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A B S T R A C T

Augmented Reality (AR) systems critically depend on accurate, temporally stable, and
computationally efficient object tracking to maintain geometric alignment and perceptual
coherence between virtual content and the physical world. As AR technologies transition from
controlled laboratory prototypes to large-scale deployment in industrial, medical, and
consumer scenarios, tracking must operate robustly in complex real-world environments
characterized by dynamic objects, occlusions, illumination changes, fast motion, and strict
computational constraints. Traditional geometry-driven tracking pipelines often degrade under
such conditions, motivating increased adoption of deep learning based approaches. This
survey provides a comprehensive review of deep learning based object tracking for AR in
complex real-world scenes, with particular emphasis on system-level considerations. Object
tracking is treated as a central perception primitive that underpins stable AR experiences and
interacts tightly with modules such as visual simultaneous localization and mapping, depth
and geometry estimation, and semantic scene understanding. In contrast to prior surveys that
emphasize algorithmic accuracy in isolation, we explicitly analyze AR-specific constraints
including real-time latency, temporal stability, energy efficiency, long-term robustness, and
deployment on mobile and wearable platforms. We review major tracking paradigms,
representative datasets and benchmarks, AR-centric evaluation criteria, and common failure
modes observed in practice, and we outline future research directions toward scalable, reliable,
and trustworthy AR tracking systems.

1. Introduction

Augmented Reality (AR) aims to seamlessly integrate
digital content into the physical world, enabling spatially
aligned perception and interaction across a wide range of
application domains such as industrial maintenance, medical
navigation, education, cultural heritage, and entertainment[1].
Unlike purely virtual environments, AR systems must
continuously sense and interpret the real world while
maintaining consistent geometric relationships between virtual
and physical entities. Within this pipeline, object tracking
serves as a central perception capability. Even small
inaccuracies may accumulate into visible drift, jitter, or
misalignment, ultimately degrading immersion and user trust.
Early AR systems relied on handcrafted features, fiducial
markers, and geometric optimization techniques, but these
assumptions break down in real-world environments
characterized by dynamic objects, occlusions, illumination

variation, and high-speed motion, compounded by strict
constraints on latency, power, and thermal dissipation on
mobile and head-mounted platforms[2]. Deep learning has
emerged as a transformative paradigm for improving
robustness under such conditions and has reshaped multiple
components of the AR perception stack, including detection,
tracking, localization, depth estimation, and semantic scene
understanding[3]. However, significant gaps remain between
academic benchmarks and practical deployment; conventional
datasets and evaluation protocols rarely capture AR-specific
requirements such as temporal stability, long-term consistency,
failure recovery, and resource efficiency. These challenges
motivate a system-oriented examination of deep learning
based object tracking for AR in realistic conditions.

The remainder of this survey is organized as follows.
Section 2 analyzes the complexity of real-world AR scenes
and discusses how environmental variability, interaction
dynamics, and system constraints fundamentally shape object
tracking requirements. Section 3 reviews major deep
learning– based object tracking paradigms from a system-
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oriented perspective, highlighting their respective strengths,
limitations, and suitability for AR deployment. Section 4
examines the coupling between object tracking, visual SLAM,
and depth estimation, emphasizing how inter-module
interactions influence overall system stability. Section 5
surveys representative datasets, benchmarks, and AR-centric
evaluation protocols, with a focus on their relevance to long-
term, real-time AR tracking. Section 6 discusses deployment
challenges and engineering considerations for practical AR
systems, followed by an analysis of common failure modes in
complex real-world scenarios in Section 7. Finally, Section 8
outlines future research directions toward scalable, reliable,
and trustworthy AR object tracking.

2.Complexity in real-world AR scenes and its implications
for object tracking

Object tracking in augmented reality operates under a set
of environmental and system conditions that fundamentally
differ from those assumed in conventional visual tracking
benchmarks. Rather than serving as background context, these
complexities directly determine the design requirements,
failure modes, and system-level behavior of AR tracking
pipelines. Understanding their implications is therefore
essential for interpreting the limitations of existing methods
and motivating the system-level perspectives discussed in
subsequent sections.

2.1.Real-world constraints for practical AR tracking

Real-world AR deployment introduces challenges that
extend far beyond those captured in conventional tracking
benchmarks. AR systems must operate across heterogeneous
environments with rapidly changing illumination, shadows,
reflections, and seasonal variations, all of which induce strong
appearance non-stationarity and can cause appearance model
collapse that directly manifests as misalignment or jitter of
virtual content[4]. In addition, AR scenes often contain
dynamic and non-rigid objects, articulated humans, and
deformable materials, while user interaction introduces
unpredictable occlusions and discontinuities that increase the
risk of drift and identity switches. These factors require
tracking methods that support re-identification, long-term
memory, and interaction-aware modeling to prevent persistent
misalignment after occlusion. Many AR applications further
demand long-term temporal consistency over minutes or hours.

Under such conditions, small frame-wise errors may
accumulate into perceptible drift, elevating temporal stability
from a secondary metric to a primary design objective. Finally,
AR platforms such as mobile phones and head-mounted
displays impose strict constraints on computation, memory,
and energy consumption, requiring tracking to coexist with
localization, perception, and rendering under real-time latency
and sustained operation[5]. These challenges highlight that
practical AR tracking must jointly satisfy accuracy, temporal
stability, and resource efficiency to maintain reliable user
experiences.

2.2.Summary: complexity as a design driver for AR tracking

Taken together, environmental variability, dynamic
interaction, long-term operation, and system constraints
fundamentally distinguish AR tracking from conventional
visual tracking. These factors motivate a shift from isolated
algorithmic optimization toward system-level tracking design,
where robustness, stability, and integration play a central role.
The following sections build upon this complexity analysis to
examine how deep learning–based tracking paradigms
address—or fail to address—these AR-specific requirements.

Table 1. AR scene complexity vs. tracking design requirements
AR Scene Complexity Impact on Tracking Required Capability
Illumination variability Appearance collapse Invariant features

Dynamic objects Identity switches Re-identification
Long-term operation Drift Temporal stability

Fast motion Blur Motion-aware tracking
Occlusion Target loss Recovery mechanisms

Resource limits Latency Lightweight models

3.Deep learning paradigms for object tracking in
augmented reality

Deep learning–based object tracking methods for
augmented reality can be broadly categorized according to
their modeling assumptions, temporal scope, and degree of
integration with the AR perception pipeline. From a system
perspective, these paradigms differ not only in tracking
accuracy but also in latency, temporal stability, recoverability
from failure, and suitability for deployment on resource-
constrained devices. Understanding these trade-offs is
essential for selecting and designing tracking solutions that
meet the stringent requirements of real-world AR systems.

Table 2. Deep learning–based object tracking paradigms for AR under system constraints
Tracking Paradigm Core Idea Strengths for AR Limitations Typical AR Scenarios

Discriminative (Siamese-based) Similarity learning Fast, low latency Drift under occlusion Mobile AR

Correlation Filter + DL Efficient filtering Real-time, low power
Weak long-term

robustness
Lightweight AR

Generative / Model-based Explicit geometry Accurate pose High computation Industrial / Medical AR
Detection-assisted Re-detection Long-term robustness Latency Navigation AR
Self-/Unsupervised Temporal consistency Adaptive Stability risk Personalized AR

Hybrid Geometric–Learning DL + geometry System stability Complexity Safety-critical AR

Continual and Lifelong Tracking
Online adaptation with
memory or regularization

Long-term robustness,
personalization

Catastrophic forgetting,
drift risk, compute

overhead

Persistent and
personalized AR
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3.1.Discriminative tracking frameworks

Discriminative tracking approaches formulate object
tracking as a classification or regression problem. Their
primary objective is to distinguish the target object from the
background in each frame. Siamese network based trackers
have become particularly influential within this paradigm, as
they learn a similarity function between a target template and
candidate regions, enabling efficient feed-forward inference
and strong generalization across object categories[6]. For AR
applications, discriminative trackers offer lightweight and
highly parallelizable inference pipelines suitable for real-time
deployment on mobile GPUs or neural processing units, and
the separation between offline training and online inference
aligns well with AR system design, where models are trained
in advance and repeatedly executed on-device. The template-
based formulation further allows rapid initialization when a
new object is selected by the user. However, these trackers
also exhibit limitations that become pronounced in AR
scenarios, since many are optimized for short-term tracking
and rely heavily on appearance similarity; in complex scenes
with prolonged occlusion, viewpoint change, or dynamic
distractors, they may gradually drift from the true target,
leading to virtual objects that slide or vibrate relative to the
physical world, which is highly perceptible to users. Recent
research has explored mechanisms to mitigate these effects,
including temporal attention modules that weigh historical
observations, memory-augmented architectures that maintain
dynamic target representations, and temporal consistency
losses that penalize abrupt state changes. Although these
techniques improve robustness and stability, they introduce
additional computational and memory overhead that must be
balanced against the real-time constraints of AR systems.

3.2.Correlation filter-enhanced and lightweight trackers

Correlation filter–based tracking has a long history in real-
time vision systems due to its computational efficiency. In
recent years, deep learning has been combined with
correlation filters to improve feature representation while
preserving fast inference. Deep correlation filter trackers
leverage learned convolutional features that are more robust to
illumination change and deformation than handcrafted
descriptors[7]. In AR contexts, correlation filter–enhanced
trackers are particularly attractive for low-power devices, such
as lightweight head-mounted displays or smartphones
operating under thermal constraints. Their frequency-domain
optimization enables high frame rates with limited
computational resources. However, their reliance on local
appearance models makes them vulnerable to long-term
occlusion and large appearance variation. Hybrid approaches
that integrate deep feature extraction with adaptive correlation
filters have been proposed to mitigate these limitations. By
periodically refreshing the target model using detection cues
or semantic priors, such trackers can maintain efficiency while
improving long-term robustness. Nevertheless, careful
system-level design is required to prevent overfitting and
model corruption during online updates.

3.3.Generative and model-based tracking paradigms

Generative tracking approaches aim to explicitly model the
appearance, geometry, or motion of the target object over time.
Unlike discriminative methods, which focus on separating the
target from the background, generative trackers seek to
reconstruct observations by fitting an internal object model[8].
Deep generative models, including variational autoencoders,
neural radiance fields, and implicit surface representations,
have enabled increasingly expressive object models. In AR
applications that require precise spatial alignment, such as
industrial assembly guidance or medical navigation,
generative tracking offers significant advantages. By
modeling object geometry explicitly, these methods support
accurate pose estimation and realistic occlusion reasoning.
Neural implicit representations, in particular, allow
continuous modeling of object shape across viewpoints,
reducing sensitivity to partial occlusion and sparse
observations[9]. Despite their strengths, generative approaches
pose significant challenges for real-time AR deployment.
High-fidelity object models are computationally expensive to
optimize and often require iterative refinement. Moreover,
generative trackers are sensitive to initialization quality; poor
initialization can lead to convergence to incorrect local
minima. To address these issues, recent work explores hybrid
strategies that activate generative modeling selectively, for
example during periods of occlusion or large viewpoint
change, while relying on faster discriminative tracking during
normal operation.

3.4.Detection-assisted and long-term tracking frameworks

Detection-assisted tracking frameworks combine object
detection with continuous tracking to improve robustness over
long durations. In these systems, a detector periodically re-
localizes the target, providing a mechanism for recovery after
tracking failure or extended occlusion. This paradigm is
particularly relevant for AR applications that involve long-
term interaction with the environment, such as navigation,
inspection, or collaborative tasks. From a system perspective,
detection-assisted tracking introduces trade-offs between
robustness and latency. Object detectors are typically more
computationally expensive than trackers and may not run at
full frame rate. As a result, many AR systems adopt
asynchronous designs, where detection operates at a lower
frequency while tracking maintains high-rate updates[10].
Coordinating these modules requires careful synchronization
to avoid inconsistencies that could destabilize AR alignment.
Hybrid approaches further integrate geometric constraints,
such as camera motion estimates from SLAM or depth
information from sensors, to constrain detection and tracking.
By leveraging multi-source information, these systems
achieve improved spatial consistency and resilience to
appearance ambiguity. However, increased system complexity
also raises challenges related to failure diagnosis and recovery.
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3.5.Self-supervised and unsupervised tracking methods

The acquisition of large-scale, densely annotated tracking
datasets suitable for AR is costly and often impractical. Self-
supervised and unsupervised tracking methods address this
challenge by exploiting inherent structure in video data.
Temporal coherence, motion consistency, and multi-view
geometry provide rich supervisory signals without requiring
manual annotation[11]. For AR systems that operate in diverse
and changing environments, self-supervised learning offers
the potential for on-device adaptation. Trackers can refine
their representations based on the specific objects and scenes
encountered by users, improving robustness to domain shift.
However, self-supervised methods also introduce risks of
instability, particularly when erroneous predictions are
reinforced during online learning. Recent work explores
mechanisms for stabilizing self-supervised tracking, including
confidence-based update rules and periodic re-initialization
using more reliable cues[12]. While promising, these
approaches remain an active area of research, especially in the
context of safety-critical AR applications.

3.6.Continual and lifelong tracking in AR systems

Augmented reality systems are often expected to operate
continuously over extended periods and across diverse
environments, tasks, and object instances. Unlike short-term
tracking scenarios, AR applications frequently involve
repeated exposure to changing illumination conditions,
evolving backgrounds, and user-specific interaction patterns.
Under such conditions, trackers trained purely in an offline
and static manner may gradually suffer from performance
degradation when confronted with domain shifts that were not
adequately represented during training. Continual and lifelong
tracking paradigms aim to address this limitation by enabling
tracking models to incrementally adapt to new observations
while preserving previously acquired knowledge.

From a system-level perspective, continual tracking is
particularly relevant to AR because long-term robustness and
personalization are central to user experience. As AR systems
are increasingly deployed on personal devices and head-
mounted platforms, they must accommodate variations in user
behavior, object appearance, and environmental context over
time. In principle, lifelong adaptation allows tracking models
to refine their internal representations based on deployment-
specific data, improving resilience to appearance variation and
reducing the need for frequent offline retraining. Such
capabilities are especially valuable for persistent AR scenarios,
where virtual content must remain stably anchored to physical
objects across prolonged usage sessions.

However, continual learning also introduces challenges that
are more pronounced in AR tracking than in many other
vision tasks. Unconstrained online adaptation can lead to
catastrophic forgetting, where previously learned
representations are overwritten, or to gradual model
contamination caused by occlusions, distractors, or inaccurate
predictions. In AR systems, these effects are particularly
problematic because even small degradations in tracking
stability may accumulate into visible drift or jitter of virtual
content, directly undermining spatial coherence and user trust.

As a result, adaptability alone is insufficient; AR tracking
systems must prioritize stability, predictability, and bounded
model updates.

To mitigate these risks, recent approaches explore
mechanisms such as memory replay, regularization-based
constraints, and modular architectures that isolate long-term
knowledge from short-term adaptation. Confidence-aware
update strategies have also been proposed to restrict online
learning to high-reliability observations, thereby reducing the
likelihood of reinforcing erroneous states. Despite these
efforts, the integration of continual learning into real-time AR
tracking pipelines remains limited, largely due to concerns
regarding computational overhead, system complexity, and
failure diagnosability. Balancing adaptability and stability
therefore remains a central open challenge for lifelong AR
tracking systems and an important direction for future
research[13].

3.7.Hybrid geometric–learning tracking paradigms

Hybrid geometric–learning tracking paradigms combine
explicit geometric constraints with data-driven representations
to leverage the complementary strengths of model-based and
learning-based approaches. In these methods, geometric priors
such as camera motion models, multi-view consistency, or
depth constraints are integrated with deep feature
representations to guide object localization and temporal
association. This hybrid design is particularly relevant to AR
systems, where geometric consistency and spatial alignment
are essential for maintaining stable registration between
virtual and physical content.

From a system perspective, hybrid approaches offer several
advantages for AR tracking. By incorporating geometric
constraints, these methods can improve robustness under
partial occlusion, viewpoint changes, and rapid camera motion,
while learned representations provide flexibility in handling
appearance variation. Such combinations are well suited to
AR scenarios that involve close coupling between object
tracking, camera pose estimation, and scene geometry,
including persistent object anchoring and interaction-aware
rendering.

Despite these benefits, hybrid geometric–learning trackers
also introduce additional complexity. They often rely on
accurate geometric inputs, such as depth estimates or camera
pose, making performance sensitive to upstream module
errors. Moreover, the integration of geometric reasoning may
increase computational overhead and complicate system
design, particularly for resource-constrained AR devices.
Balancing geometric consistency, learning flexibility, and
real-time performance therefore remains a key challenge for
hybrid tracking paradigms in practical AR deployments.

3.8.Comparative analysis under AR system constraints

From an AR system perspective, no single tracking
paradigm is universally optimal. Discriminative trackers offer
speed and simplicity, generative trackers provide geometric
precision, detection-assisted frameworks support long-term
robustness, and self-supervised methods enable adaptability[14].
Effective AR systems increasingly adopt hybrid designs that
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dynamically combine multiple paradigms based on context,
available resources, and task requirements. This paradigm-
level understanding underscores the importance of evaluation
that accounts for cross-module interactions and deployment
constraints in AR pipelines. Rather than selecting tracking
methods solely based on benchmark accuracy, AR designers
must consider latency, stability, recoverability, and integration
complexity. These considerations ultimately determine the
quality and reliability of AR experiences in complex real-
world scenes.

4.System-level coupling between object tracking, SLAM,
and depth estimation in AR

In augmented reality systems, object tracking, camera
localization, and scene geometry estimation form a tightly
coupled perception loop. Unlike modular computer vision
pipelines where individual components can be optimized
independently, AR systems exhibit strong interdependencies
among tracking, visual SLAM, and depth estimation. The
overall stability and perceptual quality of an AR experience
emerge from the joint behavior of these components rather
than from the performance of any single module in isolation.
Understanding this system-level coupling is therefore
essential for designing robust AR tracking solutions in
complex real-world scenes.

4.1.Object tracking as a perception backbone in AR pipelines

In practical AR systems, object tracking serves as a central
perception primitive that bridges low-level visual sensing and
high-level interaction logic. Tracked objects provide spatial
anchors for virtual content, enable persistent interaction, and
support semantic reasoning[15]. As a result, tracking errors
propagate directly to rendering and interaction layers, making
them immediately visible to users. Unlike generic tracking
applications, AR tracking must satisfy stringent temporal
consistency requirements. Even when frame-wise tracking
accuracy remains acceptable, small temporal fluctuations can
produce noticeable jitter in rendered virtual objects. This
sensitivity places additional constraints on the design of
tracking algorithms and necessitates close integration with
other perception modules that can provide stabilizing signals.

Table 3. Coupling between tracking, SLAM, and depth
Component Depends On Failure Propagation

Object Tracking SLAM, Depth Drift
Visual SLAM Tracking landmarks Pose error

Depth Estimation Pose Occlusion error
Rendering All modules Visual instability
Interaction Stable tracking Trust loss

4.2.Interaction between object tracking and visual SLAM

Visual simultaneous localization and mapping (SLAM)
estimates the camera’s pose relative to a global or local map
of the environment. In AR systems, SLAM provides the
coordinate frame in which virtual objects are rendered and
updated over time. Object tracking and SLAM therefore
operate in a bidirectional relationship.

4.2.1.How tracking supports SLAM

Deep learning based object trackers can improve SLAM
robustness in several ways. First, tracked objects, especially
rigid and static ones, can serve as reliable landmarks that
complement traditional point features. Second, tracking can
identify dynamic objects, enabling SLAM systems to exclude
moving regions from map optimization, which is particularly
important in complex scenes with pedestrians, vehicles, or
articulated machinery. Recent AR systems increasingly
incorporate object-level information into SLAM pipelines,
allowing for object-aware mapping and localization. By
integrating tracking outputs, SLAM systems can achieve
improved robustness in environments where traditional
feature-based methods struggle, such as texture-poor or
repetitive scenes[16].

4.2.2.How SLAM stabilizes tracking

Conversely, SLAM plays a critical role in stabilizing object
tracking. By providing a consistent world coordinate frame,
SLAM reduces the accumulation of drift that arises when
tracking is performed purely in the camera frame. This global
context enables tracking systems to maintain long-term spatial
consistency, which is essential for persistent AR content[17].
However, when SLAM fails due to motion blur, rapid camera
movement, or insufficient visual features, tracking outputs
may remain locally accurate but become globally inconsistent.
In AR, such failures manifest as sudden jumps or gradual drift
of virtual objects relative to the physical environment. These
effects highlight the importance of designing tracking systems
that can gracefully handle SLAM uncertainty or
degradation[18].

4.3.Depth estimation and its role in AR tracking

Depth estimation provides essential geometric information
for AR systems, supporting occlusion handling, spatial
reasoning, and physical interaction. Modern AR platforms
often rely on a combination of monocular depth prediction,
stereo vision, and active depth sensors. Deep learning-based
depth estimation has significantly improved performance in
challenging environments where traditional geometry-based
methods fail. Depth information can enhance object tracking
in multiple ways[19]. By providing scale and spatial constraints,
depth cues help disambiguate appearance-based matches and
improve robustness to occlusion. For example, depth-aware
trackers can distinguish between overlapping objects at
different distances, reducing identity switches in crowded
scenes. In AR, depth-assisted tracking is particularly valuable
for maintaining correct spatial ordering between virtual and
physical objects. Accurate depth enables realistic occlusion
effects, which are critical for visual plausibility and user
immersion[20]. Despite its benefits, depth estimation introduces
its own sources of error. Inaccurate or noisy depth predictions
can mislead tracking algorithms, especially those that rely on
geometric constraints. Incorrect depth values may result in
faulty occlusion boundaries, causing appearance changes that
confuse trackers and degrade stability. These interactions
illustrate that depth estimation and tracking cannot be treated
as independent components. Instead, AR systems must



Applied Artificial Intelligence Research6

explicitly account for depth uncertainty and design
mechanisms to mitigate error propagation across modules[21].

4.4.Coupled failure modes in tracking-SLAM-depth systems

One of the defining characteristics of AR perception
systems is the presence of coupled failure modes. Errors in
one module often trigger cascading failures in others, leading
to system-level breakdowns that are difficult to diagnose and
recover from. For instance, prolonged occlusion of a tracked
object may cause the tracker to drift or lose the target. This
drift can corrupt object-level landmarks used by SLAM,
resulting in degraded camera pose estimates. In turn,
inaccurate camera poses affect depth estimation and rendering,
further destabilizing tracking[22]. Such cascades highlight the
need for holistic system design rather than isolated algorithm
optimization.

4.5.Joint optimization and learning-based coupling

To address these challenges, recent research explores joint
optimization and learning-based coupling of tracking, SLAM,
and depth estimation. End-to-end learning frameworks aim to
optimize multiple perception tasks simultaneously, leveraging
shared representations and mutual constraints[23]. While joint
learning offers potential benefits in terms of consistency and
robustness, it also introduces new challenges. End-to-end
models are often computationally expensive and difficult to
debug. Moreover, failures in one task may be harder to isolate
and correct when tasks are tightly coupled within a single
network. Hybrid approaches that combine learned components
with explicit geometric reasoning have therefore gained
popularity[24]. By retaining interpretable geometric structures
while incorporating data-driven representations, such systems
aim to balance robustness, efficiency, and transparency.

4.6.Implications for AR system design

The tight coupling between object tracking, SLAM, and
depth estimation has several important implications for AR
system design. First, evaluation of tracking algorithms must
consider their interaction with other modules rather than
relying solely on standalone benchmarks. Second, system-
level metrics such as perceptual stability and failure recovery
time are often more informative than frame-wise accuracy.
Finally, AR systems must incorporate mechanisms for
uncertainty estimation and failure detection across modules[25].
By explicitly modeling confidence and reliability, systems can
adapt behavior, trigger recovery strategies, or gracefully
degrade functionality when perception quality deteriorates.

5.Datasets, benchmarks, and AR-centric evaluation
protocols

The progress of deep learning–based object tracking for
augmented reality is tightly coupled with the availability of
representative datasets and appropriate evaluation
methodologies. While the broader computer vision
community has developed a rich ecosystem of tracking

benchmarks, many of these resources fail to reflect the unique
requirements and constraints of AR systems. As a result, there
exists a growing gap between benchmark performance and
real-world AR deployment. This section critically reviews
existing datasets and benchmarks from an AR-centric
perspective and discusses evaluation protocols that better
capture system-level behavior.

5.1.Characteristics of AR-oriented tracking data

AR-oriented tracking data differs fundamentally from
generic tracking datasets in several aspects[26]. First, AR
scenarios emphasize temporal continuity and long-term
consistency. Many AR applications require tracking objects
continuously over extended periods, often spanning minutes
or hours, whereas most tracking benchmarks focus on short
video clips lasting only a few seconds. Second, AR data
frequently involves strong coupling between camera motion
and object motion. In handheld or head-mounted AR systems,
rapid and irregular camera movement is common, introducing
motion blur, rolling shutter artifacts, and abrupt viewpoint
changes. These factors significantly complicate tracking but
are underrepresented in conventional datasets. Third, AR
environments are inherently interactive. Users may occlude
objects with their hands, manipulate tracked items, or move
around them freely. Such interactions introduce non-rigid
motion, partial visibility, and complex appearance changes
that challenge both appearance-based and geometry-based
tracking methods. Finally, AR platforms often rely on
multimodal sensing. In addition to RGB images, AR devices
may provide depth measurements, inertial data, or spatial
mapping outputs[27]. Datasets that capture only monocular
RGB data fail to reflect the multimodal nature of real AR
systems.

5.2.Limitations of existing tracking benchmarks

Most widely used object tracking benchmarks were
developed with general computer vision research in mind
rather than AR deployment. These benchmarks typically
emphasize frame-wise localization accuracy or overlap-based
metrics on short sequences. While such metrics are useful for
comparing algorithmic performance, they overlook critical
AR-specific factors. One major limitation is the lack of
temporal stability evaluation[28]. In AR, small frame-to-frame
fluctuations can lead to perceptible jitter in rendered virtual
objects, even when average localization accuracy remains
high. Standard benchmarks rarely quantify such temporal
artifacts. Another limitation is the absence of system-level
constraints. Benchmarks usually ignore latency,
computational cost, and energy consumption, yet these factors
are decisive for AR systems running on mobile or wearable
devices. A tracker that achieves high accuracy but introduces
excessive delay may be unsuitable for AR despite strong
benchmark results. Furthermore, many benchmarks assume a
clear separation between foreground objects and background.
In real AR scenes, cluttered environments and dynamic
distractors are common, increasing the risk of identity
switches and long-term drift[29]. These challenges are
insufficiently represented in existing datasets.
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Table 4. Generic vs. AR-centric evaluation
Aspect Generic Tracking AR-Centric
Accuracy Overlap Spatial alignment

Temporal behavior Ignored Jitter & smoothness
Failure handling Not measured Recovery time

Latency Ignored Critical
Energy Ignored Essential

User perception Ignored Key metric

5.3.Emerging AR-specific datasets

Recognizing these gaps, recent efforts have begun to
develop datasets tailored to AR applications. These datasets
often integrate RGB images with depth measurements, inertial
data, and precise camera pose ground truth. Such multimodal

annotations enable evaluation of tracking performance in
conjunction with localization and mapping accuracy[30]. Some
AR-oriented datasets focus on object-level interaction,
capturing sequences where users manipulate physical objects
while virtual content is overlaid. Others emphasize large-scale
environments, such as indoor navigation or industrial settings,
where long-term consistency and re-localization are critical.
Despite these advances, AR-specific datasets remain limited
in scale and diversity compared to mainstream tracking
benchmarks. Many datasets are collected in controlled
environments or involve a narrow range of object
categories[31]. Expanding dataset diversity and realism remains
an open challenge.

Table 5. Comparison of representative datasets for AR-oriented object tracking

Dataset Duration Modalities Annotation AR
Relevance Strengths Limitations

GOT-10k Short-term RGB BBox Low Large-scale, diverse
objects

No AR interaction, short
sequences

LaSOT Long-term RGB BBox Medium Long sequences, drift
analysis Limited AR context

VOT Short-term RGB BBox +
Attributes Medium Standardized evaluation Not AR-specific

RGB-D Scenes Medium-
term RGB-D BBox + Depth High Depth-aware occlusion

reasoning Limited scale

AR Interaction Datasets Long-term RGB-D +
Pose Object Pose High Supports spatial alignment Narrow object categories

Localization & Mapping
Benchmarks Long-term RGB-D +

IMU Pose + Map High Persistent AR scenarios Weak object-level labels

A comparison across existing datasets reveals that no
single benchmark fully captures the requirements of real-
world AR tracking. Short-term RGB tracking datasets are
suitable for evaluating frame-wise accuracy but fail to reflect
long-term stability and interaction dynamics. RGB-D and AR-
oriented datasets better support occlusion reasoning and
spatial alignment, yet they are often limited in scale or object
diversity. Benchmarks developed for localization and
mapping provide valuable context for persistent AR scenarios,
but typically lack fine-grained object-level annotations. These
trade-offs highlight the importance of selecting datasets based
on application requirements rather than benchmark popularity.

5.4.Evaluation metrics beyond accuracy

For AR applications, evaluating object tracking requires
metrics that extend beyond traditional accuracy measures.
Temporal stability is a primary concern. Metrics that quantify
jitter, smoothness, and trajectory consistency are more
indicative of user-perceived quality than frame-wise
localization error alone. Failure recovery is another critical
aspect. In AR, transient tracking failures may be tolerable if
recovery is fast and visually smooth. Conversely, prolonged
failures or abrupt re-initialization can severely disrupt the user
experience. Evaluation protocols should therefore measure
recovery time and post-failure stability. Latency and
responsiveness are equally important[32]. Even accurate
tracking may be unusable if delays exceed perceptual
thresholds. AR-centric evaluation should include end-to-end
latency measurements that account for sensing, inference, and
rendering delays. Finally, energy efficiency is increasingly
relevant as AR devices become more compact and wearable.

Benchmarks that incorporate power consumption or thermal
behavior provide valuable insights for real-world deployment.

5.5.System-level evaluation in AR pipelines

Evaluating tracking algorithms in isolation provides limited
insight into their behavior within full AR pipelines. System-
level evaluation considers how tracking interacts with SLAM,
depth estimation, and rendering. For example, a tracker that
produces smooth but slightly biased estimates may be
preferable to one that is more accurate but unstable,
depending on how errors propagate through the system. User
studies also play an important role in AR evaluation.
Objective metrics do not always correlate perfectly with
subjective perception[33]. Controlled user experiments can
reveal subtle issues related to comfort, immersion, and trust
that are difficult to capture quantitatively.

5.6.Toward standardized AR evaluation protocols

The lack of standardized AR-centric evaluation protocols
remains a major obstacle for progress in the field. Developing
shared benchmarks that capture long-term operation,
multimodal sensing, and system-level constraints would
facilitate more meaningful comparisons between methods.
Future benchmarks should consider continuous evaluation
over extended durations, realistic interaction scenarios, and
deployment on representative hardware platforms[34]. By
aligning evaluation more closely with real-world AR
requirements, the community can better assess the practical
impact of tracking innovations.
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6.Deployment challenges and engineering considerations
for AR object tracking

While deep learning–based object tracking methods have
demonstrated impressive performance in controlled
benchmarks, deploying these models in real-world AR
systems introduces a distinct set of engineering challenges.
AR platforms operate under strict constraints on latency,
power consumption, memory, and reliability, particularly on
mobile phones and head-mounted displays. This section
discusses the key deployment considerations that shape the
design and practical adoption of deep tracking solutions in AR.

6.1.Real-time constraints and end-to-end latency

Real-time performance is a non-negotiable requirement for
AR object tracking[35]. To maintain perceptual coherence, AR
systems typically require update rates of 30–60 frames per
second, with end-to-end latency kept below perceptual
thresholds. Tracking algorithms must therefore process
incoming sensor data, produce stable object estimates, and
deliver results to the rendering pipeline with minimal delay.
Deep learning models introduce latency at multiple stages,
including feature extraction, network inference, and post-
processing. While many state-of-the-art trackers achieve high
accuracy, their computational complexity can be prohibitive
for real-time deployment on embedded hardware. As a result,
AR systems often favor models with simpler architectures or
reduced resolution inputs, even at the cost of some
accuracy[36]. Pipeline-level optimization is equally important.
Asynchronous processing, pipelining, and parallel execution
across CPU, GPU, and neural accelerators can significantly
reduce perceived latency. However, these optimizations
increase system complexity and require careful coordination
to avoid race conditions and inconsistent state updates.

6.2.Model Compression and Hardware-Aware Design

Model compression techniques play a central role in
adapting deep trackers for AR deployment. Pruning removes
redundant parameters, quantization reduces numerical
precision, and knowledge distillation transfers knowledge
from larger models to compact ones. These techniques can
substantially reduce memory footprint and inference time
while preserving acceptable performance. Beyond generic
compression, hardware-aware neural architecture design has
gained increasing attention. By tailoring network structures to
the characteristics of mobile GPUs, neural processing units, or
specialized accelerators, designers can achieve favorable
trade-offs between accuracy and efficiency[37]. In AR systems,
where thermal constraints may throttle sustained performance,
hardware-aware optimization is often critical for maintaining
long-term stability.

6.3.Energy consumption and thermal constraints

Energy efficiency is particularly important for wearable
AR devices, which rely on limited battery capacity and must
manage heat dissipation to ensure user comfort. Continuous
object tracking places sustained load on processing units,

potentially leading to thermal throttling that degrades
performance over time. To address these challenges, AR
systems often adopt adaptive strategies that adjust tracking
fidelity based on context[38]. For example, high-resolution
tracking may be activated only when precise alignment is
required, while lower-cost tracking suffices during less critical
periods. Such adaptive approaches require mechanisms for
monitoring system state and dynamically balancing
performance and energy consumption.

6.4.Robustness, reliability, and failure detection

In many AR applications, particularly in industrial or
medical contexts, tracking failures can have serious
consequences. Ensuring reliability therefore extends beyond
average accuracy to include robust handling of edge cases and
unexpected conditions. Failure detection mechanisms aim to
identify when tracking confidence degrades below acceptable
levels. Confidence-aware tracking approaches estimate
uncertainty alongside object state, enabling the system to
trigger recovery strategies or warn users when alignment
quality deteriorates[39]. Despite their importance, uncertainty
estimation and failure detection remain underexplored in the
tracking literature. Redundancy is another strategy for
improving reliability. Combining multiple tracking cues, such
as appearance, motion, depth, and semantic information, can
reduce the likelihood of catastrophic failure. However,
redundancy increases computational load and system
complexity, highlighting the need for careful engineering
trade-offs.

6.5.Integration with AR software frameworks

Deploying tracking algorithms in AR systems requires
integration with broader software frameworks that manage
sensing, rendering, interaction, and networking. Popular AR
platforms provide abstractions for camera access, spatial
mapping, and rendering, but integrating custom deep learning
models often requires bridging between different execution
environments[40]. Efficient integration involves managing data
transfer between sensors and inference engines, synchronizing
tracking outputs with rendering updates, and handling
variability in sensor quality and availability. Poor integration
can negate algorithmic advances by introducing additional
latency or instability.

6.6.Scalability and maintainability in deployed systems

As AR applications scale to larger user bases and more
diverse environments, maintainability becomes a critical
concern. Tracking models may require periodic updates to
address new object categories, environments, or failure modes.
Deploying updates to large numbers of devices raises
challenges related to version compatibility, testing, and
rollback. On-device learning and federated approaches offer
potential solutions by enabling models to adapt locally while
sharing improvements across devices without centralizing raw
data. However, these approaches introduce additional
complexity and require robust safeguards to prevent model
degradation[41].
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6.7.Ethical, privacy, and safety considerations

Continuous visual sensing inherent to AR raises ethical and
privacy concerns. Object tracking systems may capture
sensitive information about users and their surroundings.
Designing privacy-aware tracking solutions involves
minimizing data retention, performing inference on-device,
and providing transparency and control to users. Safety
considerations also extend to how tracking errors are
communicated. In safety-critical applications, AR systems
must avoid overconfidence and provide clear indications of
uncertainty[42]. Addressing these concerns is essential for
building trustworthy AR technologies.

7.Failure modes in deep learning–based object tracking
for complex AR scenes

Despite substantial progress in deep learning-based object
tracking, failures remain inevitable in complex real-world AR
scenarios. Unlike offline vision tasks, tracking failures in AR
have immediate and visible consequences, directly affecting
spatial alignment, interaction fidelity, and user trust.
Importantly, many failures observed in deployed AR systems
do not stem from catastrophic algorithmic breakdowns but
from subtle degradations that accumulate over time or
propagate across system components. This section analyzes
common failure modes of deep tracking in AR from a system-
level perspective, emphasizing their causes, manifestations,
and implications.

Table 6. Failure modes and system-level consequences
Failure Mode Root Cause Tracking Effect AR Impact
Illumination

shock Lighting change Tracking loss Virtual jump

Long-term
occlusion Invisibility ID error Wrong binding

Drift
accumulation

Model
contamination Misalignment Persistent

instability
Dynamic
distractors Similar objects ID switch Interaction

failure

Fast motion Camera shake Feature loss SLAM
cascade

Depth
inconsistency Noisy geometry Occlusion error Visual artifacts

7.1.Illumination shock and appearance collapse

Sudden illumination changes represent one of the most
frequent failure triggers in AR tracking[43]. Transitions
between indoor and outdoor environments, changes in
artificial lighting, or strong shadows can drastically alter
object appearance within a few frames. Although deep
trackers are generally more robust than handcrafted-feature-
based methods, they remain sensitive to appearance
distributions encountered during training. In AR, illumination-
induced failures often manifest as abrupt tracking loss or rapid
drift. Because virtual content is anchored to tracked objects,
such failures produce noticeable jumps or sliding artifacts that
break immersion. Unlike short-term tracking benchmarks,
where temporary failure may be acceptable, AR systems
require rapid recovery without perceptible disruption. This
requirement highlights the need for illumination-aware

representations and adaptive mechanisms that detect and
compensate for appearance collapse.

7.2.Long-term occlusion and re-identification errors

Occlusion is an inherent aspect of interactive AR
environments. Users frequently occlude objects with their
hands, other objects, or their own bodies. While short-term
occlusions can often be handled by temporal smoothing or
motion extrapolation, long-term occlusions pose significant
challenges[44]. When a tracked object disappears for extended
periods, trackers must rely on re-identification mechanisms
upon reappearance. Failures in re-identification can lead to
identity switches or incorrect association with similar objects
in the scene. In AR, such errors are particularly disruptive, as
virtual content may reattach to the wrong physical object,
undermining user trust and potentially causing safety issues in
industrial contexts. Detection-assisted and memory-based
trackers partially address this problem, but they introduce
trade-offs between robustness and latency. Moreover, re-
identification remains challenging in cluttered scenes with
multiple visually similar objects, underscoring the need for
stronger semantic and geometric priors.

7.3.Drift accumulation and temporal instability

Drift accumulation is a subtle yet pervasive failure mode in
AR tracking. Even when frame-wise accuracy remains high,
small systematic errors can accumulate over time, leading to
gradual misalignment. This phenomenon is often exacerbated
by appearance model updates that inadvertently incorporate
background features or occluders[45]. In AR applications, drift
manifests as virtual objects slowly sliding away from their
intended positions or exhibiting low-frequency jitter. Such
artifacts may not be captured by conventional accuracy
metrics but are immediately noticeable to users. Temporal
instability is therefore a critical consideration that motivates
the use of explicit temporal consistency constraints and
stabilization mechanisms.

7.4.Dynamic distractors and identity confusion

Complex AR scenes often contain multiple objects with
similar appearance, size, or motion patterns. Discriminative
trackers that rely primarily on appearance similarity may
confuse targets with distractors, leading to identity switches.
These errors are especially problematic in crowded
environments or collaborative AR scenarios. Identity
confusion not only disrupts interaction but can also propagate
to other system components[46]. For example, incorrect
tracking may corrupt object-level landmarks used by SLAM,
further destabilizing camera localization and rendering.
Addressing this failure mode requires integrating additional
cues, such as depth, motion history, and semantic context, to
disambiguate targets.

7.5.Fast motion, motion blur, and camera dynamics

Handheld and head-mounted AR systems frequently
experience rapid and irregular camera motion. Fast motion
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introduces motion blur, rolling shutter artifacts, and large
inter-frame displacement, reducing feature reliability and
challenging both discriminative and generative trackers.
Tracking failures under fast motion often coincide with
SLAM degradation, creating coupled failure cascades. In such
scenarios, recovery is particularly difficult because both
object-centric and camera-centric references are
compromised[47]. Designing trackers that explicitly model
motion uncertainty and leverage inertial cues remains an
important research direction.

7.6.Depth and geometry-induced failures

Depth estimation errors represent another source of
tracking instability in AR systems. Inaccurate depth
predictions can distort occlusion boundaries, causing sudden
appearance changes that confuse trackers. Errors in geometry
estimation may also lead to incorrect scale or pose estimates,
further degrading alignment. Because depth and tracking are
tightly coupled in AR pipelines, failures in one module can
amplify errors in the other[48]. Robust AR systems must
therefore account for depth uncertainty and avoid over-
reliance on potentially noisy geometric cues.

7.7.System-level failure propagation

A defining characteristic of AR tracking failures is their
tendency to propagate across system components. A local
tracking error can corrupt SLAM landmarks, degrade camera
pose estimates, and destabilize rendering. Conversely, SLAM
failures can invalidate the spatial context required for stable
tracking. This interdependence highlights the limitations of
evaluating tracking algorithms in isolation. System-level
resilience requires coordinated failure detection, uncertainty
estimation, and recovery strategies across modules[49].
Designing such mechanisms remains an open challenge.

7.8.Mitigation strategies and design implications

Mitigating tracking failures in AR requires a combination
of algorithmic and system-level approaches. Confidence-
aware tracking enables systems to detect degradation and
trigger recovery mechanisms before failures become
perceptible. Redundant sensing and multi-cue integration
improve robustness but increase complexity and resource
consumption. From a design perspective, AR systems must
balance aggressiveness and conservatism[50]. Overly
aggressive adaptation may destabilize tracking, while
excessive smoothing can introduce lag and reduce
responsiveness. Achieving this balance is central to reliable
AR deployment.

8.Future research directions toward trustworthy and
scalable AR object tracking

While deep learning has significantly advanced object
tracking for augmented reality, current solutions remain far
from meeting the robustness, scalability, and trustworthiness
required for large-scale real-world deployment. Future

research must therefore move beyond incremental accuracy
improvements and address fundamental system-level
challenges. This section outlines key research directions that
are likely to shape the next generation of AR object tracking
systems, with an emphasis on practicality, reliability, and
long-term operation.

8.1.Foundation models adapted for AR tracking

Large-scale foundation models have demonstrated
remarkable generalization capabilities across a wide range of
vision tasks. Their success raises natural questions about their
applicability to AR object tracking. In principle, foundation
models trained on diverse visual data could offer improved
robustness to appearance variation, occlusion, and domain
shift. However, directly deploying such models in AR systems
remains challenging. Foundation models are typically
computationally intensive and optimized for offline or server-
side inference, conflicting with the real-time and energy
constraints of mobile and wearable AR platforms. Moreover,
most foundation models lack explicit mechanisms for
enforcing temporal stability, which is critical for AR
alignment. Future research should explore task-adapted
foundation models for AR tracking. This includes model
distillation techniques that transfer knowledge from large
models to lightweight, AR-specific architectures, as well as
hybrid designs that combine foundation-level representations
with task-specific temporal and geometric constraints.
Achieving this balance is essential for leveraging the strengths
of foundation models without violating system constraints.

8.2.Lifelong and continual learning under stability constraints

AR systems are expected to operate continuously across
diverse environments, objects, and usage scenarios. Lifelong
learning offers the potential for trackers to adapt over time,
improving robustness and personalization. However,
unconstrained continual adaptation poses significant risks in
AR contexts, where instability can lead to unpredictable
behavior and degraded user experience. A central challenge
lies in balancing plasticity and stability. Trackers must adapt
to new conditions without forgetting previously learned
knowledge or destabilizing established tracking behavior.
Research into regularization-based continual learning,
modular architectures, and memory replay strategies offers
promising directions, but their integration into real-time AR
systems remains limited. Future work should focus on
developing continual learning mechanisms explicitly designed
for AR, incorporating confidence estimation, bounded updates,
and rollback strategies. Such mechanisms would allow
systems to benefit from adaptation while maintaining
predictable and trustworthy behavior.

8.3.Physics- and interaction-aware tracking

Most current deep trackers rely primarily on appearance
cues, with limited incorporation of physical constraints. In AR,
however, objects often interact with users and the
environment in physically meaningful ways. Incorporating
physics-based reasoning into tracking can improve robustness
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under occlusion, contact, and deformation. Physics-aware
tracking models can leverage constraints such as rigidity,
kinematics, and contact dynamics to reduce ambiguity and
prevent implausible motion estimates. Learning such
constraints from data, or integrating them explicitly into
tracking pipelines, represents an important research direction.
Interaction-aware tracking further enables more natural AR
experiences by anticipating and responding to user actions.

8.4.Multimodal and cross-sensor fusion at scale

Future AR systems will increasingly rely on heterogeneous
sensors, including RGB cameras, depth sensors, inertial
measurement units, and potentially audio or haptic inputs.
Effectively fusing these modalities can significantly enhance
tracking robustness, particularly in challenging conditions
where individual sensors degrade. While multimodal fusion
has been explored in controlled settings, scaling such
approaches to real-world AR deployment remains challenging.
Sensor synchronization, calibration drift, and variable data
quality complicate fusion. Research into adaptive, confidence-
aware fusion strategies that dynamically weight sensor
contributions based on reliability is a promising direction.

8.5.Uncertainty-aware and failure-resilient tracking

Trustworthy AR systems must not only perform well on
average but also handle failures gracefully. Uncertainty-aware
tracking explicitly models confidence alongside object state
estimates, enabling systems to reason about reliability and
trigger appropriate responses when uncertainty increases.
Future research should integrate uncertainty estimation more
deeply into tracking pipelines and system-level decision
making. This includes designing trackers that output
calibrated uncertainty measures and developing policies that
adapt rendering, interaction, or user feedback based on
confidence levels. Such approaches are essential for safety-
critical AR applications.

8.6.Human-in-the-loop optimization and feedback

Humans are an integral part of AR systems, yet most
tracking research treats users as passive observers.
Incorporating lightweight human-in-the-loop mechanisms
offers a practical pathway to improving tracking reliability in
deployed systems. User feedback, whether explicit or implicit,
can provide valuable signals for correcting errors, re-
initializing trackers, or refining models. Designing effective
human-in-the-loop strategies requires careful consideration of
usability and cognitive load. Feedback mechanisms must be
unobtrusive and intuitive, enhancing rather than disrupting the
AR experience. Exploring this design space represents an
important interdisciplinary research direction.

8.7.Evaluation, benchmarking, and reproducibility

Finally, advancing AR object tracking requires improved
evaluation practices. Standardized AR-centric benchmarks,
system-level metrics, and reproducible evaluation pipelines
are essential for meaningful comparison and progress. Future

benchmarks should emphasize long-term operation,
interaction, and deployment on representative hardware
platforms. Open-source systems and shared evaluation tools
can further accelerate progress by lowering barriers to entry
and enabling rigorous validation. Strengthening the
connection between academic research and deployed AR
systems will be critical for translating innovations into
practice.

9.Conclusion

This survey has provided a comprehensive review of deep
learning based object tracking for augmented reality (AR) in
complex real-world scenes, emphasizing system-level
considerations often overlooked in conventional tracking
research. By framing tracking as a core perception capability
tightly integrated with visual SLAM, depth estimation, and
rendering, we showed that algorithmic accuracy alone is
insufficient for reliable AR deployment, since even small
instabilities can propagate through the system and manifest as
perceptible artifacts that affect user trust. Our analysis of
tracking paradigms, datasets, evaluation protocols, and failure
modes from an AR-centric perspective highlighted the
importance of temporal stability, failure recovery, and
resource efficiency, which are frequently more critical than
peak accuracy for practical applications. Looking ahead,
progress toward scalable and trustworthy AR tracking will
require closer coupling between learning-based methods and
system design, with promising directions including
uncertainty-aware tracking, task-adapted foundation models,
lifelong learning under stability constraints, and interaction-
or physics-aware representations. Ultimately, advancing AR
tracking will depend not only on algorithmic innovation but
also on deployment-aware research practices and rigorous
system-level validation that ensure reliable performance
beyond controlled benchmarks.
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