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Advances in tracking algorithms have enabled applications from steering autonomous vehicles to guiding robots to enhancing
augmented reality experiences for users. However, these algorithms are application-specific and do not work across applications
with different types of motion; even a tracking algorithm designed for a given application does not work in scenarios deviating
from highly standard conditions. For example, a tracking algorithm designed for indoor robot navigation will not work
for tracking the same robot in an outdoor environment. To demonstrate this problem, we evaluate the performance of the
state-of-the-art tracking methods across various applications and scenarios. To inform our analysis, we first categorize
environmental, locomotion-related, and algorithmic challenges faced by tracking algorithms. We quantitatively evaluate
the performance using multiple tracking algorithms and representative datasets for a wide range of Internet of Things (IoT)
and Extended Reality (XR) applications, including autonomous vehicles, drones, and humans. Our analysis shows that no
tracking algorithm works across all applications and even in diverse scenarios within the same application. Ultimately, using
the insights generated from our analysis, we discuss multiple approaches to improving the tracking performance using input
data characterization, leveraging intermediate information, and output evaluation.

CCS Concepts: « Human-centered computing — Mixed / augmented reality; - Computing methodologies — Com-
puter vision; « Hardware — Sensor systems; « Security and privacy — Human and societal aspects of security and
privacy.

1 Introduction

Tracking systems are fundamental to immersive Extended Reality (XR) applications, facilitating accurate and
real-time navigation and mapping that are crucial for creating immersive and interactive experiences [12, 61].
However, various challenges must be addressed for accurate tracking, particularly in human-centered scenarios
like XR [20, 83]. Tracking systems in XR face additional challenges due to human factors such as unpredictable
movements, inter-individual variability, contextual factors, cognitive load, occlusions from body parts, physical
safety concerns, adaptive requirements, and the need for real-time interaction. These elements introduce layers
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of unpredictability and complexity, further complicating the tracking process. These challenges are intertwined,
involving (1) the environment’s complexity and the inherent limitations of sensing systems, (2) various locomotion
demands, and (3) the inherent limitations of tracking systems. As a result, while tracking methods are often
presented as generic, their performance significantly varies across different environments, locomotion scenarios,
and application settings, such as drones [19], autonomous vehicles [45], robotics [132], and other human-
centered [41, 81, 119] and non-human-centered environments [6, 77].

To understand these challenges, it is essential to examine the specific factors contributing to the complexity of
broader tracking systems and how human factors add to their complexity. First, the complexity of the environment
can vary with the number of objects, lighting conditions, occlusions, weather, reflective surfaces, and scene
changes. For instance, tracking in a crowded urban setting with changing lighting and reflective surfaces is
particularly difficult, especially given varying sensing capabilities across different hardware platforms. In XR
applications, this complexity is heightened by the unpredictability of human interactions and the dynamic nature
of the environment. Additionally, humans can seamlessly transition between different environments, such as
walking from a room to a corridor to the outdoors, without a break. This continuous movement across varied
settings introduces additional challenges for tracking systems, as they must constantly adapt to new conditions and
maintain accuracy. Second, locomotion differs across applications. Vehicles, robots, and humans move differently,
each posing unique challenges. In human-centric applications, such as XR, abrupt movements can cause blurred
images. Even in-vehicle navigation typically involves fewer abrupt movements, maintaining tracking accuracy is
difficult due to varying speeds and accelerations in parking lots, urban areas, and highways [77]. Tracking human
movement adds another layer of complexity, as humans frequently stop, walk, and change speeds unpredictably,
making consistent speed maintenance challenging. Third, sensors such as inertial measurement units (IMU)
sensors, depth cameras, and RGB cameras each have specific issues [33]. IMU sensors can drift over time [5, 113],
depth cameras struggle with lighting and reflective surfaces [52], and RGB cameras are affected by lighting
variations. In XR applications, these sensor limitations are compounded by the need to integrate data from
multiple sources in real-time [117].

To overcome these challenges, prior work has developed tracking algorithms that leverage various computa-
tional approaches. For example, traditional SLAM methods heavily depend on carefully engineered features and
manually designed system components [21, 87, 95, 141]. These methods often lack robustness and struggle to
maintain accuracy and reliability in dynamic and diverse real-world scenarios where conditions can vary signifi-
cantly. Factors such as changing lighting conditions, moving objects, and varying environmental textures can
degrade their performance. Conversely, end-to-end learning approaches [15, 122, 137] learn system components
directly from data, which can lead to improved adaptability. However, these approaches can also face robustness
issues, as they may fail to generalize when encountering unfamiliar situations or environments not represented in
their training data. Hybrid approaches [63, 110, 139] aim to enhance overall performance by combining traditional
and learning-based methods, leveraging both strengths. While this improves average performance, it can reduce
the peak performance of individual approaches.

To comprehensively address these challenges, it is important not only to evaluate tracking systems within XR
environments but also to compare their performance against other application domains, such as autonomous
vehicles and drones. Evaluating tracking methods across these varied domains provides a broader perspective on
the strengths and weaknesses of different approaches. Autonomous vehicles and drones present unique challenges,
such as high-speed movement and indoor-outdoor environmental variability, which can inform improvements in
XR tracking systems. By understanding how these systems perform in different contexts, we can derive insights
that contribute to developing more robust and versatile tracking solutions that can be applied across multiple
domains, including but not limited to XR. Additionally, it is crucial to examine how these algorithms behaved in
their original use cases [30, 77, 118, 120, 135] before XR became prominent. Understanding their foundational
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performance and limitations in traditional applications will provide a deeper insight into their adaptability and
potential enhancements needed for XR environments.

This paper aims to address these challenges by systematically understanding the challenges, technical require-
ments, bottlenecks, and potential solution directions needed to enhance tracking performance in XR and beyond.
In doing so, we make the following contributions:

(1) Taxonomy of challenges. We categorize the algorithmic, environmental, and locomotion-related challenges
that tracking systems face and their impact on XR applications. This taxonomy provides a structured overview
of the difficulties inherent in Visual SLAM tracking by highlighting the specific issues that need to be addressed
to improve tracking performance in various human-in-loop and other Internet of Things (IoT) systems.

(2) Charting tracking performance. We quantitatively evaluate the performance of state-of-the-art tracking
algorithms across three distinct datasets, each representing a different application domain, environment,
motion, and tracking target with unique complexities, including representative IoT systems like autonomous
vehicles and drones and human-in-the-loop systems such as XR.

(3) Dataset characterization. Building on observations from our quantitative evaluation across traditional,
end-to-end learning-based, and hybrid tracking systems, we conduct a preliminary proof-of-concept data
characterization. This analysis highlights the importance of understanding how dataset properties impact
tracking performance and identifies potential adaptive solutions for specific environments and use cases.

Unlike existing surveys that focus on specific applications or isolated aspects of tracking systems, our com-
prehensive evaluation empirically examines a broader range of scenarios and system types. This approach
systematically presents challenges and performance bottlenecks across diverse contexts, providing a robust
foundation for developing adaptable and reliable tracking solutions. These insights are especially valuable for
XR applications, where tracking systems must adapt to the unpredictability of human behavior. By addressing
current challenges and conducting proof-of-concept case studies, this paper serves as both a reference point for
researchers and a springboard for future innovations in Visual SLAM tracking in XR and beyond.

2 Background and Motivation
2.1 XR Tracking vs. Other CPS Systems

XR tracking systems differ from other cyber-physical systems like autonomous vehicles, drones, and robotics
due to their need to integrate virtual and real-world elements in real-time [106]. Each of these systems presents
distinct tracking challenges, but XR systems face additional complexities related to human interaction [11, 13, 97]
and environmental variability [42]. Autonomous vehicles rely heavily on sensors like GPS, LiDAR, and cameras
to navigate and avoid obstacles in dynamic environments [77]. While real-time data processing is crucial in both
XR and vehicle systems, XR tracking demands more precision and low latency to maintain user immersion and
visual coherence between virtual and real-world elements [103, 125]. Unlike vehicle systems, which only focus
on navigating roads and traffic [77], XR systems must blend virtual objects with the real world in a visually
coherent manner, necessitating accurate spatial understanding [54, 67, 104, 125] and low latency to maintain
immersion [103].

Similarly, drone navigation involves flight control, stabilization, and obstacle avoidance, often in outdoor
environments with varying weather conditions and terrains [37]. Drones utilize GPS, IMUs, and cameras to
perform tasks like localization and mapping. The primary challenges in drone tracking include maintaining
stability, managing energy consumption, and ensuring safety in uncontrolled airspaces [105]. In contrast, XR
tracking systems must handle more complex human interactions and diverse environments [3, 49, 79]. For
example, XR applications often require users to transition seamlessly between different settings [56], such as
moving from a room to a corridor to an outdoor space [74, 83], necessitating quick adaptation to varying lighting
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conditions [39], occlusions [84], and reflective surfaces [126]. Robotic tracking systems, used in applications
ranging from industrial automation [92] to service robots in healthcare [132] and hospitality [134], rely on
sensors like LIDAR, cameras, and ultrasonic sensors to navigate and interact with their environment. While
robotic and XR tracking share similarities in sensor usage, the key difference lies in the nature of interaction. XR
tracking demands higher precision and real-time processing [65]. Additionally, XR systems must account for
the unpredictability of human behavior [54], such as sudden movements and changes in speed [83, 124], adding
complexity not typically encountered in robotic tracking [102].

2.2 Unique Challenges in XR Tracking

Imagine a user exploring an XR-guided tour in a museum [114]. As they approach a detailed exhibit, they make
quick, abrupt movements to get a closer look, causing the tracking system to lose accuracy momentarily. The
user then moves through a corridor with mixed lighting conditions, further challenging the system. Exiting into
the courtyard, the bright sunlight causes reflections and shadows that the depth cameras must adjust to. Finally,
the user walks into a park, where moving objects like trees and other visitors introduce occlusions, requiring
the system to recalibrate constantly. This example scenario illustrates the complexity of developing robust and
accurate XR tracking systems capable of handling dynamic environments, varied locomotion [130] and a range
of human factors, including:

Unpredictable Movements: Human actions are often abrupt and erratic, such as sudden turns or rapid gestures,
which can disrupt tracking accuracy. Users can make sudden turns, quick gestures, or rapid changes in walking
speed, which can momentarily disrupt the tracking system’s accuracy. XR systems must quickly adapt to these
changes to maintain an immersive experience [20].

Inter-individual Variability: Users interact differently with XR systems, depending on their familiarity with
the technology, physical abilities, and personal preferences [26]. XR tracking must accommodate this variability
to deliver a consistent and intuitive user experience [81].

Environmental Variability: XR systems operate in diverse environments, ranging from well-lit indoor spaces
to outdoor areas with changing weather conditions. This variability demands constant recalibration without
disrupting user interaction [56, 130]. XR applications often require real-time adaptation to changes in the
environment or user activity, placing demands on system responsiveness [127].

Cognitive Load and Real-Time Processing: Complex interactions in XR applications can increase cognitive
load, requiring tracking systems to be intuitive and minimally intrusive to avoid adding strain [47]. Low latency
is critical to XR immersion [46]. Efficient algorithms that manage real-time data processing, feature extraction,
and environmental mapping are necessary to avoid discomfort or disorientation.

Occlusions from Body Parts: In XR, users’ hands, arms, or other body parts can occlude sensors, interrupting
tracking. The system must recalibrate quickly to regain accuracy [84].

Physical Safety Concerns: XR systems must maintain situational awareness to prevent collisions or unsafe
interactions with real-world objects [40], ensuring users’ physical safety during immersive experiences [25]. This
also involves mitigating risks from internal system errors and external attacks [22, 24], which can compromise
the system’s accuracy or lead to unsafe scenarios [124].

These challenges emphasize the complexity of XR tracking, which must integrate human factors, environmental
variability, and real-time data processing to ensure accurate, immersive experiences. Algorithms must handle
environmental changes [29], manage scale [122] and depth perception [36], and perform efficient, real-time
feature extraction [2] and association [2, 27].
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Table 1. Summary of studies conducting a comparative analysis of tracking methods. Terminologies: deep learning,
empirical, method-level, dataset-level, sequence-level, sample-level, and environmental representation.

Reference ‘ S}\l]&(l)\’l ‘ Deep Learning ‘ Empirical | Environmental } Method | D:?t:::: a[l lzszl:;ll:gwe [ Sample |
[6, 43] VO
[58, 120] VO 7 7
[1,72,91] SLAM v v
[1, 89, 135] SLAM v v
[7-9, 32, 92, 115, 128] SLAM v
[10, 16, 38, 48, 55, 72, 75, 108] SLAM
[20, 30, 68, 70, 77, 78, 107, 109] Both v v
[18, 33, 50, 79, 94, 101] Both v
[44, 66, 80, 85, 100, 136] Both v v
[ Ours [ Both ]| M [ M [ M [V [V [V [ v ]

2.3 Contributions Beyond Related Work

Previous comparative analyses of SLAM tracking methods often focus on specific methodologies or application
domains, typically limited to a single application, such as robotics, drones, or autonomous vehicles. For instance,
[58, 120] primarily explore visual odometry! methods that utilize end-to-end learning, but within narrow, domain-
specific contexts. In contrast, our analysis takes a more holistic approach, focusing on human-centered tracking
in XR environments and highlighting the fundamental differences between conventional tracking algorithms
for I0T/CPS systems and XR-based applications. By evaluating performance across three diverse datasets, two
representing IoT/CPS use cases (drones, cars) and one representing an XR use case, we provide a broader
perspective on the unique challenges faced in human-in-the-loop tracking systems and other domains. This
comparative approach reveals distinct subtleties across different application domains, offering insights that
previous studies and surveys have not comprehensively addressed, as summarized in Table 1.

First, we construct a taxonomy designed to classify challenges systematically with an exploration of algorithmic,
environmental, and locomotion challenges in SLAM (§3). Unlike traditional SLAM comparisons, we explore how
these factors interact within dynamic, unpredictable human-centered environments, such as those encountered
in XR. We emphasize the interaction between the environment and movement and its impact on methods. We
bridge the gap between traditional SLAM and contemporary end-to-end learning techniques, offering a unified
perspective on their evolution and interrelation. Our approach combines both qualitative insights and quantitative
evaluations, leading to practical recommendations and future research directions for XR-based tracking systems.

Second, we evaluate the performance of state-of-the-art visual tracking algorithms across applications and
datasets §4, analyzing four hierarchical dimensions: method, dataset, sequence, and sample levels. We explore
trade-offs between SLAM approaches, from classical to deep learning models, in human-centered XR environments.
At the dataset and sequence levels, we examine how environmental conditions and transitions between different
settings affect tracking accuracy. At the sample level, we assess challenges like lighting changes and unpredictable
user movements. We also compare SLAM, deep learning, and hybrid methods, and analyze the impact of human
factors on tracking performance.

Third, we propose three strategies to enhance SLAM systems in dynamic environments (§5): input profiling,
intermediate insights, and output evaluation. Input profiling tailors tracking to specific environmental conditions,
while intermediate insights allow for real-time adjustments. Output evaluation refines performance by learning
from error patterns, improving system robustness and adaptability across diverse scenarios.

Visual Odometry (VO) estimates the camera’s motion (trajectory) over time by analyzing sequential visual data, without explicitly building
or maintaining a global map of the environment.
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Fig. 1. An overview of traditional SLAM- and end-to-end learning-based tracking methods and their components.

2.4 Hypothesis Statement

We hypothesize that most tracking algorithms are designed for highly standard operating conditions for specific
applications. As a result, they perform poorly across applications and scenarios within a given application in real-world
settings.

3 Visual SLAM: Charting the Uncharted Territories

In this section, we first present an overview of the state-of-the-art tracking approaches that either leverage
traditional visual Simultaneous Localization and Mapping (SLAM) methods, end-to-end learning approaches, or
their combination. Visual SLAM refers to the task of estimating a camera’s trajectory (pose) while simultaneously
constructing a map of the surrounding environment, using visual input such as monocular or stereo images.
Unlike conventional SLAM systems that may integrate additional sensors (LiDAR, IMU), Visual SLAM relies
primarily on visual data and is widely used in robotics, AR/VR/XR, and IoT applications. We also detail our
key contribution of conceptualizing and devising a taxonomy of challenges. The goal of analyzing the tracking
methods and categorizing their challenges is to guide our evaluation of tracking approaches in Section 4.

3.1 Visual SLAM Tracking

SLAM is a technique used by a wide range of subjects, such as XR headsets, robots, and autonomous vehicles,
to build a map of an unknown environment (mapping) in which they navigate while simultaneously tracking
their current location and orientation (localization) [20]. Figure 1 illustrates different components in a SLAM
pipeline and various methods used for each step. The state-of-the-art SLAM methods can be broadly classified into
three categories: (i) traditional SLAM methods, (ii) end-to-end learning-based methods, and (iii) hybrid methods.
These methods differ in how they extract and process information from the sensor data. For example, traditional
methods may extract features from images or estimate motion based on pixel movement, while learning-based
methods may use raw pixel data. Below, we discuss the tasks performed by a tracking pipeline and outline how
different SLAM methods perform these tasks.

3.1.1 Visual SLAM Components and Pipelines. The SLAM pipelines track various types of objects (a human
wearing an XR headset, a drone, a robot, car) that have idiosyncratic motion patterns (live-form, turbulent, fluid)
in various environments (indoor/outdoor, urban/rural), as shown in Figure 1. While additional combinations of
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these attributes exist, we focus on these examples as they cover most scenarios where visual SLAM tracking is
employed.

(1) The first example is of humans wearing headsets in XR environments. Humans have a live-form motion as
they can make complex movements in many directions as often as they want. Humans experience the XR
environment in both indoor and outdoor settings.

(2) The second example is of a drone in indoor settings, where they keep track of inventory, monitor an
industrial plant, or track people across a factory floor. They have turbulent locomotion forms as they must
navigate complex environments and avoid collisions with other objects or in-operation machinery.

(3) The third example is of an autonomous car on the street or a highway, where they generally navigate the
environment in a streamlined and fluid motion, i.e., their motion is often predictable.

Given the three example scenarios, we next discuss the visual SLAM pipeline, outlining each task in detail. We
outline the different steps in the pipeline when using the traditional SLAM method, based on deep learning-based
end-to-end methods or hybrid methods that leverage both approaches. The first step of a tracking pipeline
involves data collection from the environment, which is shared across SLAM categories.

(D) A SLAM pipeline starts with data collected from sensors that observe the object and the environment.
There are two types of sensors employed in SLAM applications. One type consists of proprioceptive sensors
that observe a phenomenon produced and perceived within a subject. Examples of such sensors include the
Inertial Measurement Unit (IMU). The second type is exteroceptive sensors, which observe stimuli external
to the subject. Examples of such sensors include cameras, LIDAR, and depth sensors [33].

Sensors are part of device hardware, such as XR headsets, and they pass the sensed data to the SLAM pipeline.
Next, we describe several key stages of a traditional SLAM pipeline. Traditional methods also differ depending on
whether they only track motion, such as visual odometry, or also keep a global environmental map. We use the
latter method for subsequent discussion of traditional SLAM pipelines.

(2) In this first step of the traditional SLAM pipeline, data from all sensors is cleaned and processed to estimate
the initial pose of the object (such as a human wearing a headset in XR) and create an initial map of the
environment (such as a dimly lit room or the outdoor environment) in which the object navigates.

(3) The initial pose and map, alongside the preprocessed data, are passed to the tracking module, which is the
most important stage of the SLAM pipeline. The first step of the tracking stage leverages visual odometry
to detect and track features or landmarks in the environment. These features can be keypoints, descriptors,
or other significant patterns, and are used to estimate motion (pose over time [21, 87, 141]). Feature-based
methods identify and use keypoints or distinct image features for matching, tracking, and reconstruction.
In parallel, keyframe-based methods select a subset of frames as keyframes to build the map and perform
bundle adjustment more efficiently incrementally. This reduces computational cost compared to using
all frames, making real-time operation feasible on mobile systems [62, 98]. The tracking stage is also
responsible for state estimation correction, which is performed by the local bundle adjustment module by
minimizing the difference between the observed position of points and their estimated position.

(@) Another key component is the loop closure detection module, which determines whether the object has
returned to a place it has visited before. The loop detection module keeps track of previously visited places
in a database. Since the object may not reach a previously visited location from the same direction and angle,
the loop detection module uses various rotations and translations when matching the visited locations in
the database. Recognizing a previously visited place enables map correction and ensures the trajectory’s
long-term consistency [64].

(5) Finally, the global bundle adjustment module adjusts camera poses and 3D point positions to minimize the
sum of re-projection errors across all camera views. This module performs the same task as the local bundle
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adjustment but at the global level. The final output of the SLAM pipeline is a map of the environment in
which the object navigates and the object’s pose within that map.

Traditional SLAM approaches rely on detailed physical models of the world to exploit the sequential nature of
environmental observations. While this approach works well in stable environments, it can struggle in dynamic
environments with many moving objects. Recent work has shown that deep learning-based approaches can
be helpful in various aspects of the SLAM pipeline. Recent advances in deep learning have enabled end-to-end
learning methods that map the raw sensor data to the desired output (the pose and the map) using neural networks
for processing images, detecting features, estimating depth, and performing other related tasks. These direct
learning-based methods work on the raw pixel intensities of images rather than on extracted features, enabling a
dense environment model [77]. They are especially valuable in texture-less regions or when capturing dense
information. An end-to-end learning-based approach removes the need to manually design and tune the different
stages of the SLAM pipeline.

(6) The first step of the learning-based tracking pipeline preprocesses the raw data from various sensors.
Deep learning approaches excel at extracting information from images, high-level features, and their
representations, which are then fed as input into a deep neural network-based model.

(@) The preprocessed data from each sensor is generally fed to sensor-specific feature encoders. These feature
encoders generate high-level representations of the data. In some end-to-end learning pipelines, the outputs
of sensor-specific feature encoders may be fed to another encoder to generate a combined high-level
representation. The high-level representations are called feature vectors, which represent the environment
and state of the tracked object within it. The feature vectors are then passed to the next step of the pipeline.

The combined feature vectors, which encapsulate the high-level representations from the neural network,
are then fed into a pose regressor. The pose regressor is also a neural network trained to predict the pose
of the object based on the feature vectors. The combined feature vectors can also generate a map of the
environment.

The hybrid tracking methods replace one or more components of the traditional SLAM pipeline with learning-
based methods. This could involve replacing components like feature extraction, data association, mapping,
loop closure, and pose estimation. The choice of component to replace depends on the application’s specific
requirements, the available data, and the computational resources. Hybrid approaches aim to leverage the
explicit performance guarantees of traditional SLAM methods, which are often based on well-understood
mathematical principles, and learning-based methods, which can learn complex mappings from data and be
robust to environmental changes [99].

3.2 Taxonomy of Challenges

The unique human factors of XR, combined with the inherent complexities of SLAM, pose a broad set of
intertwined challenges. To navigate this complex landscape, we categorize the challenges into environmental,
locomotion, and algorithmic challenges. Figure 2 presents our taxonomy of challenges, which we will discuss in
the following categories.

3.2.1 Environmental Challenges. In this category, we include challenges that arise from the number and
dynamics of elements in the environment, their perceptibility, and the perception capabilities of the sensors. The
ability of the tracking systems heavily depends on the number of dynamic elements in the environment, the
temporal characteristics of the environment, and its structural variability [71, 138, 140]. For example, the tracking
methods employed by autonomous vehicles perform better in highway settings, which have fewer elements and
are more predictable, than in a chaotic city street environment. It is essential to note that humans wearing XR
headsets encounter environmental elements with unique characteristics and broader spatiotemporal dynamics
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| Taxonomy of Challenges |
| g, | - I
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Dynamic Elements ’ High-speed Movementsl [ Scalability ” Parameter Tuning l
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[ Temporal Changes l [ Lighting ] [ Omnidirectional Movementsl [ Resource Constraints” Scale Ambiguity]
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’ Sensor Limitations and Variations l [ Data Quality & Diversity l

Fig. 2. A taxonomy of challenges tracking algorithms face. The end-to-end learning challenges are highlighted in
green.

compared to traditional tracking applications. Humans in XR scenarios are potentially exposed to a broader
range of environmental elements with different locomotion characteristics, such as pets, humans in the vicinity,
inanimate objects, bicycles on the sidewalk, and vehicles on the road. On the other hand, a drone monitoring an
industrial facility is unlikely to encounter a teenager on a bicycle using their phone. Similarly, a car on a city
street or a highway will not encounter a toddler fighting a pet.

The ability of an environment and its elements to be sensed is one of the most significant factors in determining
the accuracy of the tracking systems. For example, lighting variations can destabilize a tracking system’s
consistency as light changes the image characteristics [108]. Similarly, reflective surfaces and occlusions can
impede tracking algorithms by presenting optical illusions and obstructing the field of view, which may appear as
an object exiting the scene. The environment’s textural characteristics are crucial in tracking features over time,
and textural variations can result in poor tracking performance. Diurnal and seasonal changes to the environment
can also impact accuracy, especially for learning-based methods, if they are not trained using a representative
dataset. Finally, an environment’s ability to be sensed significantly varies with the weather as clouds, snow, and
fog yield lighting changes, reflective surfaces, and occlusions [18]. Unfortunately, XR systems are exposed to
environments that vary significantly in their characteristics, which determine how easily they can sense objects.
For example, humans effortlessly move from dimly lit bedrooms to streets with occlusions to hiking paths with
ample sunlight or snow reflections.

Finally, the ability of the sensors to accurately sense the environmental elements adds another layer of
complexity. Sensors’ abilities to sense the environment vary based on their specifications, such as the frame rate
they can support, their focal length, and sensor sizes. The sensor’s capabilities can vary across application scenarios
and impact the tracking accuracy. In addition, even if two sensors are the same based on all the metrics mentioned
above, they can still exhibit variations due to manufacturing defects or natural variations in the materials used
to synthesize them [4, 33, 101]. Sensor limitations are an important component of environmental challenges.
Hardware properties, such as shutter type (rolling vs. global), resolution, field of view (FoV), frame rate, dynamic
range, and sensor noise, fundamentally constrain what tracking methods can achieve. For example, rolling
shutter distortion during fast motion introduces geometric artifacts that degrade pose estimation unless explicitly
modeled or corrected. Narrow FoV or low resolution reduces feature coverage and robustness, particularly in
texture-poor scenes. A low frame rate exacerbates motion blur under fast locomotion, while a high frame rate
increases computational demands. Finally, we note that sensor-related limitations—such as rolling shutter effects,
limited field-of-view, and sensor noise, interact with environmental and locomotion factors to impact tracking
accuracy; we analyze these effects in detail in Section 5.2.
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3.2.2 Locomotion-based Challenges. The movement of the objects being tracked has a significant impact
on the accuracy of a tracking approach. The movement of an object can be categorized based on its speed,
predictability, directionality, and regularity. Tracking objects at high speeds or with significant variations in speed
significantly impacts the accuracy of the tracking systems. For example, tracking humans in XR is challenging, as
humans adapt their speed depending on the situation and can stay still, walk, jog, or run. The erratic movements in
all possible directions, i.e., omnidirectional movements, change the system state in an unpredictable and significant
way, impacting the accuracy of tracking [86, 130]. Finally, these are magnified in XR scenarios involving humans
whose motion is characterized by frequent starts and stops [112]. Some of the tracked objects, such as drones and
humans, can also have irregular movement patterns.

3.23 Algorithmic Challenges. The fields of tracking systems using SLAM- and odometry-based have made
significant strides over the years. However, numerous aspects of tracking algorithms must consistently adapt to
handle the new applications in increasingly complex environments. The accuracy of the tracking algorithm is
dependent on the system initialization, which determines the accuracy of downstream operations [58]. Handling
the environmental dynamics requires parameter tuning, which involves determining how frequently to adjust the
parameters and the scale of changes to be made. As various characteristics of the XR environment can change,
such as the size of objects in the environment, the algorithms must be robust across varied scenarios [108] that
XR tracking systems may face.

Another key challenge is scaling tracking algorithms to expanded maps and complex environments, which
requires significant computational resources. For example, Loop Closure Detection requires identifying previously
visited locales, which scales as the environment expands [64]. These issues are exacerbated in XR environments,
which pose the additional challenge of constrained resources [100]. Additionally, XR headsets often have multiple
cameras, which introduce synchronization and calibration challenges [52, 92, 129]. These issues affect the quality
and consistency of the data available to the algorithms and the data used to train the models. The performance
significantly degrades if the input data distribution significantly shifts. Also, the robustness of these methods may
vary across applications and environmental scenarios. Finally, unlike traditional SLAM methods, learning-based
methods are black boxes and offer little to no interpretability. For reliable tracking, it is crucial to understand and
solve multifaceted challenges for applications, including autonomous driving, robotics, and mixed reality.

4 Visual SLAM: A Comprehensive Analysis in XR and loT Ecosystems

In this section, we compare the performance of state-of-the-art visual tracking algorithms outlined in Section 4.1.1

across the applications and datasets described in Section 4.1.2 using the metrics presented in Section 4.1.3. In

presenting our findings, we answer the following questions.

(1) How do algorithms compare in their method-level, dataset-level, sequence-level, and sample-level perfor-
mance?

(2) How does the choice of SLAM components, such as DL vs. traditional, impact end-to-end tracking perfor-
mance?

(3) How do SLAM, DL, and Hybrid methods compare in tackling environmental, locomotion, and algorithmic
challenges?

(4) How do human factors prevalent in XR impact the performance of the tracking algorithms?

4.1 Methodology

This section presents our methodology for quantitative comparative analysis of visual SLAM tracking methods.

4.1.1 State-of-the-Art Tracking Algorithms. We select a representative set of state-of-the-art tracking algo-
rithms that utilize various SLAM components and pipeline approaches described in Section 3.1 to comprehensively
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Table 2. Summary of state-of-the-art tracking methods used in the evaluation.

[ Algorithm [ SLAM [ VO [ Deep Learning [ Key frame-based [ Feature-based [ Direct ]
ORB-SLAM3 (S) | Vv v v
ORB-SLAM3 (M) | v v v
VINS-Fusion v v v v
DSM v v
DROID-SLAM M v v M
SfmLearner v v v v
KP3D v v v v
TartanVo v v v v
DFVO v M v v

[ Deepvo [ [V [/ [ [ [ |

analyze visual SLAM performance. Table 2 lists the tracking methods we choose and the computational techniques
they use.

In traditional SLAM methods, we choose ORB-SLAM3 [21] that leverages Oriented FAST and Rotated BRIEF
(ORB) [90] algorithm for feature extraction, tracking, and mapping. We use both monocular (ORB-SLAM3 (M)) and
stereo (ORB-SLAM3 (S)) versions of ORB-SLAM3. The other two SLAM methods are VINS-Fusion [88] and Direct
Sparse Mapping (DSM) [141], which use visual odometry (VO) and direct methods, respectively. VINS-Fusion
utilizes specialized feature processing to integrate visual information with inertial data seamlessly. DSM does not
rely on feature extraction; instead, it operates directly on pixel values.

We picked several hybrid methods that combine learning components with traditional methods. DROID-SLAM [111]
utilizes deep neural networks for depth prediction, camera pose estimation, and loop closure. It uniquely uses both
keyframe detection and direct methods. SfmLearner [139] combines SLAM, VO, and deep learning to directly
learn structures from motion (SfM) [94] without needing explicit feature extraction. KP3D [110] emphasizes
keyframe and feature-based methods, leveraging self-supervised deep learning to improve VO task performance.
TartanV0 [122] also uses deep learning for VO and incorporates keyframe detection and feature-based techniques.
DFVO [131] combines deep learning and feature-based VO to merge neural networks with traditional feature
extraction and matching.

In our analysis, DeepVO0 [121] is the only pure deep learning-based end-to-end VO system, and it does not rely
on traditional keyframe detection or explicit feature extraction.

Evaluation Pipeline Note. To ensure consistency across all methods, we adopt a unified evaluation pipeline:
all trajectories are processed through the same post-alignment and error computation steps (ATE and RPE). We
use the publicly available open-source versions of each SLAM/VO method, with default configurations unless
otherwise specified. Importantly, we do not apply method-specific tuning, multiple reruns, or per-sequence
parameter optimization. As a result, our reported ATE/RPE may differ from those in the original papers, where
such tuning or manual loop closure interventions were used to achieve best-case performance. This design choice
ensures a fair and systematic comparison across methods, even if it exposes the methods to sensitivity to failure
modes.

4.1.2 Datasets and Application Scenarios. We select three datasets that map to the three sample combinations
of the environment, object, and motion, as shown in Figure 1. While there can be other possible combinations,
these three use cases represent the most common tracking applications and the most widely used datasets for
these applications. We summarize the key sensor specifications for these datasets in Table 3.

(1) KITTI [45] is a benchmarking dataset that covers urban outdoor environments captured from a car with
fluid fast speed motions. The dataset includes 22 color and grayscale stereo sequences with IMU and depth
point clouds, of which 11 sequences are provided with ground truth using a Velodyne laser scanner and a
high-precision GPS.
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Table 3. Sensor specifications for evaluated datasets.

Dataset | Camera Type Resolution FPS Shutter Type | FoV

KITTI Stereo grayscale 1392 X 512 10 Global ~81°

EuRoC Stereo monochrome 752 X 480 20 Global ~60°

HoloSet | 4X grayscale + RGB + Depth | Gray: 640 X 480 30 Rolling Gray: ~86°
RGB: 1920 X 1080 | 30 Rolling RGB: ~81°
Depth: 512 X 512 | Variable (5-45) | Rolling Depth: ~75°

(2) EuRoC [19] Micro Aerial Vehicle (MAV) covers indoor environments across two sites of varying structural,
textural, and motion (fast/slow) difficulties. It includes machine halls and rooms with flat and structured
environments. It is captured using AscTec Firefly hex-rotor MAV equipped with two stereo cameras and IMU
with ground truth, making it ideal for testing applications with turbulent motion.

(3) HoloSet [23] is collected using a Mixed Reality headset - Microsoft Hololens2 [57] worn by a human user in
both indoor and outdoor environments. It provides data from four grayscale, two depth, and one color cameras
with IMU and ground truth. It captures live-form motion with substantial human factors in data collection
reflecting typical human movements, interactions, and occlusions.

While there can be other possible combinations, these three use cases represent the most common tracking
applications and the most widely used datasets for these applications. We acknowledge that other datasets such
as ADVIO [34], OxIOD [31], YTU [51], TUM VI [96], ZJU-SenseTime [59], Oxford RobotCar [76], UMA-VI [142],
PALVIO [123], ICL-NUIM [53], and Malaga [14]. Other includes datasets that focus on human gait (MAREA [60],
OU-ISIR [116]), occupancy (LARA [82]), and activity recognition (USC-HAD [133], CMU-MMAC [35], Opportu-
nity [28]) offer complementary challenges, including richer motion types, XR-relevant trajectories, eye tracking,
and sensor configurations such as visual-inertial streams. However, we restrict our study to datasets that provide
visual-only streams to ensure consistency across the selected monocular, stereo, and learning-based SLAM/VO
methods. Evaluating cross-modal SLAM methods, such as visual-inertial pipelines, is a promising direction for
future work, but falls beyond the scope of the our paper.

4.1.3 Performance Metrics for Evaluation. We use the quality of the trajectory estimated by the tracking

method to evaluate and compare performance. While an accurate trajectory does not imply a good map or

error-free operation, it is the most commonly used metric to measure the accuracy of SLAM methods. We use

two widely used trajectory metrics for our quantitative analysis:

o Absolute Trajectory Error (ATE) measures the difference between the translation parts of two trajectories
after aligning them into a common reference frame[93]. Mathematically, if T, is the ground truth trajectory
and T, is the estimated trajectory, then:

N
ATE = % ; 1Ty (i) = Tes ()12 W

e Relative Pose Error (RPE) measures the difference between relative transformations at time instances i and
i + k for different values of k. If ATy, (i,i + k) and ATes: (i, i + k) are the relative transformations for ground
truth and estimated trajectories, respectively, then:

N-k
1
RPE = \| o Z 1 log(ATye (i, i + k)~ ATug (i, + k)2 )
where log denotes the matrix logarithm and ||.|| # is the Frobenius norm [17]. This metric is independent of the
reference frame; however, when the scale of the map is unknown (e.g., monocular mapping), scale alignment

must be performed before comparing trajectories using RPE [93].
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Table 4. ATE [m] and RPE [m] on EuRoC (Note: (-) ATE above 100m or RPE above 1, (xx) complete failure).

Algorithm ‘ ATE, RPE
& | MHO1T | MHo02 | MHO03 | MH04 | MHO5 | V101 | V102 | V103 | V201 | V202 | V203 |
ORB-SLAM3 (S) [ 0.24,0.005 [ 3.11,0.002 | 2.54,0.024 | 2.53,0.014 [ 2.62,0.002 [ 0.49,0.003 | 0.57,0.001 | 0.64,0.009 | 0.67,0.007 [ 0.84,0.004 [ 0.22,0.001
ORB-SLAM3 (M) (M) | 4.41,0.029 | 4.99,0.034 | 4.57,0.080 | 2.03,0.010 | 2.29,0.011 | 1.01,0.011 | 1.26,0.029 | 1.29,0.030 | 1.31,0.008 | 0.90,0.013 | 159, 0.035
VINS-Fusion | 3.91,0.056 | 3.97,0.060 | 2.68,0.099 | 2.57,0.042 | 3.08,0.047 | 1.11,0.022 | 0.77,0.027 | 0.32,0.009 | 1.26,0.017 | 1.13,0.034 | 1.16,0.012
DSM 624, - 5.38, - 6.80, - 6.04, - 7.05, - 7.10, - 648, — 635, - 621, - 853, — 9.06, -
DROID-SLAM 2.94,0.073 | 4.25,0.074 | 1.86,0.145 | 4.16,0.074 | 3.36,0.075 | 1.01,0.024 | 1.63,0.041 [ 12.16, 0.020 [ 1.41,0.031 | 1.20,0.054 | 1.43,0.092
SfmLearner 449,0.673 | 476,0.750 | 345,- | 550,0459 | 546,0.550 | 1.65,0.524 | 1.84,0.675 | 1.90,0.882 | 2.04,- | 2.11,0.869 | 2.11,0.885
KP3D 0.22,0.064 | 0.21,0.084 | 0.20,0.158 | 0.18,0.053 | 0.25,0.025 | 0.37,0.022 | 0.54,0.021 | 0.71,0.021 | 0.48,0.049 | 1.07,0.070 | 0.39,0.033
Tartanvo 1.67,0.003 | 1.62,0.003 | 2.97,0.009 | 2.37,0.005 | 2.15,0.004 | 0.54,0.001 | 0.69,0.006 | 0.53,0.003 | 1.10,0.004 | 1.37,0.009 | 1.16,0.006
DFVO - - - - - - 39.1,0.160 | 60.9,0.054 | 6.35,0.006 - - - - 24.7,0.021 - - - -
\ DeepVO0 [ 1.67,0.091 [ 1.59,0.109 [ 1.65,0.176 [ 1.56 ,0.122 [ 1.48,0.116 | 1.84,0.028 | 2.11,0.021 [ 1.71,0.039 [ 2.02,0.029 [ 2.18,0.098 [ 1.85,0.075 |
Table 5. ATE [m] and RPE [m] on KITTI. Note: DSM failed on all sequences.
ATE, RPE
Algorithm | J
gortthm. | 00] 01] 0z 03 04] 05] 06] 07] 08 09 10|
ORB-SLAM3 (S) | 4.80,0.022 | 11.2,0.061 [ 9.59,0.039 | 4.59,0.016 | 3.30,0.016 | 4.72,0.013 [ 4.60,0.019 | xx,xx |7.27,0.031]6.80,0.028 | 6.43 , 0.021
ORB-SLAM3 (M) | 15.6,0.151 | 10.1,0.073 [ 17.5,0.101 | 8.94,0.078 [ 2.72,0.090 | 5.94, 0.080 | 16.8,0.247 [ 11.6, 0.143 [ 5.22,0.077 | 13.1, 0.130 | 15.8 , 0.136
VINS-Fusion - - - - -.-  [14.4,0.139]326,0.454 [ 73.5,0.400 | 38.1,0.383 | 26.6, 0.212 | 41.2,0.216 | 53.1, 0.406 | 39.6, 0.258
DSM XX , XX XX , XX XX , XX XX , XX XX , XX XX , XX XX , XX XX , XX XX , XX XX , XX XX , XX
DROID-SLAM -, - -, - -, - -, - -, - -, -.— [855,2305] -, - -, - -, -
SfmLearner -, - -, - -, - -, - -, - -, - -, - 914, - -, - -, - -, -
KP3D 15.2,0.074 | 47.6,0.682 | 34.2,0.134 | 3.04,0.061 | 1.94,0.116 | 15.6, 0.080 [ 4.36, 0.055 | 3.87, 0.043 | 13.4,0.071 | 9.07,0.075 | 10.2, 0.069
TartanV0 [ 85.8,0.361[482,0329] -,- [2.69,0.046230,0.068 [ 54.9,0.206 [ 6.96,0.067 | 14.7,0.114 | 65.4,0.293 | 34.9,0.156 | 13.1,0.098
DFVO - - - - -, - 23.1,0280 | 939,- [783,0320 -,—  |404,0190[89.4,0230] -,- - -
beevo | .- | .- | .- | .- | .- | - | .- [ %8 [ .- | .-

Table 6. ATE [m] and RPE [m] on HoloSet. Note: ORBSLAM3 and DSM failed on all sequences.

Algorithm ATE , RPE
& campus-center-seq1 ‘ campus-center-seq2 ‘ suburbs-jog-seq1 ‘ suburbs-jog-seq2 ‘ suburbs-seq1 ‘ suburbs-seq2
ORB-SLAM3 (S) (S) XX , XX XX , XX XX , XX XX , XX XX , XX XX , XX
ORB-SLAM3 (M) (M) XX , XX XX , XX XX , XX XX , XX XX , XX XX , XX
VINS-Fusion 14.2, 0.565 13.2,0.002 26.1,1.000 2.68,0.267 -, - 4.05,0.102
DSM XX , XX XX , XX XX , XX XX , XX XX , XX XX , XX
DROID-SLAM -, - 15.9,0.524 32.8,1.797 37.3,6.384 -, - 72.9,0.787
SfmLearner 247, - 174, - 336, - 384, - -, - 79.3, -
KP3D 1.40 , 0.005 1.36, 0.007 1.18,0.005 1.03,0.004 10.3, 0.008 1.91, 0.002
TartanVO0 8.11, 0.037 15.3,0.072 7.92,0.045 4.77 ,0.030 21.5,0.091 45.1,0.084
DFVO -, = -, = -, = 95.2, 1.645 -, = -, -
[ DeepV0 [ 25.0,0.577 [ 16.9, 1.163 [ 33.0,0.716 [ 37.1, 2.141 [ - - [ 777,2734 ]

e Summary Metrics. Additionally, we define three summary metrics that allow us to compare the performance
of algorithms across sequences and datasets. The three metrics include (i) the number of sequences for which
an algorithm yields the lowest error, (ii) the average error across sequences, and (iii) the coefficient of variation
(CoV) in error across sequences, computed as the standard deviation over the mean.

4.2 Head-to-Head Performance Comparison at All Levels

We run all tracking methods on all datasets for a comparative quantitative analysis. All methods, except ORB-SLAM3
(S) (stereo), use monocular images from the datasets. We post-process the results for all methods to calibrate
the scales and recover poses. We report ATE as a measure of global consistency and RPE as a measure of local
trajectory accuracy in Table 4 for EuRoC, Table 5 for KITTL and Table 6 for HoloSet. We provide the summary
results in Table 7. If an algorithm fails on a given sequence, we mark the failure as “xx , xx”. If an algorithm runs

3 »

but yields an ATE value above 100m or RPE of above 1, we mark that as “-, -”.
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Table 7. Algorithm Performance Summary Across Datasets Computed Using Data in Table 4, Table 5, and Table 6.

Algorithm EuRoC KITTI HoloSet

& Top [ AvgATE (m)]| CoV Top [AvgATE (m)| CoV Top | AvgATE (m)]| CoV
ORB-SLAM3 (S) 3 1.03 0.85 5 6.23 0.38 XX XX XX
ORB-SLAM3 (M) 0 2.64 0.50 0 10.72 0.47 XX XX XX
VINS-Fusion 0 2.49 0.49 0 39.24 0.52 1 12.81 0.75
DSM 0 6.56 0.14 XX XX XX XX XX XX
DROID-SLAM 0 3.02 1.04 0 - - 0 39.72 0.67
SfmLearner 0 3.27 0.47 0 - - 0 38.68 0.62
KP3D 7 0.45 0.58 3 14.94 0.91 5 2.53 1.39
TartanV0 1 1.54 0.45 2 35.03 0.84 0 17.11 0.91
DFVO 0 32.26 0.57 1 61.70 0.54 0 95.20 -
[ DeepV0 [ 0 1.77 0.13 0 - - 0 37.94 0.61
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Fig. 3. Qualitative examples from representative datasets with an estimated trajectory from TartanV0 with ground
truth.

1-Method-level Question: Are there clear winners in a head-to-head comparison across tracking methods?
To answer this question, we primarily analyze the EuRoC dataset results from Table 4 and Table 7, a dataset on
which all methods run, and most have errors within reasonable bounds. KP3D performs the best of 7 out of the 11
sequences, and the next best method is ORB-SLAM3 (S), which beats KP3D on 3 of the remaining four sequences.
KP3D and ORB-SLAM3 (S) are the top two based on the average ATE values of 0.45m and 1.03m, respectively.
However, most methods have a very low ATE across sequences: 4 algorithms have errors less than 2m, and only
DFVO has an error above 7m.

Key Takeaway. No single tracking method consistently outperforms others, though most methods have low errors.

2 — Dataset-Level Question: Do tracking methods show robustness to variations in dataset character-
istics? To explore this, we analyzed the performance of algorithms across three distinct datasets, as shown
in Table 7. Interestingly, the best-performing algorithm was not the same across the datasets. For the KITTI
dataset, ORB-SLAM3 (S) emerged as the strongest, performing best on 5 of the 11 sequences, while KP3D followed
closely with 3 sequences. However, when applied to the HoloSet dataset, ORB-SLAM3 (S) failed completely, unable
to generate trajectories for any sequence. SLAM pipelines such as ORB-SLAM3 (S) rely on explicit loop closure and
global optimization to maintain tracking consistency. However, human-controlled motion in XR environments
(HoloSet) involves rapid, multi-directional head movements and limited scene revisitation, making loop closure
ineffective and causing drift to accumulate rapidly. Moreover, HoloSet employs a rolling shutter camera, which
introduces motion-induced artifacts during fast head rotations. These sensor characteristics, combined with fast
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Fig. 4. Qualitative examples of Holoset dataset with an estimated trajectory from KP3D with ground truth.

angular motion, violate key assumptions of traditional SLAM systems, causing failure to initialize or maintain
reliable tracking. SLAM methods tuned for global shutter and vehicle-like motion (EuRoC, KITTI) are fragile
when exposed to a rolling shutter and rapid, 6-DoF head motion (HoloSet). This pattern was reinforced by
examining ATE values and the coefficient of variation (CoV), indicating that strong performance on one dataset
does not necessarily translate to others, particularly when faced with different environmental conditions, motion
dynamics, and object types. In part, this is due to differences in sensor characteristics (see Section 5.2) and motion
dynamics across datasets. For example, EuRoC and KITTI use global shutter cameras with relatively stable,
smooth motion patterns (vehicle or drone-based). In contrast, HoloSet uses a rolling shutter camera and exhibits
fast rotational motion from human head movements. SLAM methods tuned for global shutter and deep-learning
methods trained on vehicle datasets often fail to generalize to these challenging XR motion conditions.

We also visually demonstrate the performance of a sample algorithm across sequences from different datasets.
In Figure 3, TartanV0 ’s performance is illustrated across three datasets, showing significant variation across
sequences within each dataset. While it performs reasonably well in the EuRoC MH02 sequence with structured,
textured surfaces, its accuracy drops notably in KITTI’s outdoor high-speed sequence, where low texture and fast
motion introduce more complexity. The HoloSet suburban walk sequence further highlights this inconsistency,
where TartanVO struggles with scale estimation and trajectory alignment due to the absence of loop closure
detection. Pure deep-learning methods, such as TartanV0, perform inference based on temporal image sequences
but do not explicitly model global consistency or geometric structure. As a result, they can generalize well to
familiar motion patterns but exhibit instability when exposed to motion regimes not seen in training data. In
particular, XR head motion includes abrupt changes in rotation and translation that differ significantly from
the vehicle-based or drone-based motions typically present in SLAM training datasets. This mismatch leads to
degraded performance, particularly in sequences with fast or unpredictable human movement.

Key Takeaway. Tracking methods generally lack robustness when faced with diverse environmental, motion, and
object characteristics across datasets, indicating variability in performance based on the dataset context.

3 - Sequence-Level Question: Do algorithms show consistent performance across sequences within a single
dataset? We analyzed the results across sequences to explore this, focusing on the data in Table 4 and Table 7.
Among the tracking methods, DeepVO demonstrates the most consistent performance, with the lowest coefficient
of variation (CoV) across sequences at 0.13. Its average ATE of 1.77m is relatively low, positioning it among the
better-performing methods despite not being the top performer for any sequence. In contrast, top-performing
methods like KP3D and ORB-SLAM3 (S) exhibit higher CoV values of 0.58 and 0.85, indicating more variability in
performance across sequences. DL methods are less sensitive to scene texture but cannot handle rapid viewpoint
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Fig. 5. Qualitative examples of EuroC dataset with an estimated trajectory from ORB-SLAM3 (S) with ground truth.

changes or scale ambiguity. As a result, they produce consistent errors, but often have a higher ATE, reflecting
model bias toward learned motion patterns.

TartanV0 ’s performance is illustrated across three datasets, showing significant variation across sequences
within each dataset. While it performs reasonably well in the EuRoC MHO02 sequence with structured, textured
surfaces, its accuracy drops notably in KITTI's outdoor high-speed sequence, where low texture and fast motion
introduce more complexity. The HoloSet suburban walk sequence further highlights this inconsistency, where
TartanVO0 struggles with scale estimation and trajectory alignment due to the absence of loop closure detection.

The qualitative evaluation trajectories in Figure 4 highlight the difficulty of long-range suburban sequences
in HoloSet. KP3D tracks the general route but accumulates drift that distorts the finer structure of the path. In
suburbs-seq1 (Figure 4a) and suburbs-seq2 (Figure 4b), the estimated trajectory compresses or stretches segments
due to scale drift, especially during extended straight-line walking. The jogging sequence (Figure 4c) amplifies
this effect: faster motion introduces rapid viewpoint changes that cause KP3D to lose alignment, yielding curved
or collapsed segments where the ground-truth path remains elongated and looped. These examples reflect the
sensitivity of monocular pose regression to unobserved scale cues and rapid motion transitions in outdoor spaces.

Figure 5 shows similar qualitative behavior for ORB-SLAM3 (S) on EuRoC, but with different failure modes.
Indoor flight sequences MHO01 (Figure 5a), MHO2 (Figure 5b) maintain coarse shape fidelity, though loops do
not close reliably and the estimated trajectory gradually slips away from the true path. In texture-limited Vicon
Room sequences V101 (Figure 5c), V103 (Figure 5d), the estimates tangle around a cluster rather than tracing
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Fig. 6. Example samples from EuRoC [19] dataset, varied environmental conditions (top) and their corresponding
feature (o) mask (bottom) generated with VINS-Fusion [88] feature extractor.

clear motion, indicating unstable feature tracking and scale inconsistency. The drift does not explode but remains
confined, producing dense, overlapping patterns instead of structured movement. In V201 (Figure 5e), ORB-SLAM3
(S) retains the global shape but loses local correspondence, producing a trajectory that shadows the ground truth
but does not align tightly with it. By contrast, V202 (Figure 5f) shows increased drift concentration near the central
region, where repeated revisits should reinforce loop closure but do not, indicating insufficient stable feature
tracks and unreliable keyframe re-use. Together, the V2 sequences highlight sensitivity to lighting variation and
repeated camera sweep motions, where ORB-SLAM3 (S) preserves coarse geometry but struggles to stabilize scale
and close loops over time.

Key Takeaway. Even though some tracking methods achieve low error for a dataset, this does not necessarily translate
to consistent performance across all sequences.

4 — Sample-level Question: Can the methods handle the variations in the samples within a sequence
without sample-level fine-tuning? Despite the good performance of some visual SLAM methods under “ideal
conditions”, there is no clear winner on method, dataset, and sequence levels. Our evaluation has unveiled several
algorithmic, environmental, and locomotion challenges that SLAM methods face on different levels of the pipeline.
To investigate further, we evaluate sample-level attributes. We took six samples from EuRoC sequences (MHO1,
MHO03, V203): one baseline vanilla sample and five samples with common visual features essential for data
characterization in SLAM [1, 91]. These features include occlusion, lighting, reflective surface, image motion blur,
and texture variability. We tracked the feature of each sample with the VINS-Fusion [88] feature extractor as
shown in Figure 6.

We observe that the number of features ranges from 127 per frame to a mere 17 features per frame. While certain
attributes might favor the algorithms, leading to reliable tracking (as shown in Figure 6a), others can significantly
strain the system, as seen in Figure 6f. Any sudden movement (causing a blurry image), low lighting, low-textured
environment, or occlusions can hinder the methods’ view of certain features. Whereas shiny reflective surfaces
can create false features, compromising tracking accuracy. A method’s ability to consistently recognize and adapt
to these varying attributes without manual intervention or fine-tuning signifies its robustness.

Key Takeaway. The disparity in results across the sequences, samples, and visual features indicates that achieving a
truly generalized method for handling the broad spectrum of sample attributes remains an open question. A robust
and domain-adaptive SLAM can be developed by understanding data at various levels, from the method down to the
sample.
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4.3 Impact of Choices in Visual SLAM Components and Pipelines

To analyze how the choice of SLAM components, such as deep learning (DL) versus traditional methods, impacts
end-to-end tracking performance, we examine the results from Table 7. The performance of traditional, hybrid,
and deep learning approaches is evaluated based on their average ATE, the number of sequences for which they
perform the best (Top), and the consistency of their performance as indicated by the CoV.

Traditional Methods. Traditional SLAM approaches, including ORB-SLAM3 (S) and ORB-SLAM3 (M), generally
perform well on specific datasets, particularly on KITTI and EuRoC. ORB-SLAM3 (S), for instance, is the top
performer on five sequences in KITTI and three sequences in EuRoC. However, these methods struggle with
robustness across datasets; for example, ORB-SLAM3 (S) fails to work on HoloSet entirely. The CoV for these
algorithms is relatively low on KITTI but higher for EuRoC, indicating more variability in performance across
sequences within the EuRoC dataset.

Hybrid Methods. Hybrid approaches, which combine traditional and deep learning components, tend to
outperform traditional and DL-only methods on overall performance and consistency. KP3D, one of the top hybrid
algorithms, has the lowest average ATE on EuRoC (0.45m) and performs well on KITTI, although with a higher
CoV of 0.91. These hybrid methods dominate in terms of average ATE and are the top performers in multiple
sequences across different datasets, showing the most balanced performance. However, hybrid methods also
struggle on HoloSet, with higher ATE and more variability compared to their performance on EuRoC and KITTIL.

Deep Learning Methods. The deep learning-based method, DeepVO, stands out for its consistency across
sequences within a single dataset, demonstrated by the lowest CoV of 0.13 on EuRoC. However, its end-to-
end performance in terms of average ATE is not as competitive, with values such as 1.77m on EuRoC and
37.94m on HoloSet, indicating that while it performs consistently, its overall error is higher than most hybrid and
traditional approaches. Additionally, deep learning methods tend to struggle with datasets that have more complex
environmental or motion variations, as indicated by the large ATE on HoloSet. The low CoV of DeepVO reflects
its ability to produce stable predictions across sequences, but its relatively higher ATE indicates a systematic bias
or model drift. Since DeepVO0 lacks explicit modeling of scale or 3D structure, its learned motion estimation is
less sensitive to texture or loop closure but prone to accumulating global errors. As a result, while the method
appears consistent, its absolute accuracy suffers, particularly in longer or more dynamic sequences.

Key Takeaway. Hybrid methods exhibit the best overall performance, consistently achieving low ATE across multiple
datasets and sequences. They outperform traditional and deep learning methods in terms of accuracy and robustness.
While deep learning approaches offer more consistency within sequences, they generally produce higher errors,
suggesting that traditional and hybrid methods are still more effective for end-to-end tracking in varied conditions.

4.4  Performance in Tackling Environmental, Locomotion, and Algorithmic Challenges

To compare how SLAM, deep learning (DL), and hybrid methods address environmental, locomotion, and
algorithmic challenges, we analyze their performance across the datasets (EuRoC, KITTI, and HoloSet) summarized
in Table 7, as well as the individual results for each dataset. These datasets capture a range of conditions, from
indoor to outdoor environments, controlled settings to dynamic scenes, and varying frame rates and resolutions.
Each method’s ability to adapt to these challenges reveals insights into the strengths and weaknesses of different
computational approaches.

Traditional Methods. SLAM methods like ORB-SLAM3 (S) and ORB-SLAM3 (M) perform well in controlled
environments but struggle as environmental and motion complexity increase. On EuRoC’s easier sequences, such
as MHO1, ORB-SLAM3 (S) achieves a low ATE of 0.24m, aided by EuRoC’s compact resolution and controlled
environment, which facilitates smoother loop closures and reduces scalability challenges. However, as sequences
become more turbulent (e.g., V202), ORB-SLAM3 (S) ’s ATE increases to 0.84m, reflecting the limitations of
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traditional methods in more complex indoor environments. In KITTI, while SLAM methods benefit from high-
quality calibration and ground truth data, broader variability in lighting and environmental factors challenges
their robustness. For instance, ORB-SLAM3 (S) records an ATE of 4.80m in sequence 00, but as environmental
complexity increases in sequence 02, the ATE jumps to 11.2m. This highlights SLAM’s struggle with outdoor
settings where rapid changes in lighting and environment occur. On HoloSet, SLAM methods fail entirely, and
they are unable to handle the unpredictable, multi-directional motion of the human-controlled XR headset. Both
ORB-SLAM3 (S) and ORB-SLAM3 (M) are unable to produce valid trajectories, reflecting their difficulty in handling
high frame rates and the uncontrolled dynamics of human motion. Furthermore, traditional SLAM methods are
optimized for feature-rich environments; the sparse, texture-less backgrounds common in XR indoor scenes
(white walls, floors) cause feature tracking to fail, leading to the inability to maintain global pose estimation.
Furthermore, the higher frame rate and rolling shutter of the XR headset exacerbate feature tracking errors under
fast head rotations, leading to divergence of SLAM pipelines.

Hybrid Methods. Hybrid methods demonstrate superior adaptability across both indoor and outdoor environ-
ments, effectively balancing precision and flexibility to handle a wide range of conditions. For instance, KP3D
achieves an ATE of 0.21m in EuRoC’s MHO01 sequence and continues to perform well in the challenging V203
sequence with an ATE of 0.39m. The combination of feature extraction techniques and loop closure enables
hybrid methods to handle both the compact resolution and high frame rate of EuRoC, maintaining low error
rates even in turbulent drone motion. In KITTI, hybrid methods continue to outperform SLAM approaches, as
they handle fluid car motion and complex environmental fluctuations more effectively. KP3D achieves an ATE of
14.9m in sequence 04, demonstrating resilience to the broader variability in outdoor conditions that challenge
traditional methods. Their sophisticated feature extraction allows hybrid methods to manage scene complexity
and outdoor lighting fluctuations, which typically degrade SLAM’s performance. In HoloSet, hybrid methods like
KP3D excel in managing human-centered environments, with an ATE of 10.4m in campus-center-seql. Although
the ATE values increase due to the dynamic, uncontrolled environment and higher frame rates, hybrid methods
remain the most robust option, able to handle conditions involving unpredictable human motion better. Their
adaptability across domains — from indoor corridors (EuRoC) to urban streets (KITTI) to suburban areas (HoloSet)
- positions hybrid methods as the most versatile and reliable for complex tracking tasks.

Deep Learning Methods. DL methods exhibit consistency across sequences but generally incur higher error
rates, especially in environments with significant variability. While DL methods provide consistent performance,
their ATE values are higher than those of hybrid methods. For instance, in MHO01, DeepVO records an ATE of
1.67m — consistent but less accurate compared to KP3D ’s 0.21m. This indicates that DL methods are less precise
in handling turbulent motion within controlled indoor environments. On KITTI, DL methods struggle more with
outdoor complexity. For example, DeepVO cannot produce results for most sequences (denoted by “~” in the table),
highlighting the difficulty of applying DL methods to rapidly changing outdoor environments, particularly when
lighting conditions and scene complexity fluctuate. On the HoloSet, DL methods outperform SLAM but still lag
behind hybrid methods. For example, DeepVO records an ATE of 33.0m in suburb-jog-seq1, significantly higher
than hybrid methods like KP3D. While DL methods can handle unpredictable human motion, their error rates
remain higher than hybrid methods, reflecting their limitations in highly dynamic, human-centered environments.
DL models lack explicit modeling of rotation and scene geometry, so fast rotations (head yaw/pitch) cause
temporal inconsistencies that accumulate into trajectory errors. Additionally, HoloLens’ camera frame rate and
latency differ from training data, impacting the temporal alignment of predictions.

Key Takeaway. Hybrid methods consistently outperform SLAM and DL approaches by striking a balance between
adaptability and accuracy across diverse environments, ranging from controlled indoor settings to dynamic outdoor
scenes. While SLAM methods excel in structured environments, they struggle in more complex scenarios, such as
human-controlled movements in HoloSet, where they often fail. DL methods offer consistency but at the cost of
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higher errors, particularly in outdoor and unpredictable environments. Overall, hybrid methods demonstrate superior
versatility, handling various challenges with lower error rates, making them the most robust option for complex
tracking tasks.

4.5 Effect of Human Factors in XR

The HoloSet dataset introduces significant challenges related to human factors, particularly the unpredictable
and multi-directional motion associated with a human wearing an XR headset. This variability in movement,
combined with changing environments from indoors to suburban outdoors, presents a unique set of challenges
for tracking methods.

Traditional Methods. SLAM methods, such as ORB-SLAM3 (S) and ORB-SLAM3 (M), struggle to handle the
dynamic nature of human-controlled motion. These methods rely heavily on stable, predictable environments
and predefined trajectories, which are difficult to maintain when the human’s head movements introduce abrupt
and irregular changes in position and angle. Consequently, SLAM methods fail entirely in HoloSet, as they are
unable to produce any valid trajectories due to the unpredictable nature of human-controlled XR interactions.

Hybrid Methods. Hybrid methods, like KP3D, demonstrate much better resilience to the human factors inherent
in XR. While their ATE values increase compared to more controlled environments, they still manage reasonable
performance in HoloSet. For instance, KP3D achieves an ATE of 10.4m in campus-center-seql, demonstrating
that hybrid approaches can handle the combination of human motion and environmental changes more effectively
than SLAM methods. The flexibility of hybrid algorithms, which combine traditional feature extraction with
learning-based components, enables them to adapt to the erratic, multi-directional head movements characteristic
of XR environments.

Deep Learning Methods. DL methods, such as DeepV0, also show an ability to track human motion better
than SLAM methods but with less precision than hybrid approaches. In HoloSet’s suburb-jog-seq1, DeepVO
records an ATE of 33.0m, significantly higher than KP3D ’s performance. While DL methods benefit from their
inherent flexibility in handling varying motions, their higher error rates suggest they are less adept at managing
rapid, unpredictable changes in orientation and environment caused by human interaction in XR scenarios.
These limitations are particularly pronounced in XR motion scenarios, where abrupt head rotations introduce
large angular velocities and rolling shutter distortions. DL methods typically do not incorporate inertial cues
or rotation compensation, leading to temporal inconsistencies in pose estimation under such conditions. DL
methods are less reliant on explicit feature tracking, giving them some robustness in texture-poor environments.
However, their models are typically trained on image sequences with consistent motion patterns and fixed camera
properties. In HoloSet, the combination of rolling shutter artifacts and rapid, non-repetitive head motion violates
these assumptions, resulting in scale drift, temporal misalignment, and degraded accuracy compared to hybrid
approaches.

Key Takeaway. Human factors in XR environments, such as unpredictable head movements and changing positions,
significantly degrade the performance of SLAM methods, which are not sufficiently adaptable to handle such dynamics.
Hybrid methods offer the best balance, maintaining reasonable accuracy by leveraging both traditional and learning-
based techniques to adapt to erratic human-controlled movements. DL methods perform better than SLAM approaches
but exhibit higher error rates, indicating that while they are more adaptable, they lack the precision needed for highly
dynamic XR environments.

4.6 Quantifying the Impact of Environmental and Locomotion Challenges

To quantify the impact of environmental and locomotion challenges on tracking accuracy, we compute the
Pearson correlation between per-sequence ATE and two key scene factors: motion level (Slow=1, Medium=2,
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Table 8. Correlation of ATE with Motion and Lighting across datasets and algorithms. Positive Motion correlation
= ATE worsens with faster motion; Positive Lighting correlation = ATE worsens with brighter scenes.

Dataset Algorithm ATE vs Motion | ATE vs Lighting
ORB-SLAM3 (S) +0.24 -0.36
ORB-SLAM3 (M) -0.00 +0.19
VINS-Fusion +1.00 -0.49
DSM +0.31 -0.06
DROID-SLAM +0.28 -0.36
EuRoC SfmLearner +0.21 -0.52
KP3D +0.17 +0.25
TartanVO +1.00 -0.49
DFVO +0.86 -0.86
DeepVO -0.13 +0.57
KP3D +0.16 +0.43
KITTI VINS-Fusion +1.00 +0.03
TartanVO +1.00 +0.24
KP3D -0.03 +0.31
HoloSet VINS-Fusion +1.00 +0.91
TartanVO +1.00 +0.87
KP3D -0.08 +0.06
Combined | VINS-Fusion +1.00 -0.04
TartanVO +1.00 +0.02

Fast=3) and lighting level (Dark=1, Medium=2, Bright=3). We report correlations for each algorithm and dataset
in Table 8. Correlations are computed using sequences where valid ATE results are available for each algorithm.
Among the evaluated methods, KP3D provides consistent results across all datasets, enabling stable correlation
analysis. VINS-Fusion and TartanVO also produce valid results on multiple datasets, though in some cases with
limited data. Correlation values of +1.00 in small subsets (< 3 sequences) reflect perfect alignment within the
available data, but should not be interpreted as strong evidence of causal sensitivity. We report them here for
completeness. Overall, KP3D exhibits a mild positive correlation with both Motion and Lighting, suggesting
resilience to scene dynamics. In contrast, VINS-Fusion and TartanV0 show stronger sensitivity to Motion and
Lighting, particularly on human-centered HoloSet sequences, consistent with known limitations of feature-based
and deep-learning-based visual odometry methods in complex environments.
Key Takeaway. This correlation analysis provides a systematic view of how scene factors, particularly motion speed
and lighting conditions, impact each algorithm’s tracking performance. This deeper analysis explains why certain
methods (traditional SLAM) fail under fast or low-light conditions, and why hybrid and learning-based methods
remain more resilient yet still sensitive to scene dynamics. This directly addresses the need for finer-grained insights
into algorithm robustness, beyond average ATE comparisons.

4.7 Computational Cost and Latency.

While our primary evaluation focuses on tracking accuracy across datasets and motion types, practical deployment
in XR and IoT applications also depends critically on latency and computational cost. Table 9 summarizes the
approximate computational cost and per-frame latency of each evaluated method, measured on our representative
hardware platform (Intel i7-9700K CPU 3.6 GHz, 32 GB RAM, NVIDIA RTX 2070 GPU with 8 GB VRAM). We
observe that traditional feature-based SLAM methods (ORB-SLAM3, VINS-Fusion) remain heavily CPU-bound,
with modest frame rates in the range of 10-20 FPS even without using dense representations. Deep learning-based
methods (DeepVO, TartanV0, SfmLearner) achieve higher frame rates (40-50 FPS) but may lack robustness
under fast motion or degraded lighting. Hybrid approaches such as KP3D and DROID-SLAM trade off accuracy for
computational cost, often requiring significant GPU resources to maintain real-time operation. DSM, while accurate
in specific cases, is computationally expensive Overall, our analysis highlights that latency and computational
cost vary substantially across methods, making it critical to optimize for these factors when deploying on
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Table 9. Computational cost and latency of evaluated algorithms.

Algorithm Computational Cost Latency / FPS
ORB-SLAM3 CPU-only, heavy feature extraction + Bundle Adjustment 10-15 FPS
VINS-Fusion CPU + IMU synchronization 20 FPS
DROID-SLAM Heavy GPU (GRU + CNN backbone) 8-12 FPS
DeepVO Light GPU (CNN + RNN) 40-50 FPS
TartanVo Light GPU (CNN) 40-50 FPS
SfmLearner Light GPU (CNN) 40-50 FPS
KP3D Heavy GPU (ResNet + PoseNet + feature pipeline) 8-10 FPS
DFVO Moderate GPU (CNN + Bundle Adjustment) 20-25 FPS
DSM CPU-only, very heavy Bundle Adjustment 5-8 FPS

resource-constrained IoT and XR devices. We leave a more systematic evaluation of runtime efficiency under
varying hardware constraints as a promising direction for future work.

4.8 Insights into Performance Limitations

Specific failure cases in SLAM and VO performance arise from the interaction between algorithmic design
choices and sensing, motion, and environmental factors. For instance, traditional pipelines such as ORB-SLAM3
depend on stable feature repeatability [21] and fail in Holoset where rolling shutter distortion, low-texture
indoor surfaces [108], and abrupt head rotations undermine feature tracking [86]. In contrast, DeepVO exhibits
robustness to low-texture conditions [58], but is highly sensitive to lighting variations [108] and fast motion,
since it lacks explicit geometric modeling and relies on photometric consistency. Hybrid approaches, such as
KP3D [110], mitigate some of these limitations by integrating learned priors with geometric constraints; however,
they still show performance drops in high-motion or poorly lit sequences, as reflected in the correlation analysis.
These patterns highlight opportunities for improving SLAM systems through adaptive strategies, which we
discuss in the next section.

5 Discussion: Potential Approaches to Improving Visual SLAM

In this section, informed by our analysis from Section 4, we propose three key strategies to improve tracking
methods for SLAM systems, particularly in dynamic environments such as human-centered XR and IoT applica-
tions. These strategies focus on leveraging different levels of available information—input profiling, intermediate
insights, and output evaluation—to enhance the robustness and adaptability of SLAM systems across diverse
domains.

5.1 Input Profiling

By understanding the nuances of the input data, tracking methods or systems can adjust tracking strategies
preemptively. In dynamic environments, when the system is undergoing a transition, such as moving from an
indoor to an urban outdoor environment, dataset characterization can provide crucial insights into variations in
lighting, dynamics, and textures. Such insights can be invaluable for tweaking tracking methods and ensuring
the system undergoes seamless domain transitions. Input profiling involves assessing the data characteristics at
various levels: dataset, sequence, and sample levels.

1 - Dataset-level Profiling. This involves an overarching dataset analysis to determine the general conditions,
such as lighting, texture, and motion profiles. Profiling the entire dataset can help tracking methods anticipate
typical challenges (e.g., indoor and outdoor transitions) and allow for application-specific manual offline fine-
tuning of the parameters.

2 - Sequence-Level Profiling. Sequence-level profiling enables systems to tailor tracking approaches to specific
environmental conditions and motion dynamics of each sequence. As detailed in Table 10 and Table 11, each
dataset presents sequences with unique challenges, including variations in motion (fast or slow), lighting (bright
or dark), and scene complexity (structured indoor environments or dynamic outdoor scenes). By leveraging this
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Table 10. Dataset Characterization for EuRoC, KITTI, and HoloSet: Scene, Motion, and Lighting Characteristics

| Dataset | Sequence Name

Agent Type | Scene Type | Motion | Light | Extra Information |

MHO1 (easy) Drone Indoor Medium | Bright Good texture
MHO2 (easy) Drone Indoor Medium | Bright Good texture
MHO03 (medium) Drone Indoor Fast Bright -
MHO04 (difficult) Drone Indoor Fast Dark -

EuRoC MHO05 (difficult) Drone Indoor Fast Dark -
V101 (easy) Drone Indoor Slow Bright -
V102 (medium) Drone Indoor Fast Bright -
V103 (difficult) Drone Indoor Fast Medium | Motion blur
V201 (easy) Drone Indoor Slow Bright -
V202 (medium) Drone Indoor Fast Bright -
V203 (difficult) Drone Indoor Fast Medium | Motion blur
00 Car outdoor Slow Medium | Residential streets, evening, dusk, shadows
01 Car Outdoor Fast Bright Highway, daytime
02 Car Outdoor Medium | Medium | Roads and streets, dusk, shadows
03 Car Outdoor Medium | Medium | Roads and streets, dusk, shadows
04 Car Outdoor Fast Medium | Roads, shadows

KITTI 05 Car Outdoor Slow Medium | Residential streets, evening, dusk, shadows
06 Car Outdoor Medium | Dark Night/dusky grey, industrial buildings
07 Car Outdoor Medium | Medium | Campus downtown, dusk
08 Car Outdoor Slow Bright Residential streets, morning, shadows
09 Car Outdoor Fast Bright Highway, daytime
10 Car Outdoor Slow Medium | Residential streets in evening, dusk, shadows
Campus Center (seql) | Human Indoor Slow Medium | Stairs, humans
Campus Center (seq2) | Human Indoor Slow Medium | Stairs, humans

HoloSet Suburbs Jog (seq1) Human Outdoor Fast Bright Trees, parked cars, road
Suburbs Jog (seq2) Human Outdoor Fast Bright Trees, parked cars, road
Suburb Walk (seq1) Human Outdoor Medium | Bright Trees, parked cars, road
Suburb Walk (seq2) Human Outdoor Medium | Bright Trees, parked cars, road

information, tracking algorithms can be optimized for the unique characteristics of each sequence, either online
or offline.

In the EuRoC dataset, for instance, sequences like MHO1 and MHO02 are easier, featuring medium motion
in bright, well-textured indoor environments. Our texture profiling shows that MHO01 and MHO02 have high
texture scores (0.269 and 0.218) and low percentages of low-light conditions, making them favorable for tracking.
Algorithms can optimize their performance by focusing on structured feature extraction and loop closure in these
sequences, which benefits from the availability of good lighting and texture. In contrast, sequences like MH04
and MHO05 introduce significant difficulty with fast drone motion in dark indoor scenes, reflected in their high
low-light percentages (83.7% and 84.4%) and moderate texture scores. In these cases, tracking systems need to
rely more heavily on inertial data or enhance feature extraction in low-light conditions. Additionally, sequences
like V103 and V203 introduce motion blur, posing further challenges. Algorithms can improve performance by
detecting these conditions in real time and adjusting tracking strategies, such as applying motion compensation
techniques or increasing reliance on temporal smoothness to reduce drift.

The KITTI dataset presents outdoor, car-based sequences where motion and lighting vary significantly between
residential streets, highways, and industrial areas. For instance, KITTI sequence 01 involves fast motion on a
highway in bright daylight, where tracking methods must be optimized for high-speed motion, ensuring features
are tracked reliably despite rapid changes in the scene. In contrast, sequences like KITTI 06 are set in dark,
industrial environments with medium motion, where our profiling shows low texture and low-light conditions,
necessitating adjustments in feature extraction sensitivity. For residential street sequences, such as KITTI 00
and KITTI 05, tracking algorithms must handle medium lighting and shadows caused by objects like parked
cars and trees. Sequence-level profiling in KITTI helps systems adapt tracking techniques for each sequence’s
environmental attributes, improving robustness.
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Table 11. Profiling Lighting and Texture on EuRoC.

| Sequence | MHO1 | MH02 | MHO3 | MHO04 | MHO5 | V101 | V102 | V103 | V201 | V202 | V203 |

[ Texture score (norm) [ 0.269 [ 0.218 [ 0.123 [ 0.238 [ 0.237 [ 0.154 [ 0.117 [ 0.163 [ 0.218 [ 0.197 [ 0.090 |
[ Low Lighting Profile (%) | 267 [ 29.0 | 192 | 837 [ 844 | 34 | 21 [ 262 | 87 [ 114 | 247 |

The HoloSet dataset introduces human-centered sequences with both indoor and outdoor settings. These
sequences feature a human wearing an XR headset, resulting in slower and more unpredictable motion than
the drone or car-based sequences in EuRoC and KITTI. For the Campus Center sequences, motion is slow
and set indoors with medium lighting. Here, systems can focus on identifying and tracking key features in
cluttered scenes with human movement and stairs while adjusting to the slower motion. In contrast, suburban jog
sequences feature fast motion in bright, outdoor environments, often accompanied by trees, parked cars, and roads.
Profiling these sequences shows the need for systems to anticipate rapid changes in scene structure and motion
while handling outdoor lighting challenges. Like KITTIL environmental elements like trees introduce occlusion
challenges, and tracking algorithms can prioritize high-texture regions while compensating for motion blur and
abrupt human movements. By tailoring tracking methods to the specific conditions of each sequence—whether
it involves fast motion, complex geometry, or challenging lighting—algorithms can dynamically adjust their
processing techniques. For example:

o Fast motion (e.g., KITTI 01, HoloSet Suburbs Jog seql) requires robust feature tracking algorithms that
account for rapid environmental changes, potentially leveraging inertial data to maintain stability.
o Low light sequences (e.g., EuRoC MHO05, KITTI 06) benefit from adaptive feature extraction methods that
adjust sensitivity to contrast and compensate for the lack of visual information in darker environments.
e Motion blur (e.g., EuRoC V203) and occlusions (e.g., KITTI 00) require algorithms to compensate by
predicting feature movement based on prior frames or relying on temporal coherence for smoother tracking.
By implementing sequence-level profiling, SLAM systems can better navigate the varied environmental and
motion challenges posed by different datasets, resulting in improved tracking accuracy and robustness across
diverse domains, such as indoor XR environments and outdoor IoT applications.

3 — Sample-Level Profiling. This involves real-time analysis of individual frames or segments of a sequence to
understand changes in lighting, texture, or motion. For example, in sequences with sudden lighting transitions or
occlusions, real-time profiling can dynamically adjust feature extraction methods, preventing loss of tracking due
to momentary visual obstructions or environmental changes.

By systematically profiling the input at different levels, SLAM systems can dynamically adapt to varying scene
characteristics, improving robustness and accuracy across domains.

5.2 Sensor-Specific Observations

Tracking performance is shaped not only by algorithmic design and scene characteristics but also by the properties
and limitations of the sensors used for visual tracking. In our evaluation, we observed that several sensor factors
interact with environmental and locomotion challenges to affect SLAM and VO accuracy.

Shutter effects. Rolling shutter distortion is a significant source of error in HoloSet sequences, where fast head
motions introduce geometric artifacts. Algorithms that lack explicit rolling shutter compensation struggle to
maintain accuracy under these conditions, with many SLAM methods failing entirely.

Resolution and field-of-view (FoV). Narrow FoV and limited resolution in the HoloLens-based HoloSet dataset
reduce feature coverage, particularly in texture-sparse indoor scenes and during rapid rotations. A narrow FoV
also exacerbates sensitivity to rotational motion, leading to larger drift. This affects both traditional feature-based
methods and deep learning methods.

Frame rate and synchronization. High frame rate sequences in HoloSet (60 FPS) impose additional computa-
tional demands and require accurate temporal synchronization. Misalignment between camera and IMU streams,
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or dropped frames under processing load, introduces drift and instability. Some methods, such as VINS-Fusion,
show degraded performance in high-motion HoloSet sequences compared to controlled EuRoC runs. In contrast,
EuRoC’s global shutter stereo cameras with well-synchronized IMU yield more stable performance.

Dynamic range and lighting sensitivity. The strong correlation of ATE with lighting variations (Table 8)
highlights the influence of sensor dynamic range and exposure control. Methods that rely on photometric
consistency are particularly vulnerable to lighting changes and overexposure. KITTI’s outdoor sequences show
pronounced variability in ATE under varying sun angles and shadows.

Sensor noise and calibration. Sensor noise, including image noise and IMU bias, also impacts tracking accuracy.
HoloSet’s IMU noise and drift, in combination with rolling shutter effects, pose challenges to visual-inertial
methods. In KITTI, well-calibrated stereo rigs enable robust tracking even under vehicle vibrations. EuRoC
similarly benefits from high-quality calibration.

Lens distortion and optical artifacts. Optical distortion, particularly at the edges of wide-angle lenses, can
introduce tracking instability if not properly modeled. In HoloSet and EuRoC, lens distortion interacts with
narrow FoV and rolling shutter effects, degrading feature tracking in peripheral image regions.

Sensor limitations compound tracking challenges in complex environments across all datasets. In HoloSet,
rolling shutter distortion, narrow FoV, high frame rates, and sensor noise significantly degrade tracking accuracy.
In KITTI, the global shutter mitigates geometric distortion, but dynamic lighting and vehicle vibration remain
key challenges. EuRoC’s well-calibrated, synchronized sensor suite yields the most consistent performance,
though sensitivity to motion blur and lighting remains. Robust SLAM and VO methods must explicitly account
for sensor-specific effects—particularly when targeting deployment on heterogeneous hardware platforms as
found in XR and IoT ecosystems.

5.3 Intermediate Information

The second approach involves leveraging intermediate values and insights during the tracking process, much like
the approach discussed in the nFEX paper [27]. Intermediate information, such as feature tracking confidence or
feature density in a region, can be used to adjust the tracking algorithm mid-process dynamically.

Feature Extraction Feedback. SLAM systems can use intermediate feedback about feature quality and density
to improve tracking accuracy. For instance, if the system detects that feature tracking is failing due to low texture
or occlusion, it can switch to alternate tracking strategies, such as using inertial data, predicting motion based on
previous frames, or increasing the maximum number of features tracked.
Adaptive Sampling: By analyzing intermediate outputs, the system can adjust the frequency of feature extraction
or the regions of interest for tracking. This approach is particularly useful for scenes with varying complexity,
such as those that move from structured environments with predictable motion (EuRoC’s indoor sequences) to
unstructured, complex environments (HoloSet’s human-centered suburban sequences).

Intermediate information enables a more responsive and adaptive tracking system, improving accuracy by
making real-time adjustments based on evolving scene characteristics.

5.4 Output Evaluation

The final approach involves analyzing the tracking system’s outputs, particularly errors, and using this information
to refine and improve its performance. By evaluating output errors, the system can make post-process adjustments
or inform future tracking sessions.

Error Correction. By evaluating discrepancies between the estimated trajectory and ground truth (as shown in
the qualitative TartanVO0 analysis in Figure 3), systems can identify error patterns specific to certain environments
or conditions. For example, if a system consistently fails to track correctly in low-texture environments, it can
reweight the importance of visual features versus inertial data.
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Trajectory Feedback Loops. Systems can use output evaluation to refine future predictions. For example, if a
system consistently underestimates scale in outdoor environments (as seen in the HoloSet sequences), it can
introduce corrections based on prior tracking errors, allowing the system to adjust its internal model of the scene
over time.

Cross-Domain Adaptation. By analyzing output errors across different domains (e.g., indoor-to-outdoor
transitions in EuRoC vs. KITTI or human-centric scenes in HoloSet), systems can gain actionable insights into
how to improve domain adaptability. Output evaluation helps pinpoint weaknesses that may not be evident
during training but become apparent in real-world, cross-domain deployments. A promising direction to improve
robustness is the use of cross-domain adaptation techniques that enable models to generalize better to unseen
environments. Recent approaches such as self-supervised deep visual odometry with online adaptation[69] and
adaptive learning for hybrid visual odometry[73] explicitly address this challenge, showing how online adaptation
and domain-invariant representations can improve performance in diverse scenes.

By systematically evaluating outputs and integrating such adaptation strategies, SLAM systems can continu-
ously refine their tracking accuracy, becoming more resilient across varying environments.

6 Conclusion and Future Work

Our study is unique because it goes beyond mere qualitative comparisons of datasets and prior work using
single metrics from traditional studies. Instead, we conduct a comprehensive analysis to evaluate the multiple
tracking methods across a wide range of datasets. Our research effort in devising the taxonomy of challenges
and performing comparative analysis provides key insights into the workings of SLAM pipelines. We show that
understanding and embracing data diversity across application scenarios, sequences, and samples can improve the
robustness of future SLAM methods applicable to XR context. While significant strides have been made in SLAM
research, many unresolved challenges still exist. By leveraging the insights and recommendations provided in
this work, we envision future tracking that is adaptable and generalizable across domains in real-world scenarios.
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