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Sandro Moos' & Enrico Vezzetti

Optical tool tracking is the process of determining the 6DoF pose of an object in real time using visual
sensor streams and image processing algorithms. It enables spatial localization in applications such

as robotics, medical imaging, augmented reality, and precision manufacturing. However, existing
solutions often involve tight coupling between hardware and software, complicating the management
and benchmarking of different tracking systems. This paper presents the Modular Optical Tool
Tracking (MOTT) framework, a unified platform for implementing, integrating, and benchmarking
optical tracking solutions. A requirement-based design approach was adopted, using Quality Function
Deployment (QFD) to systematically derive technical features and identify design drivers that guided
the architecture of the framework. The resulting software framework standardizes the concept of an
optical tracking method, featuring a flexible and extensible architecture based on object-oriented
principles. Two marker-based tracking methods using an RGB camera as video source were evaluated
through the developed framework. The presented case studies showcased the use of the framework
for method implementation and comparison within a unified pipeline, reporting computational
metrics such as frame rate, CPU and memory usage, and providing pose visualizations. The proposed
framework enables standardized evaluation and benchmarking of optical tracking systems, and
provides a foundation for future extensions involving non-optical tracking modalities and large-scale
comparative studies. The implementation is openly available at https://github.com/tooltip-optical-trac
king/mott-framework.

Keywords Optical tracking, Pose estimation, Modular framework, Benchmarking, QFD, Tool tracking

Optical tool tracking refers to the task of localizing and following an object over time using visual sensor data
and image processing techniques!. Within this domain, pose estimation is an algorithmic component®* that
computes the spatial parameters of the object with respect to a reference frame, tipically expressed as its three-
dimensional position and orientation (6DoF).

More specifically, it is referred to as 6DoF pose estimation when the position of the object’s centroid, i.e.
the three coordinates x, y, and z, is calculated along with roll, pitch, and yaw, thus covering the six degrees of
freedom of a rigid body. It is therefore possible to perform tracking without pose estimation, but not vice versa.

Optical tool tracking enables real-time determination of object position and orientation using visual sensor
streams and image processing algorithms. It is widely used in various domains where spatial awareness is critical,
including medical imaging®, precision manufacturing®$, and robotic systems’.

In the industrial domain, optical tracking monitors tool position and orientation in automated processes,
ensuring millimeter-level accuracy in tasks like assembly and quality control'®!!. It is also applied in industrial
maintenance and calibration, where AR enhances technician precision!>13.

Tracking methods can be classified along two complementary dimensions: the camera setup and the
detection strategy for the tool, with various approaches available depending on the application. The camera
setup encompasses the type of camera used, such as RGB, grayscale, or infrared, along with more specialized
options like multispectral cameras, which capture images across multiple discrete spectral bands', hyperspectral
cameras, which record a continuous spectrum for each pixellS, or event-based cameras, which detect changes in
the scene asynchronously rather than capturing frames at fixed rates!®.
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Furthermore, some cameras provide depth estimation capabilities'”, achieved through various techniques
including passive and active stereoscopy, structured light, Time-of-Flight (ToF), and depth from defocus
(DFD)*8. The detection strategy can be broadly categorized into markerless and marker-based approaches. In
markerless tracking, the tool is recognized and followed directly based on its intrinsic features, without relying on
external markers'®?. Recent advancements in this area exploit machine learning and deep learning methods to
improve robustness and generalization capabilities??!. In contrast, marker-based tracking uses predefined visual
references to facilitate detection and pose estimation, offering higher reliability in controlled environments.
These markers may include pattern-based markers such as QR codes, ArUco markers, or image targets®*~%4, as
well as localization markers that employ visible light or infrared LEDs. Additionally, passive markers, including
retroreflective spheres or colored markers, are commonly utilized in these systems®>%.

Optical tracking methods are widely applied in various fields®*”?%, but their implementations are often
tightly coupled with specific hardware and software configurations®. This tight integration makes it difficult to
upgrade hardware, experiment with alternative tracking algorithms®, or combine different methods within a
single system, largely due to the lack of standardization®'.

Although several tracking methods exist, there is no widely adopted framework that allows for seamless
combination or swapping of these methods without significant customization®?-*. Existing toolkits and
prototypes highlight useful contributions but remain limited in scope and adoption. This gap in flexibility and
interoperability suggests the need for a more generalized solution.

This work aims to address these limitations by proposing the MOTT (Modular Optical Tool Tracking)
framework, which abstracts the execution flow of various tracking methods. The framework is designed to be
adaptable to different hardware and algorithms, allowing developers to experiment with and compare multiple
tracking techniques without the need for extensive software modifications. This flexibility makes it suitable for
both research, where rapid prototyping and testing are essential, and industrial applications, which require
robust and scalable solutions.

The key contributions of this work are:

« The application of Quality Function Deployment (QFD) to systematically derive requirements for an optical
tracking framework, enabling alignment between user needs and technical features through structured anal-
ysis by domain experts.

« The definition of a software framework that standardizes the concept of an optical tracking method, designed
with a flexible and extensible architecture based on object-oriented principles.

+ The demonstration of the framework’s applicability through two case studies showcasing two state-of-the-art
marker-based tracking methods using an RGB camera.

« The introduction of a modular structure that supports benchmarking of optical tracking methods, providing
a foundation for the comparison and evaluation of different algorithms and hardware configurations.

The remainder of this paper is structured as follows: Section “Related works” reviews related work and existing
tracking techniques; Section “Materials and methods” introduces the proposed framework and outlines its
implementation; Section “Case studies” presents two case studies demonstrating the frameworK’s capabilities;
finally, section “Discussion” provides a discussion of the results, and section “Conclusions” concludes the paper
with suggestions for future research directions.

Related works

Research on optical tracking spans hardware testbeds, methodological surveys, commercial and custom-built
systems, and integration middleware. Across these strands, prior work highlights the need for standardized
evaluation while revealing fragmentation that hinders comparability and reuse.

Benchmarking platforms have commonly employed physical artifacts to quantify accuracy and stability.
Khadem et al.’® introduced a mechanical setup to measure jitter in commercial trackers, and Wiles et al.’?
formalized protocols, showing that vendor procedures may conceal non-uniform error distributions. Herregodts
et al.’® emphasized dynamic evaluation with moving targets, indicating that static-only tests underestimate
errors encountered in practice. These contributions provide concrete procedures but remain tied to specific
hardware and do not generalize to modular, algorithm-level benchmarking.

Methodological reviews point to heterogeneity in definitions, datasets, and metrics. Bouget et al.? analyzed
vision-based tool tracking in surgery, documenting variability that complicates cross-paper comparison. Hoque
et al.?! surveyed 6DoF pose estimation and noted challenges in reproducibility and evaluation design. Fritz et
al.*® discussed AR/VR benchmarking and the scarcity of unified protocols. Collectively, these surveys indicate
that algorithmic progress has often outpaced the standardization of evaluation pipelines.

Commercial navigation systems and in-house platforms demonstrate clinical feasibility but add constraints
for research. Studies such as Koivukangas et al.** and Kral et al.** compared optical and electromagnetic trackers
in surgical contexts, reporting trade-offs shaped by line-of-sight and environment. Proprietary ecosystems offer
accuracy and robustness yet restrict extensibility, while custom-built solutions are typically tailored to specific
experiments and are difficult to reproduce or share across groups.

General-purpose tracking benchmarks advance evaluation in adjacent domains but differ in scope from
optical tool tracking. Dendorfer et al.*! provide standardized metrics and datasets for multi-object tracking,
primarily targeting 2D object trajectories rather than 6DoF tool pose. Li et al.*? introduced LasHeR for
RGB-thermal tracking, focusing on cross-modality robustness. Pouw et al.*> proposed a pedestrian-tracking
benchmark emphasizing flow, density, and trajectory accuracy. These resources strengthen dataset-driven
comparisons but do not offer a reconfigurable software framework for optical tool pipelines.
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Several integration frameworks address interoperability. OpenIGTLink*! enables vendor-neutral
communication between devices and navigation software, and the PLUS toolkit*> connects ultrasound and
trackers to 3D Slicer, facilitating acquisition and streaming. Such tools are effective for device integration but are
not designed as benchmarking harnesses for evaluating interchangeable detection and pose-estimation modules
under consistent runtime conditions.

Within robotics, ROS and ROS 2 are widely adopted middleware for modular system design*®*’. They provide
message passing, node abstractions, time synchronization, and simulation tooling that support orchestration
across perception, planning, and control*®*. Their objective, however, is system-level coordination rather than
controlled assessment of individual tracking algorithms. ROS-based pipelines depend on distributed runtimes
and layered configuration, which can complicate fine-grained benchmarking. By contrast, dedicated frameworks
for optical tool tracking emphasize lightweight, single-process execution with stable input-output contracts and
built-in computational profiling; such specialization complements ROS/ROS 2 and can be wrapped as nodes
when broader orchestration is needed.

Taken together, prior work provides valuable protocols, surveys, benchmarks, and integration layers, yet
leaves gaps for a domain-focused, modular framework that standardizes method-level evaluation for optical tool
tracking while remaining lightweight and adaptable.

Materials and methods

In this section, we outline the approach and processes used for the development and implementation of the
proposed framework. In section “Requirements for framework design” we first identify the requirements
necessary for the framework design, followed by the construction and interpretation of the QFD. Subsequently,
the design of the framework is detailed in section “Framework design’, including its structure and operational
flow. Source management, tracking management, and feedback management are illustrated in sections “Source
management’, “Tracking management”, and “Feedback management’, respectively. In section “Framework
implementation” we describe the software architecture of the framework.

Requirements for framework design

To guide the development of the framework, a requirement-based design methodology was adopted. Among the
available approaches for capturing and structuring requirements, Quality Function Deployment (QFD)* was
selected. QFD has been widely applied in engineering design because it establishes a direct mapping between
stakeholder needs and technical features, ensuring traceability throughout the design process. Compared to
diagrammatic modeling approaches such as UML use-case diagrams®! or agile requirement techniques®?, QFD
offers a structured matrix representation that is particularly effective when multiple technical solutions must be
weighed against heterogeneous user demands.

The QFD in this study was developed by a focus group composed of the authors of this work, plus two
researchers in computer engineering with expertise in computer vision and software architectures and two
researchers in management engineering with experience in requirements engineering and design methodologies,
all affiliated with Politecnico di Torino. This composition was chosen to balance domain-specific technical
expertise with methodological perspectives, reducing the risk of overlooking either practical constraints or
higher-level design goals.

The outcome of this process was the identification of guiding principles, referred to as design drivers, and
a set of key framework features that collectively shaped the architecture of the proposed system. These drivers
and features ensured that the framework design remained aligned with both user needs and technical feasibility,
providing a foundation for the implementation described in the following sections.

QFD development

The QFD integrates two orthogonal dimensions: the horizontal dimension represents the user or system
requirements, while the vertical dimension represents the technical features or engineering characteristics
that must be implemented to meet these requirements. By mapping these two dimensions, the QFD enables a
systematic analysis of how well the technical features align with the identified requirements, ensuring a design
that reflects both functional and technical objectives.

Regarding the design of the QFD, the requirements were first collected and then refined through discussion
within the focus group. Each requirement was individually assigned an importance weight from 1 (low) to
5 (high), reflecting its relative priority for the framework. After individual assignments, the weights were
compared and discussed collectively until consensus was reached, so that the final scores reflected agreement
among all members.

Once the requirements were fixed, the focus group used a brainstorming session to define the set of technical
features that could fulfill them. The number of features was intentionally kept within a manageable range to
preserve the clarity and interpretability of the matrix, in line with recommendations from established QFD
methodology®®*3. Each feature was included only if the group agreed on its direct relevance to at least one of the
main requirements.

The relationship between requirements and features was then scored using the standard QFD convention
(1 = weak, 3 = medium, 9 = strong). Each member first proposed correlation values independently, then the
group converged on shared values through open discussion. This process ensured that both expert judgment and
consensus were represented in the final matrix. The weighted correlations derived from multiplying requirement
importance by correlation strength highlighted which features contributed most strongly to satisfying the
requirements.

The focus group also considered interdependencies within requirements and technical features, summarizing
them in the QFD roof of correlations
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Figure 1 illustrates the resulting QFD. For the sake of compactness, the full lists of requirements and technical
features, together with their detailed descriptions, are reported in Online Appendix.

QFD interpretation

In this work, we define design drivers as high-level technical principles derived from the QFD analysis™.
These drivers group together related technical features and provide guidance for the architectural, functional,
and implementation choices made during the framework’s development. This approach is consistent with
requirement-driven design methodologies®, and aligns with the use of QFD in software engineering®.

The highest-rated technical features are used to define a set of design drivers. Figure 2 presents a visual
mapping between technical features, the corresponding design drivers, and the resulting framework features.

The most influential technical feature, Modular architecture, together with Configurable system, defines the
primary design driver, Framework design, which governs the fundamental characteristics of the framework,
including its architectural and operational structure.

Subsequently, additional design drivers related to the framework’s functionalities were identified from
the QFD’s technical features: (i) Multi-sensor support and Public API define the design driver Source
management. (i) Configurable system also contributes to the design driver Tracking management. (iii)
Visual feedback and Tracking error measurements define the design driver Feedback management.
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Fig. 1. Quality Function Deployment (QFD) showing the alignment between the requirements and technical
features of the tracking framework. The left side details the system requirements, while the top section presents
the technical features.
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Fig. 2. Mapping between technical features, design drivers, and framework features resulting from the QFD
analysis. This diagram was specifically developed as part of the present work.

Finally, a comprehensive design driver addressing the Framework implementation was derived from
the following technical features: Computational footprint, External library support, Processing time, and Cross-
platform compatible.

These design drivers collectively guided the decision-making process throughout the framework’s
development. Each driver provided a structured approach to define key architectural, functional, and
implementation aspects, ensuring that the framework meets the identified technical requirements.

Consequently, from the identified design drivers, specific framework features have been derived to translate
the high-level design principles into concrete characteristics that the framework must have. These features define
the practical aspects that the framework must meet to ensure compliance with the established design drivers.
They encompass key operational characteristics, such as modularity, structured data flow, and support for
essential processes including source management, calibration, thresholding, marker extraction, pose estimation,
metric computation, and data visualization. These elements collectively contribute to the achievement of a
coherent and efficient framework architecture.

Framework design
The Framework Design design driver led to the definition of two key framework features that define the system’s
architecture: a modular structure and a clear operational workflow.

The framework is organized into independent modules, each responsible for a specific task within the optical
tracking process, such as image acquisition, preprocessing, marker tracking, or performance evaluation. This
structure improves maintainability and allows components to be added, modified, or replaced without impacting
the rest of the system, enabling straightforward adaptation to different tracking algorithms and configurations.
By abstracting each functionality, the framework eases seamless interchangeability and adaptability to various
tracking applications and hardware setups, and ensures scalability for extending with new tracking methods,
external libraries, or additional sensors. Furthermore, it simplifies development through clear module
boundaries, promotes code reusability across different scenarios, and enhances debugging and optimization due
to the independence of each module.
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The operational flow of the framework is structured around a central entity, the Pipeline, which orchestrates
the interaction between different processing modules, ensuring that each step in the tracking process is executed
in the correct sequence. The operational flow is divided into three phases: initialization, continuous execution,
and finalization. During the initialization phase, the framework configures all necessary resources and sets
up the computational environment, loading parameters, establishing hardware connections, and performing
essential preprocessing steps to prepare input data for subsequent tracking operations. This phase also includes
preliminary setup tasks that may require human intervention, whether they need to be performed at every
execution or only once.

Once initialized, the system enters the continuous execution phase, where data is processed in real time.
At each iteration, new input is acquired, relevant tracking information is extracted, processed according to the
chosen methodology, and output is generated for visualization or further analysis. Execution can terminate
under different conditions, such as a user request, the exhaustion of available data, or the completion of a
predefined time limit. Finally, during the finalization phase, all allocated resources are released, connections
with external devices are closed, and any necessary data is stored before shutdown.

A schematic representation of the operational flow is depicted in Fig. 3.

Source management

This design driver deals with handling data acquisition from camera devices and camera calibration and
configuration. It supports arbitrary camera configurations, from single-camera to stereo and multi-camera
setups. In such scenarios, the framework does not directly handle time synchronization, which must instead be
managed within the implementation of the specific Source. It led to the introduction of two framework features
that correspond to framework modules:

o Source module: it is responsible for managing video input streams. It is designed to support a generic video
source, whether from cameras, prerecorded videos, or synthetic data sources. It accommodates any camera
configuration, supporting an arbitrary number of source feeds in various video formats, such as single-cam-
era, stereo, and multi-camera setups, as well as RGB, black-and-white, and depth cameras. The modular de-
sign allows for switching between different input sources without modifying the core framework logic.

o Calibration module: given that accurate tracking often requires precise knowledge of the intrinsic and ex-
trinsic parameters of the cameras used, this module performs this task by computing these parameters, for
example, focal length, optical center, distortion coeflicients, and relative camera poses in multi-camera setups.

Pipeline

Initialization

Configure resources | Load parameters Connect to devices

| Manual setup

Continuous execution

Acquire input |—>| Extract tracking data I—Pl Process data

| Generate output |—>| Check termination |

Finalization
Release resources | | Close connections | | Save data
Fig. 3. Operational flow diagram.
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Tracking management

The present design driver is responsible for detecting markers, estimating their spatial positions, and computing
the tool’s pose. To maintain a structured and adaptable approach, we identified a series of framework features
and corresponding modules, each performing a specific function:

o Thresholding: this module preprocesses acquired frames by applying image segmentation techniques to isolate
markers from the background, for methods that require this preliminary step. The thresholding parameters
are configurable, allowing adaptation to different environments and tracking scenarios.

o MarkerExtraction: this module detects and localizes markers within preprocessed images, extracting their
relevant features for further processing. It supports tracking algorithms that determine marker coordinates
either in the 2D image space or in the 3D world space, ensuring compatibility with diverse tracking method-
ologies.

o PoseEstimation: once markers are identified, this module computes the tracked object’s six degrees of freedom
(6DOF) pose, i.e., its position and orientation in the 3D world space. Its modular implementation allows
different estimation methods to be integrated, providing flexibility to balance accuracy and computational
efficiency.

Feedback management

The present design driver facilitates real-time feedback and quantitative performance evaluation, enabling
continuous system monitoring and data-driven adjustments to enhance tracking precision and stability. This led
to the inclusion of framework features and respective modules dedicated to visualization and metrics estimation:

o Visualization: this module renders tracking results in real-time, providing users with visual feedback, such as
marker positions, estimated poses, and tracking trajectories. This module may be used for debugging, system
calibration, and applications requiring immediate feedback.

o MetricEstimator: its role is to provide an evaluation of the tracking process through quantitative metrics. This
module is particularly important for benchmarking different tracking configurations and methodologies.

Framework implementation

In this section, we describe the design driver that governs the framework implementation, detailing how it
translates into the concrete development of the system. The MOTT framework has been developed using an
object-oriented approach in C++, leveraging the OpenCV library, and is available as an open-source library™”. It
follows a modular design, enabling adaptability across different tracking methods by decomposing the execution
flow into distinct, reusable components.

The software architecture of the framework is outlined next, with a focus on its modular components and
execution flow.

Building on the ideas presented in section “Framework design’, the Pipeline class implements the
functionality of the Pipeline entity, managing the execution of the tracking process and orchestrating a set of
modular components. The execution follows a structured approach, where each module is responsible for a
specific task, ensuring a clear separation of concerns and facilitating configurability.

At the core of this design is the Pipeline class, which implements the execution flow of the tracking
process by orchestrating a set of modules. The execution is structured into three phases, Initialization, Continuous
execution, and Finalization, ensuring a consistent operational flow. This structure is visually summarized in
the activity diagram shown in Fig. 4, which outlines the sequential execution of modules and their interaction
within the pipeline. Each module is responsible for a specific task within the pipeline and follows a standardized
structure to facilitate integration and adaptability.

To enforce modularity, the framework defines a generic interface, Module, which serves as a common
blueprint for all functional blocks. This interface establishes three fundamental methods: initialize for
resource allocation and configuration, execute for performing the modulée’s primary function, and finalize
for resource deallocation. These methods align with the execution phases of the pipeline, ensuring coherence in
module interactions.

A set of abstract classes inherit from Module, defining the essential steps of a generic tracking method. These
abstract classes act as templates for concrete implementations, promoting reusability and allowing different
tracking methods to be assembled through configurable module combinations. The Pipeline aggregates
instances of these modules and sequentially invokes their respective initialize, execute, and finalize
methods.

Through the use of multiple instances of Pipeline, the framework supports multiple tracking methods
within the same execution environment. This capability enables comparative evaluations of different
configurations without requiring significant modifications to the software structure.

Supplementary Figure 1 illustrates the hierarchy of classes and the relationships between the components of
the framework.

Case studies
The case studies presented here are intended as proof-of-concept demonstrations, to illustrate the modularity of
the framework and how different components can be integrated in a unified pipeline. Reference implementations
aligned with these examples are also available in the public repository.

The Intel’ RealSense™ D435i camera® was employed due to its array of sensors, enabling the implementation
of diverse tracking techniques (Fig. 5). The camera is equipped with the OmniVision OV2740 RGB sensor,
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Fig. 6. (a) 6 x 9 calibration ChArUco board; (b) partially occluded ChArUco board during calibration
process.
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Fig. 7. Tool equipped with passive spherical markers.

which provides a resolution of 1920 x 1080 pixels with a 16:9 aspect ratio at a frame rate of 30 FPS, and it
supports both 10-bit RAW RGB and YUY2 compressed stream formats.

To integrate the aforementioned camera with our framework, we implemented the RGBMonoSource class,
extending the abstract Source class, which supports the use of monocular RGB cameras through the OpenCV
APL

The intrinsic parameters of the camera, essential for pose estimation, are computed through a calibration
process using the CharucoCalibration class, which extends the abstract Calibration class, and
employs ChArUco boards® with the OpenCV library to achieve accurate and robust calibration. These boards
consist of a checkerboard pattern where each white square contains an ArUco marker. The markers help uniquely
identify the board’s position and orientation, while additional calibration points enable accurate calibration
even when parts of the board are occluded. Figure 6 shows the ChArUco board used for the calibration of both
tracking methods.

The calibration process involves capturing multiple images of the board from different angles using the
target camera. The CharucoCalibration class then computes the camera’s intrinsic parameters through
the cv::calibrateCamera function®. In the case of stereo camera setups, which this class also supports,
the process continues with the estimation of extrinsic parameters to model the spatial relationship between the
cameras.

Passive spherical marker tracking

In the first method, a tool equipped with four fiducial spherical markers, coated with fluorescent matte yellow
paint to enhance contrast, and measuring 20 mm in diameter, was utilized to improve detectability against the
surrounding environment (Fig. 7).

The tool also featured a tip, which was the target to be localized after the pose estimation. In this case,
tracking this type of marker requires isolating it within the frames through a segmentation process using the
HSVThresholding class, a subclass of Thresholding. This class enables the isolation of the spherical
markers on the tool by generating a binary mask that excludes all other elements. The HSVThresholding
class allows for manual adjustment of the binary mask parameters by fine-tuning the minimum and maximum
Hue, Saturation, and Value (HSV) values. This ensures that only the colors of interest are retained in the frames
during the thresholding phase, which occurs after calibration and before the continuous execution phase (Fig. 8).

Marker detection is performed by the SpheresMonoExtraction class, which extends the abstract
MarkerExtraction class. Following segmentation with the thresholding module, a blob detection algorithm
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® Real projected points
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Fig. 9. Schematic representation of the Perspective-n-Point (PnP) problem for the tool with passive spherical
markers. The real tool’s markers are detected and projected onto the image plane (red dots). Knowing the 3D
coordinates of the model’s markers, Equation 1 is iteratively solved for [R | t]. The set of markers, transformed
by R and t, representing the transformation from the tool’s frame T to the camera’s frame C, is reprojected
onto the image plane (blue dots). The reprojection error, shown by black arrows, is iteratively minimized by
recalculating [R | t].

is applied to the source frame to identify 2D regions corresponding to potential tool markers. The centers of the
minimum enclosing circles of the detected blobs, representing the marker positions, are then determined in the
image-space (u, v) coordinates, with outliers filtered out to improve accuracy. Since the geometry of the tool
is known, the 3D coordinates of the spherical marker centers with respect to the tool reference frame, along
with their 2D coordinates in the uv image space, are available. This allows the pose estimation problem? to be
formulated as a Perspective-n-Point (PnP) problem. The PnP problem, coined by Fischler and Bolles®, is defined
as follows: given a set of 3D points P; = (X;,Y;, Z;) in the world reference frame and their corresponding 2D
projections p; = (u;, v;) on the image plane, the goal is to find the extrinsic camera parameters, rotation R and
translation t, that minimize the reprojection error between the 3D points projected into the image plane and
their corresponding 2D points (Fig. 9):

U; Xi
slu| =KR|t |} (1)
1 11

where K is the intrinsic camera matrix and s is a scaling factor, with both 3D and 2D points expressed in
homogeneous coordinates.

The matrix R and vector t transform the 3D points from the world reference frame to the camera reference
frame.
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Fig. 10. ScreenView’s user interface where circles indicate the positions of the detected markers, along with
the reference frame used to define their 3D coordinates.
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Fig. 11. Visualization of the estimated poses in four different spatial configurations of the instrument.
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Fig. 12. Tool equipped with ArUco planar marker.

The PnPAlignment class extends the abstract PoseEstimation class to solve the PnP problem
using the cv::solvePnPRansac function from OpenCV. This function applies the RANdom SAmple
Consensus (RANSAC) method®! to robustly estimate the rotation matrix R and translation vector t, even in the
presence of outliers and noise, while keeping the scale factor fixed at s = 1. To enhance tracking stability, the
PnPAlignment class employs the KalmanFilter class, which inherits from Filter. Separate Kalman
filters®? are applied to the translational and rotational components, reducing noise and improving robustness in
real-time applications.

For visualization purposes, the tracking method utilizes the ScreenvView class, which inherits from the
Visualization abstract class. This class renders the live video feed with annotations from various modules
and displays it in a dedicated window, as depicted in Fig. 10.

The tool was positioned and oriented in different configurations to qualitatively assess the correctness of the
pose estimation and verify that the obtained values were consistent (Fig. 11).

Planar ArUco marker tracking
The second method uses a planar binary ArUco marker®®, measuring 50 x 50 mm, attached to a tool with a
target tip (Fig. 12).

After converting the source frame to grayscale, the tracking process relies on detecting the marker’s corners
in the image. This is handled by the ArUcoExtraction class, which implements the MarkerExtraction
abstract class leveraging the ArucoDetector class from the aruco module of the OpenCV library. Therefore,
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this method employs the NoThresholding class, which performs no operations. In this case, no additional
segmentation of the source image is required beyond what is performed by OpenCV APIs. Detecting the corners
provides their coordinates in the image space (u, v). When combined with the known 3D coordinates of the
marker’s corners and the tool tip in the tool reference frame, obtained from the tool model, the pose estimation
problem can again be formulated as a PnP problem. Consequently, the PnPAlignment class is used in this
method as well.

As in the previous method, this approach also employs the ScreenView class, derived from the
Visualization abstract class, for displaying the tracking output. The class overlays annotations on the live
video feed and shows the result in a dedicated window, as illustrated in Fig. 13.

Evaluation

To evaluate the computational impact of the two tested methods, two subclasses of MetricEstimator were
used: FPSMonitor and ResourcesUsage. These classes measure, respectively, the achieved frame rate
(FPS) and the computational load in terms of CPU and RAM usage by the process.

Performance metrics were recorded while each tool remained stationary in front of the camera at a distance
of 30cm. The system used for these measurements was equipped with an Intel(R) Core(TM) i9-9900X processor,
featuring 10 cores and a clock speed of 3.50 GHz, along with 32 GB of DDR4 RAM operating at 2666 MT/s.

Data were recorded over a 10 second interval, measuring Frames Per Second (FPS), CPU usage, and RAM
load (Fig. 14). The red line represents the tracking method using the tool with passive spherical markers, while
the blue line corresponds to the method with the tool equipped with ArUco planar markers. Both tracking
methods demonstrate similar performance in terms of frame rate, maintaining a relatively stable FPS between
29 and 33 Hz, with occasional spikes reaching approximately 34 Hz. Neither method shows a clear advantage
in terms of frame rate stability or average value. Regarding CPU usage, both methods show a consistent pattern
of fluctuation between approximately 2% and 4%, with occasional spikes reaching 6%. The fluctuation patterns
appear to be comparable between the two methods, with no substantial differences in average CPU utilization.
However, the RAM load profiles show distinct differences between the two methods. The tool equipped with
ArUco markers (blue line) initially starts at around 60 MB and steadily increases until approximately the
3-second mark, after which it fluctuates between approximately 68 MB and 75 MB for the remainder of the
measurement period. In contrast, the tool equipped with passive spherical markers (red line) maintains a more
consistent load at approximately 67 MB throughout the 10-second interval, with minimal variation. The higher
memory usage of the ArUco method may stem from its pipeline, which includes contour extraction, corner
refinement, and pattern decoding, unlike the simpler blob-based segmentation of spherical markers.

Figure 15 shows a diagram of the classes and the instances of two case studies.

Discussion

This work introduced the Modular Optical Tool Tracking (MOTT) framework as a modular environment
for implementing and benchmarking optical tracking methods. The framework was designed through a
requirement-based process, where Quality Function Deployment (QFD) was applied to identify, with the support
of a focus group, the fundamental technical features that would guide its development. These features were
then organized into five design drivers, which represent the functional building blocks of the framework. The
implementation aimed to demonstrate that a lightweight and extensible architecture can facilitate the integration
of diverse tracking modules and support preliminary comparative evaluations. This was illustrated through two
case studies based on marker-based tracking methods using an RGB camera, which served as proof-of-concept
demonstrations to validate the feasibility of the approach in real scenarios.

The requirements identified through the QFD tool were overall satisfied by the design drivers defined
in the framework. The requirement of “Extensibility” and “Flexibility” was supported by the “Framework
design” driver, which introduced a modular, object-oriented pipeline where modules can be added, replaced,
or reconfigured with limited adjustments. This enabled different tracking methods to be instantiated within a
common pipeline, as illustrated in the case studies. The “Source management” driver allowed the framework

Fig. 13. ScreenView’s user interface where circles indicate the positions of the detected corners, along with
the reference frame used to define their 3D coordinates.
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Fig. 14. Performance evaluation of both tracking methods while keeping the respective tool stationary in
front of the camera at a distance of 30 cm: recorded values over 10 seconds for (a) FPS, (b) CPU usage, and (c)
RAM load. The red and blue lines represent the tracking methods for the tools with passive spherical markers
and ArUco planar markers, respectively.

to meet the requirement of “Integration ease’, by accommodating different video input configurations ranging
from single- to multi-camera setups, while maintaining a unified data flow. The “Framework implementation”
driver addressed the requirement of “Performance”, as it included optimization of computational footprint and
processing time; this aspect was evaluated in the case studies through metrics such as frame rate, CPU usage,
and memory load. The requirement of “Evaluability” was also addressed by the “Feedback management” driver,
which provided visualization modules and metric reporting to support method comparison.

Previous studies on optical tracking largely focused on accuracy and hardware-dependent protocols.
Khadem et al.*® quantified jitter® using a mechanical platform, while Wiles et al.*’ highlighted how vendor
accuracy assessment protocols may obscure non-uniform error distributions. These works contributed accuracy
benchmarks, developed within the context of specific physical setups. In contrast, the present framework does
not aim to establish intrinsic accuracy values for tracking methods. Accuracy evaluation in MOTT is instead
left to the experimental metrics defined by the user, allowing benchmarks to be designed around accuracy
when needed, or extended to computational and architectural aspects. Koivukangas et al.** and Kral et al.*’
compared optical and electromagnetic tracking in surgical contexts, emphasizing trade-offs between accuracy
and robustness to line-of-sight occlusion. Their focus was modality comparison, whereas the present framework
provides a software structure for integrating different methods under consistent runtime conditions. Similarly,
Herregodts et al.*® advocated dynamic benchmarking with moving targets to address limitations of static
evaluations, whereas the present framework introduces a modular structure that could be reused to replicate
benchmarking under different experimental conditions. Reviews and benchmarks in adjacent domains?213%:41-43
have underscored the need for standardized and reproducible pipelines. The present work is consistent with
these observations but focuses specifically on optical tool tracking, where modular evaluation environments
are still limited. Integration frameworks such as OpenIGTLink*, PLUS*, and middleware like ROS/ROS 24647
address interoperability and system-level orchestration. By contrast, the scope of this framework is confined to
method-level evaluation, where interchangeable tracking modules can be implemented and compared within a
unified software pipeline.

The study nonetheless presents some limitations. Although this was not the primary aim of the work, the
presented case studies provide only a partial coverage of the wide variety of state-of-the-art optical tracking
solutions, as they focused on marker-based methods relying on a similar pose estimation logic, leaving other
approaches unexplored. In addition, the evaluation considered only computational performance (FPS, CPU, and
memory usage), without addressing other important aspects such as static and dynamic accuracy, which places
the study at an early stage of development. A further limitation concerns scalability: while the framework was
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Fig. 15. Class and instance diagram related to the two case studies presented.

designed to support multi-sensor setups, synchronization and large-scale deployment remain untested. Finally,
despite the cross-disciplinary expertise and effort of the focus group, it is acknowledged that not all requirements
may have been fully captured in the initial QFD analysis. These factors may restrict the generalizability of the
present findings and underline the preliminary nature of the contribution.

Future work will include the integration of additional optical tracking solutions based on different pose
estimation logics, as well as markerless approaches. Validation across heterogeneous hardware platforms is also
required, together with experiments designed to establish ground truth and to assess both static and dynamic
accuracy. These investigations would help verify the framework’s ability to adapt to diverse experimental
scenarios with complex and varied evaluation metrics. A further line of development concerns multi-sensor
configurations, where synchronization and scalability need to be implemented and evaluated to enable
application in more demanding settings.

Conclusions

This work presented the Modular Optical Tool Tracking (MOTT) framework as a proof of concept for a modular
environment dedicated to benchmarking optical tracking methods. The framework was designed through a
requirement-based approach and tested in two case studies, confirming its feasibility for integrating and
comparing alternative tracking modules. As a preliminary contribution, it establishes a foundation on which
future work can test a broader range of optical tracking solutions and pursue more extensive validation studies.

Data availability
The source code supporting the findings of this study has been deposited at https://github.com/tooltip-optical-t
racking/mott-framework. Additional details supporting this work are provided in the Supplementary Material.
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