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COMPARATIVE ANALYSIS OF LIGHTWEIGHT TRACKERS UNDER
CORRELATED AND UNCORRELATED NOISE

The research focuses on the robustness of lightweight single-object trackers that can operate in (near) real time on weak
CPUs such as Raspberry Pi 4 and 5 when the input video is corrupted by noise. The goal is to compare how different families of
embedded-friendly trackers — correlation-filter, Siamese and transformer-based — degrade under additive white Gaussian noise
(AWGN) and salt-and-pepper noise (S&P), each applied in four combinations of temporal and channel-wise correlation, and to identify
algorithms that offer the best robustness—efficiency trade-off for embedded vision systems. The results show that all trackers exhibit
monotonic AUC degradation as noise intensity increases, with Gaussian noise causing only moderate accuracy loss and salt-and-
pepper noise leading to much steeper performance drops. HiT, ViTTrack and NanoTrack v3 achieve the highest accuracy on clean or
mildly degraded data; however, HiT and NanoTrack v3 degrade faster than NanoTrack v2 and are overtaken by NanoTrack v2 at
medium and high noise levels in all settings except temporally correlated AWGN for NanoTrack v3. ViTTrack is the only tracker that
consistently maintains higher AUC than NanoTrack v2 across all noise intensities and correlation regimes, providing the most stable
performance. ECO and DaSiamRPN lose accuracy much faster, especially under salt-and-pepper noise. Salt-and-pepper noise is
generally more destructive than AWGN, while the temporal and channel-wise correlation of noise causes noticeable but moderate
shifts in the degradation profiles without changing the overall ranking of trackers.

Keywords: visual object tracking, single object tracking, AWGN noise, salt and pepper noise.

HAYMEHKO BITAJIA, HAYMEHKO BIKTOPISI, ABPAMOB CEPI'Ii1, JIVKIH BOJIOJJAMMAP

HauionansHuii aepokocMiunuid yHiBepcuteT «XAD»

HOPIBHSJIbHUM AHAJI3 JIETKUX TPEKEPIB Y YMOBAX KOPEJIbOBAHOI'O TA
HEKOPEJIBOBAHOI'O IYMY

Hocnioxcenns 30cepedcyemupea Ha HAOIHOCHI 1e2KUX mpeKepie 00H020 00'€kma, Ki MOXCYMb NPayioeamu 8 (Matisxce) peaibHOMy Yaci Ha
cnabkux npoyecopax, maxkux sk y Raspberry Pi 4 i 5, konu eéxione sideo nowikooscene uiymom. Memoio € nopisHsaHHA mozo, siK pisHi cimeticmsa
80Y008aHUX MpeKepi6 — KOperAyitinull (Pitbmp, HA OCHOGI CIAMCLKUX Mepedic | Ha OCHO8I mpaHcghopmepa — noSiputyionv AKIiCmb 300padicents nio
BNAUBOM AOUMUEHO20 0020 2ayccooeo wymy (AWGN) i wiymy «cinb i nepeyvy (S&P), Kodicen 3 AKUX 3aCMOCO8YEMbCS 8 YOMUPLOX KOMOIHAYinX
memnopanbHoi ma KananbHoi Kopenayii, a makodc GU3HAYEHHs anc0pummis, AKi 3a6e3neuylonmb HAUKpawui KOMRpOMIC Midc Haoilinicmio ma
egpekmusnicmio 015 60ydosanux cucmem 30py. Pesynomamu noxasyiome, wo 6ci mpekepu Oemoncmpyioms monomouue nocipwenus AUC i3
30IMbWEHHAM THMEHCUGHOCIT WIYMY, NPUYOMY 2AYCI6COKULl WYM CHPUYUHAC Juuie NOMIDHY 6mpany MOYHOCHI, a WyM Muny «cCitb i nepeyvy
npuzeooums 00 Habazamo Oinvw pizko2o nadinus egpexmusnocmi. HiT, ViTTrack i NanoTrack v3 docsieaiome natiguwoi mounocmi na uucmux abo
3neeka cnomeopenux oanux, oonax HiT i NanoTrack v3 nociputytomvcst weuowie, nioie NanoTrack v2, i nocmynatomuvcsi NanoTrack v2 npu cepednvomy
ma 6UCOKOMY PIGHAX WYMY 8 YCIX HANAWIMYSAHHSX, KPIM meMnopanbho kopenvosanozo AWGN ons NanoTrack v3. ViTTrack € eounum mpexepom, sixuil
cmabinoro niompumye suwuii AUC, niowe NanoTrack v2, 0na 6cix pierie wymy ma pescumie kopenayii, 3abesneyyrouu Haticmabinvuiuy pooomy. ECO
ma DaSiamRPN empauaioms mounicme nHabaeamo wieuowie iHuux, 0coOOIUB0 8 yMOGAX WyMy Muny «citb i nepeyvy. LLlym muny «cino i nepeyby
3azeuuail ¢ Oinow pytinienum, nisie AWGN, mooi sik memMnopanibua ma KanHaiba KOPeiayis uymy CnpuduHsic NOMImHI, ane nOMIpHi 3MiHu 8 npoginix
nociputeHHs AKOCmi Oe3 3MIHU 3a2al1bHO20 PeUmuHey mpeKepis.

Knrwouosi cnosa: sizyanvue giocmesicenns 06'ckmis, giocmedicentsi 00no2o 06 'exma, wiyym AWGN, wym «cinw i nepeysby
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Problem overview
Visual object tracking (VOT) is a fundamental problem in computer vision. Given the initial position of a target
in the first frame, a tracker must estimate its state in subsequent frames under a wide range of appearance changes. VOT
is a key component of many real-world systems, including autonomous driving, UAV-based inspection, robotics,
intelligent video surveillance, and augmented reality, where it is often embedded into larger perception and control
pipelines. In many of these use cases, the tracking algorithm has to operate on inexpensive embedded hardware, with
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limited CPU resources, tight power budgets, and often without access to a GPU. Ensuring robust tracking under such
constraints is therefore a key challenge. On the other hand, in some safety-critical scenarios, such as driver-assistance or
UAYV navigation, tracking failures caused by adverse imaging conditions may directly translate into unsafe behaviour. This
makes not only raw accuracy, but also robustness to realistic image degradations, an essential property of practical trackers.

By focusing on trackers that can operate in near real time on resource-constrained processors, our research
complements previous reliability-oriented work that targets high-performance systems. It provides practitioners with
empirical guidance on which tracking paradigm offers the best compromise between reliability and efficiency in noisy
environments, and indicates where additional architectural or algorithmic improvements are most needed for reliable
tracking on embedded devices.

Analysis of recent sources in visual object tracking methods

From a modelling viewpoint, single-object trackers are commonly grouped into generative and discriminative
approaches (see Fig.1).

Generative object trackers build an explicit appearance model of the target and search for image regions that best
reconstruct this model. A major line of work is sparse-representation tracking, where the target is expressed as a sparse
linear combination of dictionary atoms. Structural and context-aware sparse trackers — such as Structural Sparse Tracking
(SST) [1], Robust Structural Sparse Tracking (RSST) [2] and sparsity-based collaborative models (SCM) [3] — minimise
reconstruction error under sparsity constraints.

A second branch uses subspace models, assuming that target appearances lie in a low-dimensional manifold.
Incremental PCA-based trackers [4] and adaptive eigenbasis trackers [5] update this subspace online and measure
reconstruction error after projecting candidate regions onto it.

Finally, generative modelling has also been combined with Bayesian state estimation. A representative example
is the context-aware exclusive sparse tracker (CEST) [6], which formulates target, background and contextual regions
within a unified exclusive sparse representation model.

SINGLE OBJECT TRACKING

/\

GENERATIVE METHOD DISCRIMINATIVE METHOD
Sparse ] Subspace Others CF Trackers Siam Transformer Others
represenation Trackers Trackers

Fig. 1. Tracking methods classification

Discriminative trackers learn a classifier or regressor that separates the target from the background and then
predict the most likely target state in each frame. Within this family, one of the most influential paradigms are
discriminative correlation filters (DCF) [7, 8]. Early DCF-based trackers such as MOSSE [7] and KCF [9] achieve high
frame rates by learning a convolution filter in the Fourier domain and exploiting fast frequency-domain operations. Later,
CCOT (Continuous Convolution Operators for Tracking) [10] introduced continuous-domain convolution operators on
multi-resolution feature maps, significantly improving accuracy but at a high computational cost. ECO (Efficient
Convolution Operators for Tracking) [11] builds directly on CCOT and reduces its memory and runtime complexity by
factorising the filters and using a compact generative model of training samples, while preserving most of the accuracy gains.

A second major group of discriminative methods are Siamese trackers [12]. Classical Siamese trackers such as
SiamFC [13] and SiamRPN [14, 15] employ a two-branch network that processes the template and the search region and
outputs a similarity map or bounding-box predictions. Trackers such as DaSiamRPN [16] extend this idea with a region
proposal head and distractor-aware training, which improves robustness in cluttered scenes.

Subsequent work moved from pure Siamese matching to deeper discriminative architectures that still rely on a
template—search formulation. ATOM (Accurate Tracking by Overlap Maximization) [17] learns an online classification
head together with an IoU prediction network, explicitly optimising the predicted overlap between the estimated and
ground-truth boxes. OSTrack [18] further merges the Siamese idea with vision transformers, using a unified transformer
backbone that jointly encodes template and search tokens and directly regresses the target box.

Another important direction focuses on lightweight Siamese trackers for resource-constrained devices.
SiamBAN [19] introduces an anchor-free Siamese box-adaptive network that predicts the target bounding box in a dense,
one-stage manner, improving both accuracy and efficiency for real-time tracking on modern hardware. LightTrack [20]
further explores efficient backbones and heads tailored for mobile platforms. NanoTrack v2 and NanoTrack v3 follow
this line of work and implement ultra-compact MobileNet-like backbones with anchor-free heads and depthwise
correlation, providing accurate tracking with real-time or near—real-time performance on CPU-only and embedded
hardware, despite not being accompanied by a separate research paper.

In recent years, transformer-based trackers have emerged as a third important branch of discriminative methods.
They use self- and cross-attention to jointly encode the template and search image and to capture long-range dependencies
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in the scene. Early works such as TrTr [21] and STARK [22] introduced transformer encoder—decoder architectures for
tracking, while more recent lightweight vision transformers, ViTTrack and the hierarchical HiT [23, 24] tracker, aim to
bring the benefits of global attention into edge-friendly models by carefully reducing model size and computation while
preserving accuracy.

Parallel to these trends, there is a line of work on extremely lightweight trackers based on perceptual image
hashing [25]. Although hash-based trackers are usually less accurate than modern deep trackers, they illustrate the
importance of algorithmic simplicity and tight compute constraints for embedded platforms [26].

In many robustness studies on image and video analysis, additive white Gaussian noise (AWGN) [27, 28] and
salt-and-pepper (S&P) noise are used as simple but informative surrogate models of real acquisition and transmission
artefacts. AWGN is a standard approximation for thermal, reset and read-out noise in CCD/CMOS image sensors and for
channel noise in digital links [29], whereas S&P noise mimics dead or hot pixels, bit errors and transmission glitches that
appear as random black-and-white speckles in individual frames [30, 31]. At the same time, several works have pointed
out that real video noise is rarely i.i.d.: it often exhibits temporal correlation due to fixed sensor patterns, slow electronic
drift and repeated codec artefacts, as well as correlation between colour channels originating from shared analogue circuitry
and demosaicing in Bayer cameras [29, 32]. Modern video denoising methods based on non-local spatio-temporal filtering
and motion-compensated 3D/4D transforms explicitly exploit these correlations instead of assuming frame-wise independent
noise [33, 34]. These observations suggest that robustness of visual trackers should be analysed not only under i.i.d. AWGN
and S&P noise, but also under noise models with controlled temporal and inter-channel correlation.

While benchmark datasets like UAV123 [35], LaSOT [36] and GOT-10k [37] have driven substantial progress
in tracker design and evaluation, they mainly focus on “clean” or slightly degraded imagery. However, real-world
acquisition pipelines often suffer from sensor noise, compression artifacts, transmission errors and hardware faults. Earlier
work introduced the Visual Object Tracking — Robustness Toolkit (VOT-RT) [38], which distorts existing datasets with
configurable noise types such as additive Gaussian noise and salt-and-pepper noise, and evaluates how state-of-the-art
trackers degrade under such conditions.

More recently, the robust tracking module (RTM) [39] extended this line of research by inserting a lightweight
denoising network in front of existing trackers and showing that a learned pre-processing stage can significantly mitigate
the impact of diverse noise types while also providing an open robustness-evaluation toolkit.

Despite these advances, several gaps remain. First, most robustness studies focus on relatively heavy state-of-
the-art trackers intended for GPU-equipped desktops, whereas many emerging applications—low-cost UAVs, Raspberry
Pi-based robots, automotive prototypes—require trackers that run in (near) real time on a single low-power CPU core.
Second, prior work mainly treats robustness as an add-on (e.g., via a denoising module), leaving the comparative
behaviour of different tracking paradigms under noisy conditions insufficiently understood.

Analysis of recent sources in Lightweight single object trackers

In this section we briefly review the six trackers analysed in this work. They were chosen as representative
members of three popular families of modern SOT methods — correlation-filter, Siamese-network and transformer-based
trackers — for which open implementations and lightweight CPU-oriented models are available. All of them can be
deployed on Raspberry-Pi-class hardware with (near) real-time performance.

ECO is a correlation-filter SOT tracker and the successor of CCOT. It learns continuous convolution operators
in the Fourier domain on multi-layer features that combine hand-crafted descriptors (HOG, colour names) with CNN
features. Filter factorisation and a compact generative model of training samples based on Gaussian mixture models
(GMM) significantly reduce memory usage and computational cost. Target scale is handled by an additional DSST
module. ECO is widely regarded as a strong baseline that offers high robustness at moderate computational complexity
and serves here as a representative of advanced DCF-based methods.

DaSiamRPN is a Siamese, anchor-based tracker with a region-proposal head. During training it introduces
semantic negative samples and performs distractor mining in order to suppress objects that are visually similar to the
target. At test time the RPN head jointly predicts classification scores and bounding boxes for a dense set of anchors in
the search region, that provides option of failure detection and global re-detection. In this study DaSiamRPN represents
early high-performance Siamese trackers that are still relatively compact and can be run on modern CPUs.

NanoTrack v2 is an ultra-lightweight anchor-free Siamese tracker designed specifically for embedded devices.
Its implementation is split into two small ONNX models: a tiny MobileNetV3-style backbone that extracts features from
the template and search image, and a neck/head that performs depthwise cross-correlation and outputs a response map
together with bounding-box offsets. The post-processing pipeline relies on simple but effective heuristics such as a scale
penalty and a Hann window for spatial smoothing.

NanoTrack v3 is an evolution of NanoTrack v2. It keeps the same overall two-stage ONNX architecture and
post-processing strategy, but employs a slightly larger MobileNetV3 backbone and a refined prediction head. These
changes significantly improve the average overlap and success rate on standard benchmarks while retaining some
computational footprint. NanoTrack v3 therefore represents a new generation of ultra-compact Siamese trackers that push
the accuracy of lightweight models closer to that of heavier networks.

ViTTrack is a lightweight Vision Transformer-based tracker. Unlike Siamese CNNs with separate branches,
ViTTrack jointly encodes the template and search region in a single transformer encoder and directly regresses the target
bounding box and a confidence score in one forward pass. ViTTrack aims to balance the favourable modelling capabilities
of transformers with strict constraints on model size, memory usage and latency on embedded devices.
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HiT is an efficient hierarchical transformer tracker. It uses a multi-stage architecture with a bridge mechanism
that injects high-level semantic information into shallow feature maps, as well as shared positional encodings for template
and search tokens. This design allows HiT to capture long-range dependencies while preserving high spatial resolution in
the final layers.

Formulation of the article's objectives

The objective of this research is to evaluate the robustness and performance of several lightweight single-object
trackers under correlated and uncorrelated image noise. The study aims to identify which tracker architectures are most
suitable for use in embedded vision systems running on Raspberry-Pi-class hardware, where both computational resources
and input video quality can be limited.

Presentation of the main material

Since the focus of this work is on robustness to noise rather than runtime benchmarking, all experiments are
carried out on a dual-socket Linux server equipped with two Intel Xeon E5-2680 v4 CPUs with 128GB RAM and 2TB
free storage to be able to process the full set of noise-augmented dataset.

In this study, we use the official validation split of GOT-10k. No retraining or fine-tuning of the trackers is
performed on this split. Each sequence contains a single target with dense ground-truth bounding boxes for all frames,
which enables the computation of success plots and related metrics.

In practical imaging pipelines, additive white Gaussian noise and salt-and-pepper noise arise from different
stages of acquisition and transmission. AWGN is widely used to model thermal, reset and read-out noise in CCD/CMOS
image sensors, as well as electronic interference due to high sensor temperature, poor illumination and analogue circuitry
imperfections in the camera front-end. Even when basic denoising or enhancement is applied, residual Gaussian-like
fluctuations often remain in the video stream, especially in low-light conditions or on low-power embedded platforms
that cannot afford heavy restoration.

Salt-and-pepper noise, in contrast, primarily reflects sparse, high-amplitude disturbances. It can be introduced
during analogue-to-digital conversion or digital transmission, where bit errors and buffer overruns produce isolated pixels
saturated to the minimum or maximum intensity. Dead or hot sensor pixels and occasional memory failures lead to similar
black-and-white outliers in individual frames. Such impulsive artefacts are typically handled by median or more
sophisticated edge-preserving filters, but in autonomous systems with strict latency and compute constraints they may go
undetected and directly affect downstream tracking. For this reason, many robustness studies model acquisition and
channel errors using AWGN and S&P, and we follow the same practice in this work.

In this work we focus on two classical synthetic noise models that are widely used to approximate sensor and
transmission artefacts in image and video processing: additive white Gaussian noise and salt-and-pepper noise.

Let S;(x,y, ¢) denote the clean RGB frame at time t, spatial position (x,y) and colour channel ¢ € {R, G, B},
and let I, (x, y, ¢) be the observed noisy frame. We model the observation as

I (x,y,¢) = Se(x,y,¢) + Ne(x,y, 0),

where N¢(x, y, ¢) is either Gaussian or impulse noise, depending on the experiment.

For AWGN, we use zero-mean Gaussian noise with variance ¢2. In the idealised i.i.d. case, noise samples are
drawn independently for every pixel, frame and channel,

N.(x,y,c)~N(0,02).

For salt-and-pepper noise we adopt the standard impulse model: each pixel is independently replaced by the
minimum or maximum intensity with probability p/2 each and remains unchanged with probability 1 — p. The parameters
o? (for AWGN) and p (for salt-and-pepper) control the noise intensity and vary from weak to strong distortion.

To analyse the impact of noise structure, we instantiate both noise types under two temporal regimes and two
channel-wise regimes, leading to four distinct noise configurations. In all cases the noise is spatially white (uncorrelated
across pixels within each channel); only temporal and inter-channel correlations are varied.

Temporal regimes:

1. Temporally uncorrelated: for each frame t we draw a new noise field, so N,(-,-,¢) and N,/(-, c) are
statistically independent for t # t'.

2. Temporally correlated (fixed-pattern): for each sequence we draw a single spatial noise realization per
channel and reuse it for all frames, N, (-, c) = N©(-,) for all t, which yields perfectly correlated noise along time.

Channel-wise regimes:

1. Channel-wise uncorrelated: the three-color channels are corrupted by independent implementations of the
same noise process, i.e. N;(-,, R), N;(+,-, G) and N, (-, B) are mutually independent.

2. Channel-wise correlated: a single noise field is shared across channels, so that for each frame t and spatial
position (x,y) we have

NtR(x'y) = NtG(xfy) = NtB(xfy)s

which simulates colour disturbances caused by the shared use of analogue circuits or the shared processing of
RGB components.

Combining these axes, we obtain four noise configurations used in our experiments:

1. Temporally and channel-wise uncorrelated noise (fully i.i.d.): new, independent noise is sampled for each

frame and each colour channel.

2. Temporally correlated, channel-wise uncorrelated noise (fixed pattern per channel): each channel has its own

fixed noise pattern that is reused for all frames in the sequence.
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3. Temporally uncorrelated, channel-wise correlated noise (shared pattern per frame): for each frame a single
noise field is drawn and applied identically to all three channels, but the field changes independently from frame
to frame.

4. Temporally and channel-wise correlated noise (shared fixed pattern): a single noise field is drawn and applied

identically to all channels and all frames of a sequence.

During implementation, all noise fields are generated using pseudo-random number generators, which are
deterministically initialized as a function of frame index and channel index, making each noise configuration fully
reproducible while maintaining a predictable correlation structure over time and across channels.

For quantitative performance comparison we adopt the standard overlap-based measures commonly used in
single-object tracking benchmarks such as GOT-10k. For each frame t we compute the Intersection-over-Union (IoU)

between the predicted bounding box RO, and the ground-truth box ROItgt:
_ |roI.nROI¥'|

~ |ROL, UROI#|
Based on IoU we define the success rate at a fixed IoU threshold T as
S(t) =z XL, 1[I0V, = 1,
where T is the number of frames in the sequence and 1[-] is the indicator function.
To obtain a single scalar accuracy measure that is less sensitive to a particular threshold, we consider the success

curve S(t), which shows the success rate as a function of the IoU threshold t € [0,1]. The main metric used in this paper
is the Area Under Curve (AUC):

1
AUC =f S(t)dr
0

In practice the integral is approximated numerically by evaluating S(t) on a discrete set of thresholds and
computing the corresponding area. This AUC metric is identical to the success-based overlap score (OS) used in prior
robustness studies on visual object tracking and serves as our primary indicator of tracking performance under different
noise types and noise-correlation regimes.

All trackers are evaluated in the standard single-object tracking setting:

1. the tracker is initialised in the first frame with the ground-truth bounding box;

2. for all subsequent frames it receives only the current image and its own previous state, without access to
ground truth;

3. tracking is run once per sequence for each experimental condition (noise type, channel-correlation regime
and noise intensity).

All experiments are managed using a configuration-driven workflow based on Hydra. Each experimental
setting—defined by:

e tracker (ECO, DaSiamRPN, NanoTrack v2, NanoTrack v3, ViTTrack, HiT),

e noise type (additive white Gaussian noise, salt-and-pepper noise),

o channel-correlation regime (channel-uncorrelated / channel-correlated),

® noise intensity level,
is encoded as a separate Hydra configuration. This allows us to systematically sweep over the grid of parameters and
guarantees reproducibility of all runs.

Tracking runs and evaluation results are logged with MLflow. For every configuration, MLflow stores:

o the experimental parameters (tracker, noise type, correlation regime, noise intensity);

o the aggregated metrics (AUC).

These logs are then used to generate the degradation curves presented in the results section, where we compare
how quickly different trackers lose accuracy as the noise intensity increases under different noise types and four
temporal/channel-wise noise-correlation regimes.

Channel-wise
nat carrelated

Channel-wise
correlated

Variance 0 Variance 25 Variance 64 | Variance 144 | Variance 256 | Variance 400 | Variance 625

Fig. 2. Example frames of GOT10k dataset with varying levels of White Gaussian Noise in channel-wise uncorrelated and correlated regimes
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Channel-wise
not correlated

Channel-wise
correlated

Intensity 0% Intensity 10% Intensity 20% Intensity 30% Intensity 40% Intensity 50%

Fig. 3. Example frames of GOT10k dataset with varying levels of Salt and Pepper noise in channel-wise uncorrelated and correlated regimes

Simulation results
Figures 4—7 show the curves of deterioration of the AUC index as a function of noise intensity for additive white
Gaussian noise and salt and pepper noise for four correlation modes: temporally correlated/uncorrelated across channels,
temporally correlated/correlated across channels, temporally uncorrelated/correlated across channels, and temporally
uncorrelated/uncorrelated across channels.

Comparison of trackers. GOT-10k dataset. Temporally correlated and channel wise not correlated. Comparison of trackers. GOT10k dataset. Temporary correlated and channel-wise not correlated noise.
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Comparison of trackers. GOT-10k dataset. Temporally correlated and channel wise correlated. Comparison of trackers. GOT10k dataset. Temporary correlated and channel-wise correlated noise.
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Fig. 6. Success curves for temporally not correlated and channel-wise not correlated AWGN and S&P noises
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Comparison of trackers. GOT-10k dataset. Temporally not correlated and channel wise correlated. Comparison of trackers. GOT10k dataset. Temporary not correlated and channel-wise correlated noise.
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Fig. 7. Success curves for temporally not correlated and channel-wise correlated AWGN and S&P noises

For all trackers and all experimental settings, the AUC curves decrease monotonically with increasing noise
levels, confirming the expected sensitivity of tracking accuracy based on overlap to image quality degradation. In the
noise-free or very low-noise regime, the ranking of trackers is essentially the same in all figures and for both noise types.
HiT, ViTTrack and NanoTrack v3 achieve the highest AUC values with very close scores on GOT-10k. NanoTrack v2
forms the second tier with slightly lower accuracy, while ECO and DaSiamRPN clearly lag behind. This is consistent
with the stronger backbones and heads used in HiT, ViTTrack and NanoTrack v3 compared to NanoTrack v2, and with
the older architectures of ECO and DaSiamRPN.

For AWGN, the degradation curves are relatively flat. Up to moderate variance, the AUC drop is negligible for
all trackers: they retain a significant portion of their performance on clean data even at the highest tested levels of Gaussian
noise. Therefore, the differences between trackers are mainly manifested in relative slopes rather than catastrophic
failures. HiT and NanoTrack v3 start with the highest AUC, but their curves decline faster than those of NanoTrack v2.
The AUC curves for ViTTrack are almost parallel to those for NanoTrack v2 and remain consistently higher for all
variations and for all four correlation modes. This indicates that ViTTrack provides a very stable compromise between
accuracy and reliability, improving on NanoTrack v2 without the gradual deterioration in quality seen in HiT and
NanoTrack v3. ECO and DaSiamRPN form the least reliable group. Under AWGN conditions, their AUC decreases faster
than that of NanoTrack and transformer-based trackers, and under high variance, they achieve the lowest accuracy among
all methods. This confirms that older correlation filters and early Siamese designs are more sensitive to AWGN noise.

For salt-and-pepper noise, the situation is more serious. The AUC curves are significantly steeper than for
AWAGN, indicating that impulse noise is much more destructive for all trackers. This affects ECO and DaSiamRPN the
most: their AUC drops to a small fraction of the value for clean data already at medium pulse density. NanoTrack v2,
NanoTrack v3, ViTTrack, and HiT are more resilient, but still suffer a noticeable loss of AUC when the S&P density
approaches 50%. As with AWGN, HiT and NanoTrack v3 start out better than NanoTrack v2 at low noise levels but
deteriorate more quickly; in all four correlation modes, NanoTrack v2 outperforms them at medium and high S&P
densities. ViTTrack again maintains the best AUC across the entire range of impulse noise levels, with curves that remain
above and approximately parallel to those of NanoTrack v2.

For AWGN, the temporally correlated modes (fixed noise pattern over time) typically result in a slightly higher
AUC than temporally uncorrelated modes with the same variance. When the same Gaussian model is retained across all
frames, part of the distortion is absorbed by the pattern during updates, and the tracker typically treats it as a stable
component of the appearance. This effect is most noticeable for ViTTrack, HiT, and NanoTrack v3, whose curves for
temporally correlated AWGN are systematically higher than those for temporally uncorrelated AWGN, both in the case
of channel correlation and in the absence of correlation.

For S&P noise, the impact of temporal and channel correlation is more ambiguous. In some settings, especially
at medium pulse density, temporally correlated S&P noise slightly worsens the AUC compared to the temporally
uncorrelated case, as persistent pulses contaminate the pattern and distort the trained model. In other settings, the
difference between correlated and uncorrelated modes is negligible; the dominant factor remains the overall pulse density
rather than their correlation model. Importantly, in all four correlation modes, the relative order of trackers remains almost
unchanged: ViTTrack and NanoTrack v2 consistently form the most reliable pair, HiT and NanoTrack v3 occupy an
intermediate position that combines the accuracy of clean data with reliability, and ECO and DaSiamRPN remain the
most noise-sensitive methods.

Conclusions

From an embedded-vision perspective, these results lead to a nuanced conclusion. If the expected noise level is
low, HiT or NanoTrack v3 may be attractive due to their slightly higher accuracy on clean sequences. If significant noise
is expected—for example, in low-light or high-ISO settings, or with noisy transmission channels—NanoTrack v2 and
especially ViTTrack become more useful, as they provide higher AUC at medium and high noise intensities across all
temporal and channel-wise correlation regimes.

Overall, the results show that there is no single “best” lightweight tracker for all noise levels. ViTTrack provides
the most stable ranking across the entire noise range, NanoTrack v2 is surprisingly competitive and often dominates at
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high noise, whereas HiT and NanoTrack v3 are strong in the clean/low-noise regime but less robust when noise becomes
severe. This highlights the importance of evaluating embedded-friendly trackers not only on clean benchmarks but also
across a range of noise intensities.

As future research directions, testing on additional datasets could help understand in which scenarios each
lightweight tracker fails first and whether it is possible to generalise the ranking observed on GOT-10k. In embedded
systems, noise is often combined with motion blur, low-light noise, colour distortions, compression artefacts, and packet
loss. In future work, it may be useful to evaluate trackers under conditions of combined degradation. Although all of the
trackers considered are fast enough for Raspberry Pi-class devices, we did not measure frame rate, latency, or power
consumption on the device. A promising direction is to combine reliability assessment with real-world hardware profiling.
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