in rapid motion, the appearance of the object may change due to rotation,
deformation, or occlusion, causing the tracker to lose the object. Model updates can help
the tracker reposition the object and maintain continuous and accurate tracking.

Among the thirteen trackers that use deep features in this survey, only SPIRIT [51]
dynamically updates the model by sampling from intermediate frames to address the issue
of appearance changes over time. We have noticed that model updates can easily lead to
the insertion of false object information, so the key is to design a reasonable model update
constraint mechanism.

5. Experiments
5.1. Implementation of Trackers
5.1.1. Hardware Environment

All fifteen trackers tested in the experiments are detailed in Table 4. They consist
of thirteen deep feature-based trackers [35,37,46–56] and two handcrafted feature-based
trackers [36,38]. Specifically, the former operates on a machine equipped with an Intel Core
i9-14900HX CPU@2.20 GHz from Intel company in Santa Clara, CA, USA and NVIDIA
RTX 4060 GPU from Nvidia company in Santa Clara, CA, USA, while the latter runs on
another machine equipped with the same CPU and 32 GB RAM.
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5.1.2. Trackers’ Settings

To ensure the accurate and reliable implementations of all trackers, we retrained these
trackers and followed the recommended optimal methods and parameter settings outlined
in the corresponding articles. Additionally, we verified that their performance is aligned
with the reported performance. In the reproduction of the trackers, we observed that the
stability of the code is essential for the performance of each tracker. Consequently, we have
implemented stringent measures to ensure that each tracker operates as intended by the
original author. This includes thorough inspection and debugging of the code, as well
as precise adjustments to the parameters. However, experiments of SPIRIT [51] on the
IMEC25 dataset were omitted due to the lack of the released code.

5.2. Datasets

The HOT2022 [78] and IMEC25 [39] datasets are selected for conducting experiments
in this survey, with specific details provided in Section 2.2 and Table 1. In the experimental
section of this survey, 13 different types of deep feature-based trackers are trained individ-
ually on the training set of each dataset. The performance of the trained models is then
evaluated using the test set of the corresponding dataset to assess their tracking capabilities.
The tracking results under the two datasets are obtained, respectively. As a widely recog-
nized dataset in the HOT field, the HOT2022 dataset features a diverse array of objects
and complex background environments. The average length of video in this dataset is ap-
proximately 425 frames. The dataset contains multiple types of objects, including people in
motion, balls, pens, and cups. In contrast, the IMEC25 dataset contains a larger number of
tracking objects that are relatively small compared to the background, presenting a greater
challenge for tracking. The average length of a video is about 174 frames. The tracking ob-
jects in the dataset include airplanes, ships, pedestrians, and vehicles. The IMEC25 dataset
contains rich sequences of small objects, which can provide a more rigorous evaluation of
deep feature-based tracking performance on small objects. Therefore, the IMEC25 dataset
can effectively complement the HOT2022 dataset. It is important to note that both datasets
cover a variety of attributes corresponding to different challenge scenarios, facilitating
a fair evaluation of the trackers. The selected trackers were trained and tested on these
two datasets, respectively. Since deep feature-based trackers were initially trained on the
HOT2020 dataset, they are not suitable for the IMEC25 dataset, which contains 25 bands.
Therefore, we retrained the trackers following the original settings.

5.3. Evaluation

Precision and success plots are used to evaluate the accuracy of the trackers, and the
DP@20 and the AUC of the success plot are employed to rank the trackers. All the results
are recorded with OPE.

In the precision plot, the horizontal axis represents CLE, and the vertical axis represents
the Precision Rate (PR) [49]. CLE is a commonly used distance metric, which is defined as:

CLE =

√
(x1 − x2)

2 + (y1 − y2)
2 (1)

where (x1 − x2) and (y1 − y2) are the centers of the object prediction box and the GT of the
object, respectively. The PR is defined as:

PR(ξ) =
NCLE<ξ

Ntotal
(2)



Remote Sens. 2025, 17, 645 20 of 51

where ξ is a given threshold, and its value is an integer from 0 to 50 pixels. When CLE < ξ,
it is considered successful tracking on this frame, Ntotal and NCLE<ξ represent the total
number of frames and the number of frames with CLE less than ξ, respectively.

In the success plot, the horizontal axis represents the overlap threshold and the vertical
axis represents the Success Rate (SR). The Intersection Over Union (IOU) between the
predicted bounding box and the GT is defined as

IOU =
At ∩ Ap

At ∪ Ap
(3)

where Ap and At represent the predicted bounding box area and the GT, respectively.
∩ and ∪, respectively, represent the intersection and union operations of two rectangular
boxes. SR is used to measure the IOU between predicted bounding boxes and the GT values,
calculated as:

SR(τ) =
NIOU>τ

Ntotal
(4)

where τ is a threshold value ranging from 0 to 1. When IOU is greater than τ, it is considered
successful tracking on this frame.

We recorded the real-time performance and complexity of trackers in terms of FPS
and FLOPs, which are described in Section 2.3. The tracking speed and computational
complexity testing of SPIRIT [51] are omitted because its code is not available.

6. Results
6.1. The Overall Performance of Trackers
6.1.1. Comparison of Accuracy

Accuracy is one of the most important indicators for evaluating the performance of
an object tracker. In this section, we use precision plots and success plots to measure and
analyze the accuracy of all trackers. Table 5 presents the comparison of the tracking accuracy
across the HOT2022 and IMEC25 datasets in terms of DP@20 and AUC. Additionally,
Figures 6 and 7, respectively, depict the overall tracking accuracy on the two datasets,
which illustrates the quantitative performance of all trackers.

Table 5. Comparison of tracking accuracy on two datasets. The best three results are marked with
red, blue, and green.

Tracker
HOT2022 IMEC25

DP@20 AUC DP@20 AUC

MMF-Net [53] 0.742 0.543 0.899 0.736
ViPT [56] 0.753 0.566 0.883 0.712

SSTtrack [55] 0.745 0.549 0.891 0.715
Trans-DAT [52] 0.711 0.516 0.879 0.709
PHTrack [54] 0.715 0.504 0.863 0.699

SiamOHOT [50] 0.703 0.497 0.876 0.694
BAE-Net [46] 0.652 0.431 0.849 0.652
SEE-Net [48] 0.695 0.482 0.841 0.647
SPIRIT [51] 0.687 0.476 / /

SiamBAG [49] 0.633 0.424 0.827 0.625
MFI-HVT [37] 0.612 0.384 0.705 0.528
SST-Net [47] 0.579 0.363 0.856 0.668

DeepHKCF [35] 0.532 0.352 0.493 0.387
MHT [36] 0.615 0.395 0.805 0.591
FCSS [38] 0.621 0.418 0.743 0.554
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According to the accuracy results in Table 5, the deep feature-based trackers signifi-
cantly outperform the handcrafted feature-based trackers (i.e., MHT [36] and FCSS [38]).
Deep feature-based trackers can learn general feature representations of target objects,
which provide better discriminative capability than the trackers using handcrafted fea-
tures. This advancement reduces the tracking reliance on costly manual feature designs
and improves the overall performance of trackers. As shown in Table 5, the top three
tracking accuracies belong to the MMF-Net [53], ViPT [56], and SSTtrack [55]. MMF-Net
has excellent tracking accuracy, achieving first place on the IMEC25 dataset and third
place on the HOT2022 dataset. The material-guided multiview fusion enhances the feature
representation and helps achieve accurate object location. The tracking accuracy of ViPT
is comparable to that of MMF-Neat. Benefiting from the learned prompts, ViPT can be
effectively adapted from the RGB domain to the hyperspectral domain. SSTtrack models
spectral–spatial–temporal conditions and injects temporal conditions to guide spectral and
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spatial feature representation, thus achieving second place on both datasets and demon-
strating stable tracking performance. The temporal conditions in HSVs are very beneficial
for capturing complex object variations.

On the HOT2022 dataset, ViPT, in Table 5 and Figure 6, exhibits the best tracking perfor-
mance among all evaluated trackers, surpassing the second-best tracker, i.e., SSTtrack, with
improvements of 0.8% and 1.7% in DP and AUC scores, respectively. Both ViPT and SSTtrack
adhere to the prompt learning paradigm and leverage multi-modal data to enhance model
fine-tuning for object tracking. This tracking framework demonstrates superior efficacy in
addressing challenges such as band gap, data-hungry, and weak temporal conditions inherent
in video sequences of hyperspectral data, positioning it as a promising HOT framework. It can
be observed that trackers using the Siamese network, such as MMF-Net, PHTrack [54], and
Trans-DAT [52], perform better overall in accuracy. They use deep features with powerful
discriminative ability, which is more conducive to tracking objects in challenging scenarios
such as motion blur and deformation. Trans-DAT emphasizes the salient regions near the
object of interest and can effectively extract valuable spectral features of the object in the image
frame. PHTrack learns the multi-modal generation of HSIs to extract rich spectral features,
effectively bridging the band gap between hyperspectral and RGB domains and stimulating
prior knowledge. Additionally, SiamOHOT [50] uses a lightweight network to obtain feature
extraction capabilities similar to those of a teacher network, which may result in some feature
information not being fully exploited. Its tracking ability is affected. SEE-Net [48] embeds
prior knowledge of HSI to quickly adapt to changes in the object’s appearance, but it does
not fully utilize spectral–temporal information. This results in its inability to effectively track
time-sensitive objects. SPIRIT [51] evaluates the contribution of different bands, but it does not
effectively reduce the adverse impact of low-contribution bands on tracking, which can lead
to inaccurate tracking results. BAE-Net [46] and SiamBAG [49] focus on the extraction and
utilization of deep features in specific bands during the tracking process; however, neither of
them fully considers the spectral–temporal joint information in HSV, which affects tracking
performance in complex scenes. From the rankings of two handcrafted feature-based trackers,
FCSS and MHT, both employing local spectral–spatial histograms of multidimensional gradi-
ents (SSHMG) as features, it can be seen that the effective utilization of spectral information is
helpful for tracking accuracy.

On the IMEC25 dataset, the results presented in Table 5 and Figure 7 indicate that MMF-
Net achieves the highest DP and AUC scores, reaching 0.899 and 0.736, respectively. The scores
are 0.8% and 2.1% higher than those of the second-ranked SSTtrack, which demonstrates that
MMF-Net’s multi-view feature extraction and material-guided multi-view fusion methods
effectively leverage the complementarity of multi-view information. It is worth pointing
out that SSTtrack and ViPT continue to showcase the effectiveness of their tracking tasks
since they perform well on the IMEC25 dataset. Notably, SST-Net [47] exhibits different
performances on the two datasets, and its tracking accuracy ranking is better on the IMEC25
dataset. SST-Net takes full account of the joint spectral–spatial–temporal information in HSVs,
which gives it an advantage in tracking quickly moving objects that have less background
interference on the IMEC25 dataset. However, for objects on the HOT2022 dataset with
complex backgrounds, SST-Net is unable to effectively distinguish the objects, leading to an
obvious decline in tracking performance. Additionally, the DP and AUC scores of other deep
feature-based trackers have also increased. Trans-DAT, SiamOHOT, and PHTrack demonstrate
stable performance across the two datasets, which reflects their robust tracking capabilities.
Similar to the findings on the HOT2022 dataset, handcrafted feature-based trackers generally
rank lower than deep feature-based trackers, underscoring the effectiveness of deep features.

It is worth mentioning that both DeepHKCF [35] and MFI-HVT [37] methods produce
unsatisfactory tracking accuracy on the two datasets, partly because of the poor utilization of
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the rich spectral information from HSVs. Therefore, it is particularly crucial for HOT tasks to
generate powerful discriminative features extracted from the rich spectral information in HSVs.

6.1.2. Comparison of Attributes

Excellent trackers can cope with many challenges in complex scenes and maintain good
tracking performance in various attributes. The challenging attributes of the HOT2022 and
IMEC25 datasets are shown in Figure 1. The attribute distribution between the two datasets is
different and complementary, which provides the possibility for comprehensive analysis and in-
depth comparison of tracking performance. Tables 6 and 7 show the DP@20 and AUC values of
the trackers for all attributes on the HOT2022 dataset, and Tables 8 and 9 present the DP@20 and
AUC results on the IMEC25 dataset. For convenience comparison, the average values (Average)
of DP@20 and AUC scores are listed separately in the tables. Additionally, Table 10 presents the
ranking of the average DP@20 and AUC scores for deep feature-based trackers under different
attributes across two datasets. Figures 8 and 9 illustrate the precision and success plots of the
trackers for each attribute on the HOT2022 dataset. Figures 10 and 11 present the precision and
success plots of the trackers for each attribute on the IMEC25 dataset.
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Table 6. Comparison of DP@20 for each attribute on the HOT2022 dataset. The best three results are
marked with red, blue, and green.

Tracker BC DEF FM IV IPR LR MB OCC OPR OV SV CM

ViPT [56] 0.767 0.743 0.766 0.732 0.742 0.722 0.719 0.725 0.783 0.751 0.738 0.787
SSTtrack [55] 0.756 0.722 0.751 0.704 0.738 0.713 0.712 0.719 0.774 0.742 0.719 0.742

MMF-Net [53] 0.748 0.762 0.736 0.713 0.767 0.694 0.694 0.717 0.762 0.726 0.712 0.754
PHTrack [54] 0.719 0.712 0.739 0.701 0.736 0.662 0.674 0.701 0.736 0.706 0.707 0.731

Trans-DAT [52] 0.728 0.733 0.732 0.709 0.758 0.682 0.685 0.708 0.741 0.733 0.704 0.735
SiamOHOT [50] 0.706 0.716 0.743 0.699 0.716 0.667 0.708 0.701 0.731 0.714 0.701 0.722

SEE-Net [48] 0.702 0.707 0.729 0.692 0.736 0.659 0.683 0.667 0.716 0.697 0.687 0.728
SPIRIT [51] 0.679 0.712 0.705 0.693 0.709 0.651 0.656 0.682 0.694 0.705 0.662 0.687

BAE-Net [46] 0.659 0.682 0.682 0.673 0.692 0.632 0.624 0.633 0.678 0.683 0.679 0.703
SiamBAG [49] 0.631 0.674 0.659 0.654 0.674 0.613 0.617 0.653 0.676 0.657 0.613 0.682
MFI-HVT [37] 0.562 0.501 0.618 0.583 0.544 0.540 0.574 0.513 0.625 0.603 0.534 0.604
SST-Net [47] 0.516 0.534 0.567 0.509 0.529 0.529 0.508 0.496 0.616 0.535 0.521 0.534

DeepHKCF [35] 0.508 0.495 0.548 0.501 0.533 0.512 0.449 0.484 0.548 0.512 0.513 0.525
Average 0.668 0.669 0.690 0.659 0.683 0.637 0.639 0.646 0.698 0.674 0.653 0.687

FCSS [38] 0.558 0.625 0.641 0.622 0.576 0.572 0.611 0.636 0.669 0.634 0.565 0.674
MHT [36] 0.624 0.646 0.627 0.615 0.598 0.589 0.609 0.625 0.643 0.627 0.596 0.662

Table 7. Comparison of AUC for each attribute on the HOT2022 dataset. The best three results are
marked with red, blue, and green.

Tracker BC DEF FM IV IPR LR MB OCC OPR OV SV CM

ViPT [56] 0.539 0.516 0.578 0.509 0.552 0.513 0.526 0.573 0.578 0.547 0.568 0.537
SSTtrack [55] 0.519 0.508 0.552 0.503 0.539 0.504 0.514 0.567 0.557 0.562 0.531 0.529

MMF-Net [53] 0.526 0.511 0.533 0.529 0.574 0.501 0.507 0.572 0.561 0.576 0.527 0.524
PHTrack [54] 0.502 0.507 0.539 0.497 0.532 0.479 0.463 0.542 0.529 0.528 0.519 0.518

Trans-DAT [52] 0.518 0.509 0.564 0.517 0.571 0.499 0.493 0.558 0.532 0.564 0.518 0.521
SiamOHOT [50] 0.513 0.503 0.546 0.502 0.543 0.494 0.486 0.533 0.523 0.533 0.512 0.513

SEE-Net [48] 0.492 0.496 0.525 0.487 0.539 0.482 0.472 0.524 0.516 0.513 0.503 0.497
SPIRIT [51] 0.496 0.505 0.519 0.493 0.528 0.471 0.459 0.501 0.519 0.487 0.481 0.509

BAE-Net [46] 0.473 0.476 0.504 0.482 0.514 0.463 0.438 0.484 0.502 0.468 0.472 0.482
SiamBAG [49] 0.469 0.452 0.480 0.454 0.503 0.449 0.431 0.451 0.487 0.438 0.426 0.464
MFI-HVT [37] 0.427 0.401 0.423 0.379 0.415 0.383 0.403 0.393 0.436 0.398 0.387 0.388
SST-Net [47] 0.395 0.386 0.398 0.351 0.402 0.356 0.392 0.359 0.427 0.352 0.369 0.362

DeepHKCF [35] 0.312 0.365 0.342 0.327 0.341 0.347 0.365 0.344 0.409 0.347 0.354 0.335
Average 0.475 0.472 0.500 0.464 0.504 0.457 0.458 0.492 0.506 0.486 0.474 0.475

FCSS [38] 0.451 0.431 0.449 0.415 0.461 0.417 0.422 0.414 0.468 0.423 0.412 0.422
MHT [36] 0.438 0.417 0.463 0.427 0.487 0.422 0.418 0.429 0.459 0.407 0.406 0.415

Table 8. Comparison of DP@20 for each attribute on the IMEC25 dataset. The best three results are
marked with red, blue, and green.

Tracker BC DEF FM IV IPR LR MB OCC OPR OV SV

MMF-Net [53] 0.957 0.933 0.912 0.915 0.794 0.865 0.917 0.848 0.881 0.871 0.912
SSTtrack [55] 0.925 0.908 0.889 0.910 0.807 0.887 0.909 0.849 0.866 0.887 0.914

ViPT [56] 0.932 0.882 0.856 0.903 0.790 0.893 0.895 0.783 0.858 0.903 0.917
Trans-DAT [52] 0.925 0.916 0.888 0.872 0.769 0.859 0.887 0.886 0.874 0.876 0.907
SiamOHOT [50] 0.912 0.854 0.887 0.872 0.716 0.846 0.883 0.853 0.851 0.856 0.903

PHTrack [54] 0.881 0.864 0.889 0.851 0.723 0.844 0.884 0.809 0.805 0.899 0.907
SST-Net [47] 0.903 0.836 0.872 0.839 0.773 0.824 0.876 0.756 0.824 0.838 0.885
BAE-Net [46] 0.894 0.814 0.864 0.825 0.762 0.818 0.850 0.779 0.805 0.841 0.878
SEE-Net [48] 0.876 0.809 0.845 0.804 0.761 0.813 0.832 0.755 0.786 0.819 0.821

SiamBAG [49] 0.841 0.796 0.787 0.772 0.727 0.809 0.846 0.731 0.729 0.774 0.774
MFI-HVT [37] 0.564 0.684 0.686 0.564 0.668 0.645 0.682 0.627 0.576 0.565 0.644

DeepHKCF [35] 0.503 0.542 0.544 0.461 0.463 0.488 0.523 0.516 0.474 0.515 0.508
Average 0.843 0.820 0.827 0.799 0.729 0.799 0.832 0.766 0.777 0.804 0.831

MHT [36] 0.803 0.780 0.797 0.693 0.712 0.748 0.835 0.679 0.706 0.717 0.766
FCSS [38] 0.754 0.742 0.754 0.635 0.675 0.696 0.747 0.666 0.673 0.598 0.731
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Table 9. Comparison of AUC for each attribute on the IMEC25 dataset. The best three results are
marked with red, blue, and green.

Tracker BC DEF FM IV IPR LR MB OCC OPR OV SV

MMF-Net [53] 0.724 0.683 0.723 0.723 0.664 0.711 0.695 0.677 0.669 0.644 0.657
SSTtrack [55] 0.703 0.673 0.733 0.705 0.645 0.708 0.684 0.690 0.663 0.679 0.661

ViPT [56] 0.692 0.669 0.719 0.688 0.652 0.708 0.689 0.656 0.653 0.692 0.676
Trans-DAT [52] 0.695 0.677 0.741 0.675 0.643 0.703 0.683 0.683 0.675 0.676 0.645
SiamOHOT [50] 0.682 0.665 0.717 0.661 0.628 0.694 0.665 0.709 0.648 0.633 0.623

PHTrack [54] 0.652 0.658 0.724 0.671 0.642 0.674 0.669 0.664 0.654 0.638 0.639
SST-Net [47] 0.669 0.645 0.691 0.643 0.597 0.657 0.654 0.651 0.616 0.618 0.611
BAE-Net [46] 0.653 0.627 0.677 0.631 0.583 0.645 0.637 0.640 0.602 0.605 0.594
SEE-Net [48] 0.617 0.599 0.635 0.614 0.547 0.629 0.621 0.597 0.587 0.572 0.579

SiamBAG [49] 0.608 0.576 0.621 0.589 0.532 0.594 0.582 0.624 0.548 0.544 0.544
MFI-HVT [37] 0.507 0.504 0.508 0.416 0.458 0.544 0.507 0.539 0.456 0.506 0.509

DeepHKCF [35] 0.368 0.325 0.386 0.372 0.426 0.458 0.374 0.402 0.368 0.427 0.471
Average 0.631 0.608 0.656 0.616 0.585 0.644 0.622 0.628 0.595 0.603 0.601

MHT [36] 0.602 0.548 0.618 0.582 0.521 0.597 0.548 0.592 0.537 0.525 0.537
FCSS [38] 0.577 0.513 0.573 0.553 0.504 0.553 0.533 0.583 0.494 0.514 0.525
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Table 10. Ranking of the average value of DP@20 and AUC scores for deep feature-based trackers on
two datasets under different attributes.

Rank
HOT2022 IMEC25

DP@20 AUC DP@20 AUC

1 OPR OPR BC FM
2 FM IPR MB LR
3 CM FM SV BC
4 IPR OCC FM OCC
5 OV OV DEF MB
6 DEF CM OV IV
7 BC BC IV DEF
8 IV SV LR OV
9 SV DEF OPR SV
10 OCC IV OCC OPR
11 MB MB IPR IPR
12 LR LR / /
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[Attributes Comparison of Tracking Results on HOT2022 Dataset] From Table 6, it can
be observed that ViPT [56], in terms of DP index, achieves the best results in 10 attributes, rank-
ing second in the DEF attribute and third in the IPR attribute. The DP scores of SSTtrack [55]
rank second in eight attributes, such as the BC, FM, LR, etc., ranking third in the CM attribute.
SSTtrack models multimodal data using spectral–spatial–temporal modeling but does not
highlight the robust feature representation of the object, which adversely affects the tracker’s
ability to adapt to changes in the object’s appearance. This may explain why its DP scores
in the DEF, IV, and IPR attributes are relatively low. The DP score of MMF-Net [53] is the
highest in the DEF and IPR attributes, second-best in the IV and CM attributes, and third
in the BC, LR, OCC, OPR, and SV attributes, which demonstrate the effectiveness of using
material information in HOT tasks. However, MMF-Net has relatively low DP scores in
the FM, MB, and OV attributes. This is because it does not inject time information into the
tracking process, which affects the tracking performance of moving objects. Additionally,
the DP scores of each attribute of MFI-HVT [37], SST-Net [47], and DeepHKCF [35] rank low
and are all lower than the average. MFI-HVT and DeepHKCF do not fully utilize the rich
spectral information and cannot provide highly discriminative information about the object,
which results in poor tracking performance. SST-Net predicts the object position by ensemble
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learning the positions generated by multiple weak trackers but does not effectively reduce
the interference of low-importance bands on tracking results, which has a significant impact
on the accuracy of object tracking in complex scenes. It is worth noting that Trans-DAT [52]
effectively highlights the spectral feature representation of the region of interest, with its
DP score ranking second in the IPR attribute and third in the DEF, IV, and OV attributes.
SiamOHOT [50] effectively extracts spatial and spectral features from HSVs and enhances
semantic representation ability, with its DP score ranking third in the FM and MB attributes.

From Table 7, it is evident that the AUC score of ViPT does not rank among the top
two for the OV attribute, but it ranks second for both the IV and IPR attributes and achieves
the best performance in the remaining 9 attributes. The relatively low AUC score of ViPT
in the OV attribute is due to its occasional inability to re-acquire the object after a brief
loss, which results from its inadequate integration of global contextual information during
tracking. That is, the tracking results of the current frame do not effectively guide the
tracking process of the next frame. SSTtrack’s AUC score is second-best in the LR, MB, SV,
and CM attributes and third in the BC, FM, OCC, OPR, and OV attributes. Similar to its
DP score, SSTtrack also has relatively low AUC scores in the DEF, IV, and IPR attributes.
MMF-Net’s AUC score reaches the highest in the IV, IPR, and OV attributes, second-best
in the BC, DEF, OCC, and OPR attributes, and third in the LR, MB, SV, and CM attributes.
However, its AUC score for the FM attribute remains relatively low. Additionally, similar
to their DP scores, the AUC scores of MFI-HVT, SST-Net, and DeepHKCF all rank lower
and significantly lower than the average, while Trans-DAT’s AUC score ranks second in
the FM, IV, IPR, and OV attributes and third in the DEF attribute.

From the results presented in Tables 6 and 7, it can be seen that the average DP and
AUC scores of deep feature-based trackers are significantly higher than those of handcrafted
feature-based trackers. This is because deep features can provide more effective spectral
discriminative information in HSVs, which enhances the accuracy of tracking.

[Attributes Comparison of Tracking Results on IMEC25 Dataset] On the IMEC25
dataset, according to Table 8, MMF-Net [53] achieves first place in DP scores of the BC,
DEF, FM, IV, MB, and OPR attributes, second place in the IPR attribute, and third place
in the LR and SV attributes. The DP scores for each attribute are significantly higher
than the average, which demonstrates the robustness of the tracker. The OCC and OV
attributes of MMF-Net do not enter the top three. Due to the low object resolution and
fast-motion objects of the IMEC25 dataset, the position prediction ability of MMF-Net for
disturbed objects is affected. The DP score of SSTtrack [55] ranks first in the IPR attribute,
second in the FM, IV, LR, MB, and SV attributes, and third in the BC, DEF, OCC, OPR,
and OV attributes. This result proves the significant advantages of applying multi-modal
generation and bridging band gaps in the HOT field. ViPT [56] ranks highest in the DP
score of the LR, OV, and SV attributes, second in the BC attribute, and third in the IV, IPR,
and MB attributes. ViPT’s DP scores in the DEF, FM, OCC, and OPR attributes do not
enter the top three. Due to the lack of guidance on object spatial–temporal information,
ViPT sometimes cannot adapt to changes in object morphology and accurately predict
object positions when processing fast-moving objects, which results in tracking failures.
The tracking performance of DeepHKCF [35], MFI-HVT [37], and SiamBAG [49] is low and
below the average value, which proves the effective utilization of valuable spectra and the
discriminative features in information are of great significance for completing HOT tasks.
Additionally, the DP scores of Trans-DAT [52] are highest in the OCC attribute, second in
the DEF and OPR attributes, and third in the BC and FM attributes because Trans-DAT
utilizes spectral features in valuable bands to guide subsequent tracking tasks, with the
ability to quickly predict object motion trajectories. SiamOHOT has the ability to extract
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deep space and spectral features and has certain advantages in tracking occluded objects.
Its DP score is second-best in the OCC attribute.

According to Table 9, the AUC score of MMF-Net ranks first in the BC, DEF, IV, IPR,
LR, and MB attributes, second in the OPR attribute, and third in the SV attribute. However,
its AUC scores for the FM, OCC, and OV attributes are still relatively low. The AUC score
of SSTtrack ranks second in the BC, FM, IV, LR, OCC, OV, and SV attributes and third
in the DEF, IPR, MB, and OPR attributes. The AUC score of ViPT ranks first in the OV
and SV attributes, second in the IPR, LR, and MB attributes, and third in the IV attribute,
while its AUC scores for the BC, DEF, FM, OCC, and OPR attributes are relatively low.
The AUC scores of SiamBAG, MFI-HVT, and DeepHKCF still rank low. It should be
noted that on the IMEC25 dataset, the DP and AUC scores of SST-Net [55] have greatly
improved because SST-Net combines spatial–spectral–temporal attention to better select
valuable hyperspectral bands and complete tracking tasks. Additionally, the AUC scores of
Trans-DAT are first in the FM and OPR attributes, second in the DEF attribute, and third
in the BC, LR, OCC, and OV attributes. The AUC scores of SiamOHOT are highest in the
OCC attribute.

[Overall Attribute Evaluation of Tracking Results on Two Datasets] For the conve-
nience of the overall analysis, Table 10 lists the ranking of all attributes in terms of DP and
AUC across two datasets. According to Table 10, on the HOT2022 dataset, the average DP
scores of the OPR, FM, and CM attributes rank among the top three, which indicates that
the deep feature-based trackers can effectively handle these challenges during the tracking
process. The average DP scores of the LR, MB, and OCC attributes are the worst three,
which reveals the most difficulties for the HOT with deep features. These attributes prevent
the trackers from successfully extracting deep features, resulting in a significant decrease
in the distinguishability of the objects. The ranking trend of AUC averages is basically
consistent with DP, except for the OCC attribute. The average AUC scores of the OPR and
FM also rank in the top three, and LR and MB are the worst two. It is noteworthy that
although the average DP score for the OCC attribute is low, its average AUC score is high.
Since the DP metric focuses on the precision of the tracker in the early stages of tracking,
while the AUC focuses on the overall performance of the tracker, it can be concluded that
deep feature-based trackers show strong adaptability in dealing with occluded objects.
However, in the initial stage of tracking, occlusion often poses a significant challenge
to the trackers. On the IMEC25 dataset, the average DP scores for the BC, MB, and SV
attributes rank in the top three, while the average DP scores for the IPR, OCC, and OPR
attributes are at the bottom. Similarly to their DP score averages, the average AUC score
for the BC attribute also ranks high, while the average AUC scores for the IPR and OPR
attributes are at the back. The average DP score for the SV attribute ranks high, but its
average AUC score is at the back. The average DP scores for the LR and OCC attributes are
low, but their average AUC scores rank high. Deep feature-based trackers can handle the
challenges brought about by changes in object size at the beginning of tracking, but they
are easily disturbed by low resolution and occlusion factors. Despite this, overall tracking
performance shows that these trackers are relatively stable when tracking low-resolution
and occluded objects. However, changes in object size still pose a significant challenge to
the trackers.

On the HOT2022 dataset, trackers can effectively handle the IPR and OPR attributes
but perform poorly under the interference of the MB and BC attributes. In contrast, on the
IMEC25 dataset, trackers can better cope with the challenges of the MB and BC attributes,
but their performance is not ideal under the interference of the IPR and OPR attributes.
This difference may be due to the fact that the HOT2022 dataset includes a variety of
objects and complex tracking environments. When objects undergo shape changes due to
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motion or are interfered with by complex backgrounds, the performance of trackers is easily
affected. However, in rotation scenarios, the features of the object do not change much,
and the object has a high degree of distinction from the background, which makes it easier
for trackers to lock onto the object. In comparison, the IMEC25 dataset contains many fast-
moving small objects, but there are not many types of objects, and the tracking scenarios
are relatively simple. The trackers can handle motion blur and background interference
well. However, rotation scenarios often come with challenges such as occlusion and
lighting changes, and the lack of rotation scenario samples in the training set leads to
poor adaptability of trackers to these scenarios. Therefore, for deep feature-based trackers,
researchers should focus on enhancing their robust performance across different datasets.
Specifically, trackers should be designed and optimized to better capture and leverage the
deep feature information of the object and to adapt to the uncertainties and variations in
various tracking scenarios.

Additionally, Figures 12 and 13 feature radar charts that evaluate each attribute across
both datasets, offering a more intuitive analysis of the hyperspectral tracker’s performance
under various attributes.
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Figure 12. Comparison of trackers on the HOT2022 Dataset. (a) DP@20. (b) AUC.
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According to Figure 12a, the OPR, CM, and IPR attributes have the least impact
on the tracker, while the MB, OCC, LR, and IV attributes have the greatest impact on
the tracker. In Figure 12b, the MB, LR, IV, DEF, BC, and CM attributes have a greater
impact on the tracker. On the HOT2022 dataset, the MB, LR, and IV attributes have a
significant impact on the tracker in terms of DP and AUC, which is a common challenge
faced by deep feature-based trackers. The blurring caused by object movement in the
MB attribute affects the accuracy of feature extraction, making it difficult for the tracker
to track the object stably. Illumination changes, especially the appearance of shadows,
in the IV attribute make it difficult for the tracker to effectively distinguish between the
object and the background. The LR attribute limits the resolution of the object, which
makes it difficult for the tracker to effectively distinguish object information based on the
features extracted. Additionally, the OCC attribute has a greater impact on the tracker in
terms of DP but a smaller impact on AUC, while the DEF, BC, and CM attributes have a
smaller impact on the tracker in terms of DP but a greater impact on AUC. DP@20 only
focuses on the accuracy of the results in the early stage of tracking; it cannot reflect the
comprehensive performance of the object tracking system throughout the entire tracking
cycle. AUC focuses on the comprehensive evaluation of the overall performance of the
tracker, but it fails to capture the local performance details of the tracker. In terms of
overall tracking performance, deep feature-based trackers have a strong ability to cope
with OCC attributes, but in the early stages of tracking, OCC attributes can easily have
a significant impact on the tracker. Even if deep feature-based trackers can overcome
the influence of DEF, BC, and CM attributes in scenarios with object deformation and
background interference, these attributes can greatly affect the overall performance of
tracking. Therefore, deep feature-based trackers should not only improve their ability to
respond to specific attributes but also comprehensively consider local details and overall
performance during the tracking process.

In Figure 13a, the BC, DEF, and IV attributes have the least impact on deep feature-
based trackers, while the IPR and LR attributes have the greatest impact. In Figure 13b,
the FM, IV, and BC attributes have the least impact on the tracker, while the IPR, DEF,
and SV attributes have a greater impact. On the IMEC25 dataset, the IPR attribute has a
significant impact on deep feature-based trackers. For moving objects, rotation may cause
significant changes in their appearance and shape, and trackers cannot quickly adapt to
these changes, thus affecting tracking performance. Additionally, the LR attribute has a
significant impact on the tracker in terms of DP but has a relatively small impact on AUC,
while the DEF and SV attributes have a relatively small impact on the tracker in terms
of DP but have a significant impact on AUC. Due to the large number of low-resolution
objects on the IMEC25 dataset, deep feature-based trackers cannot continuously cope
with the challenges brought by these objects in the initial stage of tracking. However,
trackers can overcome the influence of the LR attribute, and the rapid changes in object
appearance also affect the tracker, resulting in the tracker being unable to effectively
cope with the interference of DEF and SV attributes in overall performance. Therefore,
on the IMEC25 dataset, the IPR attribute has a particularly significant impact on deep
feature-based trackers, while LR, DEF, and SV attributes have significant differences in
their impact on trackers under different evaluation metrics. In addition, the influence of
the same attribute on trackers varies in different datasets. Only successfully addressing
these challenges can enhance the robustness of trackers.

6.1.3. Comparison of Speed

The tracking speed has a more practical significance for the design of tracking methods, as it
directly reflects the real-time performance and practicality of tracking algorithms. In addition to
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the limitations of hardware computing resources, the complexity of the tracker itself plays a
decisive role in tracking speed. The high computational complexity of trackers can lead to a
slow tracking speed and reduced practical value. Therefore, tracking speed and computational
complexity are important issues in measuring tracker performance. We evaluated the selected
trackers by means of FPS and FLOPs. Table 11 presents the FLOPs of the trackers along with the
FPS results on two datasets, while Figures 14 and 15 illustrate the trade-off between accuracy
(DP@20 and AUC) and speed (FPS) across the two datasets.

Table 11. Performance comparison in terms of speed and computational complexity. The best three
results are marked with red, blue, and green.

Dataset HOT2022 IMEC25
FLOPs(G) Devices

Tracker FPS FPS

MMF-Net [53] 11.24 9.86 379.4 GPU
ViPT [56] 8.94 7.89 153.0 GPU

SSTtrack [55] 16.30 14.40 511.9 GPU
Trans-DAT [52] 9.68 8.43 348.0 GPU
PHTrack [54] 15.90 12.40 604.7 GPU

SiamOHOT [50] 30.28 26.89 148.0 GPU
BAE-Net [46] 0.92 0.47 322.0 GPU
SEE-Net [48] 8.77 8.63 475.3 GPU

SiamBAG [49] 11.79 9.48 189.0 GPU
MFI-HVT [37] 0.58 0.36 / CPU
SST-Net [47] 0.54 0.43 327.6 GPU

DeepHKCF [35] 1.72 0.94 / CPU

MHT [36] 2.90 2.31 / CPU
FCSS [38] 19.11 17.39 / CPU

Table 11 shows that, for the same tracker, there is not much difference in tracking
speed between the two datasets. SiamOHOT [50] ranks first in both FPS and FLOPs,
while FCSS [38] ranks second in FPS, and ViPT [56] ranks second in FLOPs. SSTtrack [55]
ranks third in FPS, and SiamBAG [49] ranks third in FLOPs. SiamOHOT employs SiamHY-
PER [100] as a teacher model, emphasizing knowledge distillation to effectively compress
the number of parameters and enhance computational efficiency. As a result, SiamOHOT
has not only become a representative of lightweight trackers but also achieved real-time
tracking speed with 30.28 FPS and 26.89 FPS on the HOT2022 and IMEC25 datasets, respec-
tively. On the basis of inheriting the advantages of handcrafted feature-based tracking, the
channel selection strategy accelerates the tracking speed of FCSS, resulting in the tracker
achieving second place. Although SSTtrack has good tracking stability and high tracking
accuracy, its tracking speed cannot match it. It still has a long way to go before meeting
the requirements of real-time tracking. Additionally, its extremely high computational
complexity (511.9 G) should also be noted. The FLOPs of ViPT, i.e., 153 G, is very close to
that of SiamOHOT. The lightweighting benefits from the utilization of frozen pre-trained
RGB models to adapt to the downstream potential tracking tasks, introducing only a small
number of trainable parameters—less than 1% of the base model—effectively minimizing
computational complexity. However, the tracking speed of ViPT is unsatisfied. As a multi-
modal tracker, ViPT needs to process high-dimensional hyperspectral data and fuse deep
features of multiple types of data, which slows down its tracking speed. Similar to ViPT
and SSTtrack, PHTrack [54] also adheres to the prompt learning paradigm, incorporating
a small number of trainable parameters while demonstrating a tracking speed similar
to SSTtrack. Due to the network architectures employing a five-stream design, which
entails a substantial number of network parameters, its computational complexity is even
higher than SSTtrack, reaching 604.7 G. The tracking speeds of SiamBAG and MMF-Net
are comparable; however, MMF-Net exhibits higher computational complexity due to the
utilization of three input views for the network. The FPS of Trans-DAT and SEE-Net are
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also similar, but the multi-layer twin network structure of SEE-Net significantly escalates
its computational complexity. Furthermore, the tracking speeds of BAE-Net, MFI-HVT,
SST-Net, and DeepHKCF [35] are all within the lowest range.
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It can be observed in Table 11 that there is no strong correlation between the tracker’s
speed and its computational complexity. For instance, both SSTtrack and PHTrack ex-
hibit high FLOPs, yet their tracking speeds remain competitive. Usually, the deployment
of HOT models on edge devices faces several constraints, including limited computing
resources, memory capacity, power consumption, and real-time requirements. These limita-
tions directly impact the design of model parameters and operational speed. Edge devices
typically lack high-performance GPUs or dedicated accelerators, resulting in restricted
computing resources. Consequently, complex model architectures with a large number of
parameters can lead to processing delays, making it challenging to meet real-time tracking
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requirements. To enhance speed, it is often necessary to reduce the number of model
parameters, which may compromise tracking accuracy. Additionally, memory capacity
imposes limits on model size. Hyperspectral data are inherently high-dimensional; if the
model parameters are excessive, memory usage may become prohibitively high, poten-
tially preventing the model from being loaded. Therefore, it is essential to strike a balance
between parameter scale and memory consumption during model design. Furthermore,
power consumption is a critical constraint for edge devices. Complex models increase
the computational load, resulting in higher energy consumption and adversely affecting
device endurance. Consequently, the model must achieve a balance between parameter
design and computational efficiency to minimize power consumption. Moreover, real-time
requirements impose stringent standards on model speed. HOT typically necessitates
rapid responses, necessitating that the model optimizes inference speed within limited
computational resources. This can be accomplished by reducing the number of network
layers or employing efficient convolution operations. The constraints of edge devices
require the HOT model to carefully balance parameter design and speed optimization to
enable efficient, low-power, real-time tracking.

The trade-off between accuracy (DP@20 and AUC) and speed (FPS) for trackers on
the two datasets are shown in Figures 14 and 15, respectively. In Figure 14, among the
deep feature-based trackers, only four trackers that surpass the average in both accuracy
(DP@20: 0.665 and AUC: 0.459) and speed (9.905 FPS) are MMF-Net [53], SSTtrack [55],
PHTrack [54], and SiamOHOT [50]. Knowledge distillation boosts SiamOHOT to obtain the
fastest speed at the cost of low accuracy. PHTrack adopts the prompt learning paradigm
and feature level fusion strategy, effectively enhancing tracking speed, whereas SSTtrack
and MMF-Net strike a commendable balance between accuracy and speed. The tracking
speed and accuracy of DeepHKCF [35], MFI-HVT [37], BAE-Net [46], and SST-Net [47]
are all lower than the average. DeepHKCF and MFI-HVT do not use spectral information,
which leads to a decrease in their tracking performance. However, their use of complex
feature extraction networks takes longer computation time, which affects tracking speed.
BAE-Net and SST-Net perform poorly because both utilize decision-level fusion to enhance
efficiency, but this comes at the cost of an increased computational burden, resulting
in lower speeds. In addition, they have not effectively reduced the interference of low-
importance bands in HSVs on the tracking process, which has affected the tracking accuracy.
In contrast, SiamBAG [49] employs a band grouping strategy, allowing its FPS to exceed the
average value. ViPT [56], Trans-DAT [52], and SEE-Net [48] all demonstrate stable tracking
accuracy, however, their FPS is slightly below the average. ViPT has the highest tracking
accuracy, but its tracking speed decreases due to the need to process high-dimensional
hyperspectral data and fuse deep features of multiple types of data. Trans-DAT aggregates
frequency band information, which consumes a certain amount of time. SEE-Net performs
target tracking on multiple sets of false-color videos, which also consumes a lot of time.
Additionally, among the handcrafted feature-based trackers, the DP and AUC scores, as
well as the FPS of MHT [36], are lower than the average, while the FPS of FCSS [38] is
higher than the average, but its accuracy sacrifices too much.

In Figure 15, among deep feature-based trackers, only MMF-Net, SSTtrack, PHTrack,
and SiamOHOT have successfully achieved a balance between tracking speed and accuracy.
However, the tracking accuracy and speed of DeepHCKF and MFI-HVT are still lower than
the average value. It should be noted that the DP score of SiamBAG has improved and
exceeds the average value. On the IMEC25 dataset, SiamBAG has improved the tracking
success rate in the early stage of tracking. While the accuracy of BAE-Net and SST-Net
exceeds the average value, their speeds are still relatively slow. They use multiple sets of
weak trackers to integrate and predict tracking results, which reduces tracking efficiency.
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ViPT has relatively high accuracy, but its tracking speed is still slightly lower than the
average value. The speeds of Trans-DAT and SEE-Net align with the average. Compared
to Figure 14, the tracker utilizing handcrafted features in Figure 15 performs similarly,
with MHT’s DP score slightly below the average.

6.1.4. Visual Comparison

Six challenging sequences are selected from the HOT2022 and IMEC25 datasets for
visual comparison, and Figures 16 and 17 visualize the tracking results. The displayed video
sequences cover all attributes of the datasets. Since IMEC25 does not provide false-color
images, we use grayscale images to display the tracking results.

In Figure 16, for the clamp2, cup4, and S_walker sequences, the object encounters
interference from similar objects and occlusion. Consequently, when the object is in close
proximity to these similar objects, the object is occluded, and it is difficult for trackers to
distinguish the targeted object. During the initial stage, most trackers can successfully
track the clamp and walker, but they are unable to track the cup. In the later stage, only
a few trackers, such as ViPT [56], can successfully track the clamp and walker, while
others, including DeepHKCF [35], MFI-HVT [37], and SST-Net [47], are adversely affected
and track objects that resemble the walker. In the S_jump2 sequence, there is not only
interference from similar objects but also the impact of occlusion, low resolution, and
motion blur. DeepHKCF fails to track in the early stage, and during the middle stage, most
trackers are hindered by occlusion and are unable to track the jumper. In the later stage of
tracking, all trackers experience significant drift issues. In the pen3 sequence, the object
closely resembles the background, complicating its location. In the initial stage of this
sequence, DeepHKCF and Trans-DAT [52] are unable to track the pen, while in the later
stage, SiamBAG [49] also fails to successfully track the object, and most trackers encounter
drift problems. The object resolution in the S_soccer1 sequence is very low, and it also faces
interference from complex backgrounds and fast motion. As a result, most trackers are
unable to track the soccer ball.
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(a) clamp2, attribute: OCC, IV. (b) cup4, attribute: BC, IPR, OPR, and OCC. (c) pen3, attribute: BC,
IPR, OPR, IV. (d) S_jump2, attribute: LR, OCC, DEF, and MB. (e) S_soccer1, attribute: LR, OV, FM,
and MB. (f) S_walker, attribute: LR, MB, OCC, and CM.
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Figure 17. Qualitative comparison of trackers on six video sequences on the IMEC25 dataset.
(a) boat10, attribute: DEF, LR. (b) bicycle, attribute: SV, OCC, MB, IPR, and OV. (c) double4, at-
tribute: DEF, MB, FM, OPR, BC, and LR. (d) doublecar5, attribute: IV, OCC, and DEF. (e) motorcycle,
attribute: DEF, OPR. (f) man2, attribute: OCC, IPR, OPR, and FM.

In Figure 17, the tracked objects in the boat 10, double4, and motorcycle sequences
are relatively small compared to the background, which makes it difficult for the tracker to
recognize the object from the background. Additionally, interference from similar objects,
occlusion, and deformation also pose a huge challenge for the trackers, causing most
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trackers to be unable to track the boat. MMF-Net [53] and ViPT can successfully track
the motorcycle and double. In addition, PHTrack [54] and SiamOHOT [50] can also keep
up with the double in the later stage of tracking. There are various interferences, such as
occlusion and size changes in the targets in the bicycle sequence, and the object briefly
exceeds the line of sight, causing MHT [36], MFI-HVT, and DeepHKCF to be unable to track
the bicycle in the later stage, while most trackers can successfully track the object. In the
doublecar5 sequences, the object is in a state of rapid motion, yet all trackers, except for
DeepHKCF and MFI-HVT, are able to track the object successfully. Nevertheless, SST-Net
experiences drift during the tracking process of the doublecar5 sequence. In the man2
sequence, rapid motion and out-of-plane rotation cause significant variations in the scale
and appearance of the object, leading to drift issues for most trackers.

6.1.5. Cross-Validation of Tracking by Different Datasets

Since hyperspectral images from different datasets may vary in spectral bands, spatial
resolutions, and sample richness, these differences can pose challenges to the generalization
ability of tracking models trained on diverse datasets. To further analyze the impact of
dataset discrepancies on experimental results, we conducted cross-validation experiments
on the tracking outcomes of hyperspectral trackers from various datasets. Specifically,
models trained on the HOT2022 training set were tested for tracking performance on both
HOT2022 and IMEC25 test sets. The DP and AUC scores of thirteen deep feature-based
trackers were calculated. The experimental results are presented in Table 12.

Table 12. Comparison of DP and AUC scores of the deep feature-based tracking models trained with
the HOT2022 training set on HOT2022 and IMEC25 test sets. The best three results are marked with
red, blue, and green.

Tracker
HOT2022 Test Set IMEC25 Test Set

DP@20 AUC DP@20 AUC

MMF-Net [53] 0.742 0.543 0.626 0.465
ViPT [56] 0.753 0.566 0.614 0.442

SSTtrack [55] 0.745 0.549 0.602 0.417
Trans-DAT [52] 0.711 0.516 0.617 0.428
PHTrack [54] 0.715 0.504 0.593 0.395

SiamOHOT [50] 0.703 0.497 0.578 0.392
BAE-Net [46] 0.652 0.431 0.514 0.329
SEE-Net [48] 0.695 0.482 0.549 0.347
SPIRIT [51] 0.687 0.476 0.523 0.341

SiamBAG [49] 0.633 0.424 0.507 0.306
MFI-HVT [37] 0.612 0.384 0.465 0.287
SST-Net [47] 0.579 0.363 0.446 0.244

DeepHKCF [35] 0.532 0.352 0.373 0.182

It can be observed from Table 12 that, despite being trained on the HOT2022 dataset,
different trackers exhibit varying performance on the test sets of both HOT2022 and IMEC25.
The DP and AUC scores of the trackers on the IMEC25 test set are significantly lower than
those on the HOT2022 test set. This discrepancy arises since the HOT2022 dataset includes
a wider variety of object types; however, these objects do not closely resemble those in the
IMEC25 dataset. As a result, the trackers struggle to learn more representative features and
patterns, which hinders their ability to generalize effectively to new scenarios. Furthermore,
the distribution of the datasets differs considerably. The HOT2022 dataset encompasses
more real-life scenes and complex interference factors, while the IMEC25 dataset primarily
consists of field scenes. These variations greatly impact the tracking performance of the
trackers, particularly when evaluated across datasets with substantial differences.
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6.2. Testing of Hyperspectral Small Object Tracking Performance

Small objects refer to targets that are significantly smaller than the pixel size of a video
frame. Extracting effective features of small objects with low resolution in RGB videos
has always been a challenge [117]. For example, the rapid motion and background clutter
often lead to poor tracking performance, i.e., tracking drifting. Similarly, HOT also faces
challenges from SOT. Although numerous HOT methods have been proposed, there is
still no specific tracking method dedicated to small objects. Hyperspectral SOT tasks have
raised higher requirements for HOT technology, especially for the accuracy and robustness
of tracking methods. In addition, they also stimulate the improvement and refinement
of existing datasets. Therefore, we conducted specialized experiments on hyperspectral
SOT using the deep feature-based trackers in this survey. The purpose is to conduct an
in-depth investigation and analysis of the tracking accuracy and robustness of existing deep
feature-based trackers through this experiment in order to provide valuable exploration
and thinking for the future development of HOT technology.

6.2.1. Experimental Setup

Compared to the HOT2022 dataset, the IMEC25 dataset contains more video se-
quences of small objects, which is more suitable for this experiment. Then, we chose the
IMEC25 dataset and tested the video sequences featuring small objects with a resolution of
32 × 32 pixels [118,119]. In other words, the size of a small object is approximately 0.04%
of the background size in each video sequence. A total of 31 video sequences meet these
criteria, and the distribution of these sequences is illustrated in Figure 18. Boats, cars,
and humans occupy the main types of small objects. The experiment for small object
tracking did not retrain, but only calculated the tracking accuracy of the tracker on the
small object video sequence on the IMEC25 dataset.
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6.2.2. Tracking Result

We carried out special experiments on the trackers used in this survey and counted
the tracking results of these video sequences. The experimental results not only showed the
overall DP and AUC scores of the trackers but also calculated the DP and AUC scores under
the BC, FM, LR, MB, OCC, and SV attributes, as presented in Tables 13 and 14. Additionally,
Figure 19 illustrates the radar plots according to the results in Tables 13 and 14, offering a
more intuitive comparison.
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Table 13. DP@20 of each attribute and the overall (Overall) on small object video sequences on the
IMEC25 dataset. The best three results are marked with red, blue, and green.

Tracker BC FM LR MB OCC SV Overall

MMF-Net [53] 0.754 0.763 0.718 0.705 0.717 0.703 0.755
SSTtrack [55] 0.713 0.725 0.731 0.704 0.691 0.711 0.723

ViPT [56] 0.709 0.721 0.711 0.699 0.676 0.689 0.712
Trans-DAT [52] 0.695 0.721 0.703 0.682 0.683 0.685 0.709
SiamOHOT [50] 0.692 0.697 0.684 0.696 0.699 0.673 0.695

PHTrack [54] 0.705 0.714 0.697 0.689 0.684 0.679 0.704
SST-Net [47] 0.675 0.682 0.662 0.657 0.649 0.646 0.663
BAE-Net [46] 0.663 0.677 0.655 0.647 0.647 0.654 0.662
SEE-Net [48] 0.657 0.665 0.649 0.651 0.627 0.639 0.653

SiamBAG [49] 0.678 0.662 0.658 0.662 0.654 0.651 0.669
MFI-HVT [37] 0.579 0.604 0.612 0.589 0.593 0.576 0.598

DeepHKCF [35] 0.417 0.396 0.375 0.404 0.377 0.382 0.402
Average 0.661 0.669 0.655 0.649 0.641 0.641 0.662

MHT [36] 0.646 0.653 0.638 0.647 0.625 0.622 0.641
FCSS [38] 0.609 0.612 0.643 0.628 0.604 0.609 0.617

Table 14. AUC of each attribute and the overall (Overall) on small object video sequences on the
IMEC25 dataset. The best three results are marked with red, blue, and green.

Tracker BC FM LR MB OCC SV Overall

MMF-Net [53] 0.604 0.582 0.586 0.607 0.576 0.569 0.593
SSTtrack [55] 0.574 0.583 0.581 0.571 0.569 0.561 0.579

ViPT [56] 0.562 0.553 0.571 0.559 0.558 0.556 0.564
Trans-DAT [52] 0.565 0.581 0.573 0.552 0.553 0.545 0.569
SiamOHOT [50] 0.562 0.557 0.561 0.576 0.559 0.553 0.557

PHTrack [54] 0.559 0.554 0.564 0.568 0.554 0.549 0.553
SST-Net [47] 0.507 0.519 0.506 0.489 0.476 0.479 0.505
BAE-Net [46] 0.513 0.507 0.505 0.497 0.489 0.484 0.511
SEE-Net [48] 0.507 0.495 0.489 0.491 0.477 0.469 0.502

SiamBAG [49] 0.528 0.522 0.514 0.502 0.514 0.517 0.521
MFI-HVT [37] 0.457 0.472 0.461 0.465 0.443 0.436 0.463

DeepHKCF [35] 0.279 0.265 0.298 0.289 0.266 0.275 0.286
Average 0.518 0.516 0.517 0.514 0.503 0.499 0.517

MHT [36] 0.476 0.493 0.479 0.486 0.468 0.472 0.484
FCSS [38] 0.476 0.485 0.469 0.454 0.457 0.461 0.472
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From Tables 13 and 14, it can be observed that MMF-Net [53] achieves the high-
est tracking accuracy for small objects, with DP and AUC scores (in terms of Overall)
that are 3.2% and 1.4% higher than those of the second-ranked SSTtrack [55], respectively.
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Furthermore, MMF-Net’s DP and AUC scores for all attributes rank in the top three.
MMF-Net considers the key role of material information and provides more discrimina-
tive data for object tracking, ensuring the accuracy and robustness of tracking. SSTtrack
attains the highest DP scores in both LR and SV attributes, the highest AUC score in the FM
attribute, and ranks second or third in multiple categories. This illustrates that the transfer
and interaction of spectral and spatial features in multi-modal data can effectively capture
objects with challenging feature representations. Consequently, this suggests that its network
framework is a promising new approach for SOT in the HOT field. Compared with Table 8,
the tracking advantage of ViPT [56] has changed in SOT. The DP score of ViPT ranks third
across multiple attributes, including BC, FM, and LR, while the AUC score also ranks third in
the SV attribute. In contrast, the DP score of Trans-DAT [52] ranks third in the FM attribute,
and its AUC score ranks third in the BC, FM, and LR attributes. When tracking small ob-
jects, the performance of ViPT and Trans-DAT is at the same level, both exhibiting similar
robustness. Meanwhile, SiamOHOT [50] achieves the second DP score and third AUC score
in the OCC attribute, as well as the second AUC score in the MB attribute, which is consistent
with the performance in Tables 8 and 9, highlighting its strong potential in tracking occluded
objects. The handcrafted feature-based trackers exhibit unsatisfactory tracking performance
for small objects, which indicates that handcrafted features cannot provide as much useful
discriminative information as deep features.

Hyperspectral trackers possess distinct advantages in differentiating objects with similar
colors but varying materials. Among the four trackers with the highest AUC scores listed in
Table 14—MMF-Net, SSTtrack, ViPT, and Trans-DAT—both MMF-Net and SSTtrack utilize
spectral information during the HSVs processing phase. This approach aids in distinguishing
objects from background areas and enhances the tracking success rate. In contrast, ViPT
primarily relies on models trained with RGB data for tracking. Although Trans-DAT performs
well, it only selects the three most valuable channels in the HSV color space to reorganize
into false-color video, employing backbone networks based on RGB data for tracking tasks.
Consequently, some valuable spectral information will not be used. From their AUC scores,
it is evident that when tracking small objects, hyperspectral trackers that utilize spectral
information outperform models trained on RGB data. Figure 19 illustrates the visual tracking
results of these trackers on two sequences having small objects that share a similar color but
differ in material composition. In the doublecar sequence, the tracking results of ViPT and
Trans-DAT show significant deviations during the later stages of tracking, whereas MMF-Net
and SSTtrack maintain robust tracking performance. In the doublecar7 sequence, MMF-Net
and SSTtrack consistently track the object, while Trans-DAT and ViPT struggle to maintain
tracking due to interference from objects of similar color during the middle of the tracking
process. This further demonstrates that hyperspectral trackers that effectively leverage spectral
information possess distinct advantages in addressing challenges posed by similar interference
in small object tracking.

As illustrated in Figure 20, the tracking performance of DeepHKCF [35] is closest to the
center and performs the worst, showing a noticeable gap when compared to MFI-HVT [37].
This discrepancy arises from its conversion of HSIs into false-color images for tracking, which sac-
rifices too much valuable spectral information and inevitably results in the loss and distortion
of critical material data. The negative effect is particularly significant in SOT. According to the
average DP and AUC scores for each attribute presented in Tables 13 and 14, along with the
results illustrated in Figure 20, it is evident that the attributes that most significantly impact SOT
are OCC and SV. It can be inferred that both time cues and template updating cannot be ignored
in tracking design.
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In order to better compare the experimental results, Figure 21 depicts the parallel
comparison of the AUC results of the deep feature-based trackers on the HOT2022 dataset,
IMEC25 dataset, and the selected small object sequences. As illustrated in Figure 21,
MMF-Net and SSTtrack consistently rank among the top two across different datasets,
demonstrating their robust tracking capabilities. This suggests that high-performance track-
ers are not confined to specific network architectures. In fact, they are adept at achieving
superior tracking performance through comprehensive analysis and effective utilization of
data features. However, ViPT’s ranking changes significantly, and its robustness in tracking
small objects is insufficient. The tracking performance of SST-Net on the IMEC25 dataset
and the small object sequence surpasses that on the HOT2022 dataset, indicating its greater
suitability for tracking low-resolution objects. Despite MFI-HVT and DeepHKCF employ-
ing deep features, their performance remains inferior to that of other trackers, indicating
that the use of deep networks and spectral information is crucial. Additionally, the tracking
results for small objects reveal that the AUC scores of each tracker are lower than those on
the entire IMEC25 dataset. This highlights the ongoing challenges in tracking small objects,
as the existing hyperspectral trackers tend to focus more on regular objects. The detrimental
impact of small objects on tracking performance will be one of the research lines of HOT
technology and should be taken seriously.
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7. Discussion
7.1. Hyperspectral Tracking Design Inspired by Advanced RGB Trackers

With the successful and fast development of RGB tracking technology, the design
of hyperspectral tracking inevitably draws inspiration from advanced RGB trackers or
seeks their advanced ideas. As a solution to the problem of computing efficiency in
traditional transformers when processing long sequences, Mamba [120] achieves excellent
performance comparable to that of transformers while maintaining linear time complexity
by introducing State Space Models (SSM). SSM exhibits near-linear complexity in long-term
sequence modeling, enabling Mamba-based motion models to effectively capture complex
motion patterns of objects during tracking [121]. Even when an object is temporarily
occluded or experiences significant motion changes, the model can accurately predict and
track the state based on previous long-term dependencies, thereby significantly enhancing
the stability and accuracy of tracking. However, to date, no hyperspectral tracker based
on Mamba has been proposed. Mamba presents an effective alternative to transformers
for completing HOT tasks. In addition, object segmentation and tracking in video remain
current research hotspots. For instance, MASA [122] can facilitate the matching and tracking
of objects in any area, while SAM 2 [17] implements a comprehensive multi-object visual
segmentation system. Although most of these tracking methods are developed based on
visual data, they are expected to yield better results in the field of HOT as an emerging
research trend.

7.2. The Band Gap Between HSIs and RGB Images

Due to the scarcity of HOT datasets, most deep feature-based methods use existing
RGB tracking models for transfer learning on HSIs. However, the band gap between HSIs
and RGB images, where their spectral band ranges do not overlap, hinders the direct
application of RGB pre-trained models to HOT tasks [48,51]. Therefore, it is particularly
crucial to select the appropriate bands in HSVs. During the most valuable band selection,
some trackers (e.g., DeepHKCF [35] and Trans-DAT [52]) only rely on a limited number of
channels, which may result in the loss of valuable spectral information in HSVs. Other track-
ers (e.g., BAE-Net [46], SEE-Net [48], SiamBAG [49]) employ band recombination strategies
designed to more comprehensively utilize the rich spectral information in HSVs while
effectively addressing the issue of high inter-band correlation. Recently, some trackers
(e.g., SSTtrack [55] and PHTrack [54]) treat band recombination as a multi-modal data gen-
eration problem. By generating multi-modal data from HSIs, these trackers can extract rich
spectral clues, aiming to bridge the band gap between hyperspectral and RGB domains and
leverage prior knowledge. The approaches typically enable the utilization of RGB-based
foundational models for rapid learning and adaptation, effectively addressing the data
scarcity challenge encountered in HOT. Consequently, when designing hyperspectral track-
ers that depend on existing RGB pre-trained models, it is essential to accurately select
valuable bands from HSIs or dynamically reorganize bands based on their contributions.
This is the key to solving the current band gap problem.

7.3. Tracking Efficiency

In many real-time tasks, efficient tracking is highly desirable. Tracking speed is a critical
factor that cannot be overlooked without compromising tracking accuracy, and it serves
as a key indicator of the practical value of trackers [123,124]. However, for the current
landscape of deep feature-based hyperspectral trackers, tracking speed and accuracy often
conflict with one another. For instance, as shown in Tables 5 and 10, while SiamOHOT [50]
achieves real-time tracking performance, its overall tracking accuracy is limited. Conversely,
SSTtrack [55] and MMF-Net [53] excel in tracking accuracy, but their tracking speeds are
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unsatisfactory, even falling short of the handcrafted feature-based tracker FCSS [38]. At the
current stage of development in HOT technology, most tracking methods that utilize deep
features primarily focus on enhancing tracking accuracy, with relatively less attention paid
to tracking efficiency. A comprehensive analysis and experimental results in this survey
indicate that to improve tracking accuracy, the trackers often allocate a significant amount of
processing time to the representation and extraction of deep features and models/networks,
which consequently leads to reduced tracking speed. Additionally, as illustrated in Table 10,
there is no strong correlation between the complexity of the algorithm (FLOPs) and the
tracking speed (FPS). This observation suggests that improvements in tracking efficiency can
be achieved in a manner that is more friendly to hardware resources. Some optimization
algorithms can be utilized to improve the tracking speed without significantly affecting
tracking accuracy. It can be foreseen that the increasing real-time demand for HOT technology
in many industries will further intensify the need for high tracking speed, posing challenges
and indicating future directions for the development of HOT technology. Techniques such
as knowledge distillation, network lightweighting or pruning optimization, and prompt
learning with pre-trained backbone networks all hold promise for overcoming the speed
barrier. These methods can significantly reduce the consumption of computing resources
while preserving tracking accuracy, promoting HOT technology to achieve real-time or near
real-time tracking capabilities on devices with limited resources.

7.4. The Datasets of HOT
7.4.1. Data Scarcity

Due to the limited popularity of hyperspectral video cameras, the scarcity of data
in the HOT field is well-documented, significantly hindering the development of deep
feature-based tracking methods. Although there are a few publicly available HOT datasets,
the scales are considerably smaller than those of visual tracking datasets. The data scarcity
compels researchers to design HOT tracking methods using RGB pre-trained models,
which capitalizes on the potential of these base models to mitigate the data shortage
through extensive fine-tuning of network architectures. Although this method is feasible
and effective, the problem of data scarcity has not been solved and deep networks are still
constrained by the limited scale of training data, which increases the risk of overfitting and
contrasts sharply with the requirements of data-driven deep feature learning. Furthermore,
full fine-tuning is time-consuming, and the storage of parameters poses a significant
challenge. The high cost associated with hyperspectral cameras and the huge expenses
involved in annotating datasets may lead to the prolonged scarcity of data in the HOT field.
One feasible strategy is to use data augmentation or spectral resampling techniques to
address the scarcity of existing datasets or expand their scales.

7.4.2. The Specific Dataset for SOT

As a prominent research focus and challenge in the field of visual tracking, tracking
small objects can be regarded as a more advanced task that requires tracking algorithms
with higher accuracy and robustness [125,126]. Currently, tracking small objects in satellite
videos represents one of the leading directions in remote sensing information processing.
With the rapid advancement of airborne and spaceborne hyperspectral sensor technology,
the field of HOT will inevitably confront the challenge of SOT. Therefore, there is an urgent
need for a dedicated HOT dataset specifically designed for SOT. However, in the realm
of HOT, datasets for SOT are exceedingly scarce. Presently, mainstream trackers typically
rely on deep learning models trained on datasets that contain an insufficient number of
small objects. As a result, when these tracking models encounter small targets, they often
struggle to extract adequate feature information, leading to diminished tracking perfor-
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mance. The lack of sufficient training data severely impedes the tracker’s ability to learn
discriminative features of small objects across various scenarios, thereby affecting tracking
accuracy and robustness. In Section 6.2, we carefully selected video sequences containing
small objects and conducted the experiment on SOT. However, most existing mainstream
trackers primarily focus on enhancing tracking accuracy or speed, often targeting conven-
tional objects. The approaches disrupt the spatial–spectral aliasing correlation and overlook
the unique characteristics of small objects, and ultimately lead to unsatisfactory tracking
results [58]. Small objects in complex scenes may be influenced by changes in lighting,
occlusion, appearance, scale, etc., which directly results in limited feature representation
and poses greater challenges for tracking tasks [127–129].

7.4.3. Evaluation of Tracking Robustness

The robustness of tracking determines the upper limit of a tracker’s performance. Gen-
erally, tracking robustness refers to the ability of a tracker to maintain successful track-
ing of an object despite various uncertainties and disturbances. In the HOT commu-
nity, the commonly used accuracy evaluation indicators still rely on the precision plot
and success plot from the Object Tracking Benchmark (OTB) [130]. However, these OPE in-
dicators have potential shortcomings. When a tracker loses the object during the track-
ing process, the existing OPE indicators fail to accurately reflect the robustness perfor-
mance of the tracker due to the absence of a reinitialization mechanism. It is important
to note that, despite the rapid advancements in the HOT field, specialized testing indi-
cators for the robustness of hyperspectral trackers are still missing because the existing
datasets do not provide the necessary conditions for testing robustness indicators. In contrast,
the field of visual object tracking has widely adopted various robustness evaluation metrics,
such as Temporal Robustness Evaluation (TRE) and Spatial Robustness Evaluation (SRE) [81]
in the OTB, as well as Expected Average Overlap (EAO) [131] and Robustness (R) [132] in the
Visual Object Tracking Challenge (VOT). These metrics collectively reflect the tracker’s perfor-
mance under various conditions, thereby assessing the tracking reliability and effectiveness in
practical applications. Unfortunately, the absence of configuration files for updating tracking
objects after tracker failures in the current HOT dataset—files that are essential for utilizing the
aforementioned robustness test indicators—has prevented the effective implementation of these
established evaluation methods in the HOT field. In this survey, we selected two datasets for
cross-validation of the trackers with the aim of testing their robustness. We designed the special-
ized experiment to further test the tracking robustness. In light of the unique characteristics of
HOT, it is essential to appropriately adjust and effectively apply the existing relevant indicators
to comprehensively and accurately evaluate the performance of hyperspectral trackers.

7.5. The Limitations of This Survey

To date, there has not been a comprehensive and in-depth investigation specifically
focused on deep feature-based tracking methods. In this survey, we initially selected thirteen
representative deep feature-based methods, categorized them, and conducted comparative
experiments and analysis across two public datasets. However, the number and scope of the
trackers compared are limited. To ensure a fair comparison, we only included methods with
publicly available code, which may have excluded some outstanding trackers that do not
have publicly disclosed code. Additionally, the number of datasets used in the experiments
is also limited. The utilized two datasets are the mainstream HOT datasets, but they do not
comprehensively cover all relevant attributes. The upgraded version of the IMEC25 dataset,
known as the MSSOT dataset, has introduced the new attribute of small target tracking.
Therefore, we hope to employ the IMEC25 dataset to specifically conduct experiments on SOT
to address this deficiency. Through these experiments, we aim to evaluate and compare the
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performance of different deep feature-based methods in handling HOT tasks, particularly their
effectiveness in challenging scenarios such as SOT. Additionally, the experiments presented
in this survey were conducted on traditional computers, and the tracking model has not
been tested on lightweight edge devices, such as UAV platforms. However, it is essential to
evaluate hyperspectral trackers on lightweight edge devices with limited resources.

8. Conclusions
This article reviews the recent deep feature-based HOT techniques by testing 13 selected

deep trackers on two datasets. The trackers are technically classified and analyzed. Exper-
imental analysis is conducted comprehensively and deeply from multiple aspects such as
overall tracking accuracy, tracking speed, challenging attributes, SOT, etc. The experimental
results indicate that recently proposed deep feature-based trackers have achieved remarkable
performance in terms of both accuracy and speed. Tracking based on the Siamese framework
is effective and powerful, in which the Transformer model has been integrated alongside
traditional convolutional or correlation methods for information exchange to facilitate global
feature fusion. In addition, the paradigm of multi-modal data and model fine-tuning has
proven highly successful in Transformer-based trackers, offering a new unified framework for
the future development of HOT. Some conclusions and prospects are detailed as follows.

8.1. Spectral Information Processing

Unlike visual object tracking, processing spectral information is a prerequisite in HOT.
How to map rich spectral information to deep features and generate tracking models with
stronger recognition and discrimination capabilities remains a challenge for further research.

8.2. Practicality

The improvement in tracking efficiency is the key to the practical application of HOT
technology. SiamOHOT is the only one among the selected hyperspectral trackers that can
achieve real-time tracking. In fact, the trend toward the miniaturization of remote sensing
platforms has raised higher requirements for the computational complexity and real-time
performance of hyperspectral trackers. Therefore, for deep feature-based HOT technology,
it is necessary to study both the lightweighting of the tracking model and the improvement
of tracking speed, especially for deployment and optimization on embedded devices.

8.3. Dependence on Datasets

Hyperspectral trackers trained on different HOT datasets exhibit significant variations
in their generalization ability and adaptability. This is due to the fact that factors such as
object types, complexity, scale, and scene characteristics within the dataset directly influence
the tracker’s performance in new environments. Consequently, it is essential to select
appropriate datasets based on task requirements to optimize the tracker’s effectiveness.

8.4. Future Direction

Hyperspectral SOT is an emerging research line in the field of HOT. Although the
scarcity of high-quality, specialized datasets is a serious obstacle, we still recommend
that the synthesis of spatial–spectral–temporal information should be fully considered in
tracking design to address challenging attributes such as SV, OCC, and MB.
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