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Abstract: Six degrees of freedom (6DoF) input interfaces are essential for manipulating virtual objects through translation or rotation in three-dimensional (3D) space. A traditional outside-in tracking controller requires the installation of expensive hardware in advance. While inside-out tracking controllers have been proposed, they often suffer from limitations such as interaction limited to the tracking range of the sensor (e.g., a sensor on the head-mounted display (HMD)) or the need for pose value modification to function as an input interface (e.g., a sensor on the controller). This study investigates 6DoF pose estimation methods without restricting the tracking range, using a smartphone as a controller in augmented reality (AR) environments. Our approach involves proposing methods for estimating the initial pose of the controller and correcting the pose using an inside-out tracking approach. In addition, seven pose estimation algorithms were presented as candidates depending on the tracking range of the device sensor, the tracking method (e.g., marker recognition, visual-inertial odometry (VIO)), and whether modification of the initial pose is necessary. Through two experiments (discrete and continuous data), the performance of the algorithms was evaluated. The results demonstrate enhanced final pose accuracy achieved by correcting the initial pose. Furthermore, the importance of selecting the tracking algorithm based on the tracking range of the devices and the actual input value of the 3D interaction was emphasized.
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1  Introduction

Augmented reality and virtual reality (AR/VR) technology have been propelled by improvements in both hardware and software performance. Numerous systems for experiencing three-dimensional (3D) content, such as HTC VIVE [1], HoloLens [2] and Meta Quest [3] are now commercially available. These systems typically include a head-mounted display (HMD) presenting a virtual space or virtual objects, accompanied by a controller that serves as a six degrees of freedom (6DoF) input interface to facilitate 3D interaction. In systems such as HTC VIVE [1], the HMD and controller are tracked using an external base station (sensor) in the surrounding environment employing an outside-in tracking method. However, challenges arise when the HMD or controller moves out of the tracking range or is obstructed, leading to difficulties in estimating their poses. Conversely, systems such as Meta Quest [3] use a camera (sensor) on the HMD to scan the real environment and estimate the pose of the HMD. The HMD camera also tracks the controller by employing an inside-out tracking approach. While this eliminates the need for an external sensor, the controller’s pose estimation is limited to the sensing range of the HMD.

Simultaneously, there is a rising trend in AR/VR libraries to facilitate the use of smartphones as display devices, such as ARCore [4], ARKit [5] and Google Cardboard [6]. AR experiences are becoming more widespread, and smartphones, being universal devices capable of self-pose estimation, have inspired research [7–9]. In researches [7–9], a smartphone was used as an input controller for 3D interactions, but the selection of tracking algorithm was insufficiently reviewed.

This study focuses on using a smartphone as a controller for 3D interaction in an AR environment. The primary goal of this study is to explore pose estimation methods that eliminate the limitations posed by sensors traditionally used for device tracking. Fig. 1 illustrates the conceptual framework of this study, and the key contributions are outlined as follows.
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Figure 1: Concept of this study: (a) smartphone controller based on six degrees of freedom (6DoF) pose for three-dimensional (3D) interaction (b) examples of input interfaces using smartphones

1.    Inside-out tracking methods that estimate the 6DoF pose of the controller were proposed using only the HMD and the controller (smartphone) (Fig. 1a). In particular, the pose can be continuously estimated without being affected by the sensing area of the devices.

2.    Computer vision-based tracking approaches, including marker recognition and visual-inertial odometry (VIO), were investigated. This involves estimating the pose of the controller in the HMD coordinate system and correcting the estimated pose.

3.    Seven tracking algorithms are presented as potential solutions that combine various pose estimation and correction methods.

4.    Guidelines are provided for selecting an appropriate tracking algorithm, considering the controller’s interaction range (within or outside the field of view of (FoV) of HMD’s camera) and actual input values (discrete or continuous data (Fig. 1b)) required for a 6DoF input interface.

The subsequent section of this study is organized as follows: Section 2 introduces related work on tracking methods for 3D interactions, Section 3 describes the details of inside-out tracking methods for pose estimation, Section 4 describes experiments to evaluate the performance of pose estimation using the seven tracking algorithms, Section 5 discusses the pose estimation methods, and Section 6 provides the conclusion and future work.

2  Related Work

Three primary methods of tracking for 3D interaction are shown in Fig. 2: (a) outside-in tracking, (b) inside-out tracking using the sensor of the HMD, and (c) inside-out tracking using the sensor of the controller. In this section, tracking methods are categorized into (1) pose tracking that does not use the controller’s sensor (Figs. 2a or 2b) and (2) pose tracking that uses the controller’s sensor (Fig. 2c or a combination of Figs. 2b and 2c).
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Figure 2: Tracking approaches for controller’s pose estimation: (a) outside-in tracking (b) inside-out tracking using head-mounted display (HMD) (c) inside-out tracking using a controller

2.1 Controller Pose Tracking for 3D Interactions

A crucial aspect of 3D interactions, such as selecting and moving virtual objects, is the 6DoF input interface. Numerous studies have used high-performance motion capture cameras [10] and standard input devices [1] for AR/VR (Fig. 2a). However, recognition is limited to the environment where the tracking sensor is installed [11], leading to high manufacturing costs [12]. In the case of commercial devices [3], the LED in the controller can be tracked by the HMD’s camera (Fig. 2b). Additionally, to use a smartphone as a controller, a marker can be displayed on the smartphone screen for pose estimation through marker recognition [13,14], often combined with touch input operations [15]. However, challenges arise when the controller is not within the camera’s view [3,13–15]. In addition, a natural user interface (NUI) can be achieved through hand skeleton extraction [16] and gesture recognition [17] without using a physical controller. However, issues such as user fatigue and the absence of tactile feedback are associated with the operation of moving hands in the air.

This study uses a smartphone as a controller due to its universal presence and user familiarity, coupled with the ability to provide haptic feedback. The smartphone’s capacity to estimate its pose using internal sensors enables 6DoF input even outside the HMD’s tracking range, thereby expanding the range of interaction.

2.2 Self-Tracking of Controller Pose Using Internal Sensors

Research [18] uses the smartphone’s built-in inertial measurement unit (IMU) sensor to estimate the device’s orientation (3DoF) and enables pointing operations through ray casting. Another study [19] used a device’s IMU sensor to achieve 3D rotation and translation of a virtual object. Here, a virtual plane corresponding to the mobile device is placed in 3D space, allowing 2D movement operation (parallel to the virtual plane) via slide input on the touchscreen. Rotating the device while pressing a physical button facilitates the rotation of the virtual plane. However, challenges in measurements using IMU sensors include the need to correct drift caused by cumulative errors [18], making it difficult to obtain accurate and continuous 6DoF values for determining position and orientation.

Within computer vision-based tracking methods, it is possible to estimate the device’s pose without visual markers, as illustrated in Fig. 2c. Techniques such as VIO [4,5], simultaneous localization and mapping (SLAM) [20], represent typical markerless methods and VR/AR applications are being realized using the above methods [21,22]. Some studies [7–9,23,24] have proposed using VIO (or SLAM) to enable 3D interaction over a wide range. For instance, research [23] proposes a 6DoF controller using SLAM by attaching a camera to a VR standard controller, automatically correcting sudden changes in pose due to tracking errors. However, these correction methods may not account for the impact of differences between the actual and estimated pose on the user, especially when the controller is within the HMD’s FoV. Recent advancements have enabled the independent estimation of a smartphone’s 6DoF pose, leading to research on using it as an input controller for large screen displays [7] or VR/AR applications [8,24]. In research [8], a virtual object corresponding to the smartphone’s pose is displayed in the HMD coordinate system, allowing the user to self-correct the pose. In addition, to use the smartphone’s pose estimated by VIO as input for ARHMD, research [9] recognizes the markers displayed on the smartphone screen with the HMD camera and converts the controller’s pose into the HMD coordinate system.

Our research aligns closely with previous researches [8,9] by proposing a method for estimating the controller’s pose and correcting them using an HMD and a controller. However, whereas researches [8,9] presented a single tracking algorithm combining a computer vision-based method and a correction method, how the tracking and correction methods were determined for each study is unknown. Our research proposed seven types of inside-out tracking algorithms that combine controller pose estimation methods and pose correction methods using an HMD and a controller (combination of Figs. 2b and 2c). In addition, guidelines for designing appropriate tracking algorithms were presented according to the interaction range of the controller and the pose-based actual input values.

3  Inside-Out Tracking-Based Pose Estimation

The system under consideration in this study comprises a display device (D-device) and a controller, as illustrated in Fig. 3. The D-device presents a 3D space to provide users with an AR/VR experience. Tracking is necessary when the controller is within the sensor range of the D-device. As described above, HMDs or mobile devices, such as smartphones and tablets, are mainly used as D-devices to estimate the pose of the D-device and controller. Furthermore, the controller (smartphone) serves as the input interface for operations on the D-device.
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Figure 3: System configuration (Display device (D-device) and controller)

This study implemented a system using two smartphones (Samsung Galaxy S9 and S21) as the D-device and controller, similar to the studies [8,13]. However, the tracking algorithm for pose estimation outlined in Section 3 is applicable even in environments where HMDs serve as D-devices [9,14]. The controller tracking method was implemented using Unity3D (version 2019.4), and the UNet library [25] facilitated client-server communication via the Wi-Fi network between the D-device and the controller.

3.1 Controller Pose Estimation

This subsection describes two tracking methods for estimating the pose of the controller in the D-device coordinate system.

3.1.1 VIO

VIO is a technology that simultaneously performs environment mapping and pose estimation using a device’s camera and IMU sensor. Most VIO systems that operate in real-time have the advantage of being able to quickly estimate pose based on IMU sensor and correct drift by fusing camera data. In this study, Google’s ARCore [4] is used to obtain the pose of the D-device and controller, with the camera images having a resolution of 640 pixels × 480 pixels.

Each pose estimated by VIO using a D-device and controller represents 6DoF data in the world coordinate system set by each device. However, because the coordinate systems of the D-device and the controller have different origins and axes, the pose data of the controller must be converted to the D-device coordinate system. Conversion between each coordinate system can be performed by searching for matching scenes between the environment maps created with VIO and using the scene data [26]. Although it is desirable to search for common locations in real-time on maps created by each device while scanning, in this study, ARCore’s cloud anchor (called anchor) [27] was pre-placed at common locations to perform coordinate system transformation between different devices. The procedure for acquiring the pose of the controller in the D-device coordinate system using VIO is as follows:

1.    Scan the real space while running the VIO on the D-device and place an anchor in the D-device coordinate system. To ensure stability, it is recommended to perform sufficient scanning in the real space where both devices can exist, generating a high-quality environment map.

2.    The controller scans the real space in a manner similar to (1). When a scene containing the anchor placed by the D-device in (1) is found, the anchor is also placed in the controller coordinate system.

3.    The controller calculates its pose concerning the anchor and transmits this data to the D-device via Wi-Fi.

4.    The D-device receives the data in (3) and finally converts it into the pose of the controller in the D-device coordinate system.

3.1.2 Marker Recognition

In an AR system employing visual markers, the marker pattern is detected from a camera image captured in real space, and the camera pose in the marker coordinate system is then estimated. In this study, OpenCV’s ArUco module [28] was used to perform marker recognition.

The process for determining the controller’s pose through marker recognition is as follows. First, display a marker on the controller’s screen, and recognize the marker with D-device’s camera. Obtain the pose of the camera in the marker coordinate system, and calculate the pose of the controller in the D-device coordinate system from the positional relationship between the D-device’s camera and marker.

3.2 Correction Methods for Controller Pose Estimated by VIO

While Section 3.1 outlined the process of estimating the controller’s pose in the D-device coordinate system, it is crucial to acknowledge that the estimated pose may differ from the actual pose. This discrepancy becomes especially evident when employing VIO, where pose errors may arise due to the tracking method’s performance and visual features of the surrounding environment (e.g., update of each device’s coordinate system and quality of anchors, etc.). In this study, the following three correction methods (CM1~CM3) were investigated to rectify the pose estimated by VIO. Notably, the object’s pose (poseobject) is expressed distinctly through position xobject (3D) and orientation qobject (quaternion). The process of obtaining correction data (xCM,qCM) is as follows:

(1)   CM1: A green computer graphics (CG) object representing the pose of the controller estimated by VIO (posefix_VIO) is displayed and fixed in the 3D space (Fig. 4a). Then, manually align the actual device (controller) on the green CG object (Fig. 4b). Correction data were saved as follows (see Eqs. (1) and (2)) based on the amount of change between the pose estimated by the VIO (posealign_VIO: Corresponding to the red CG object in Fig. 4b) and posefix_VIO.
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Figure 4: Process example of CM1: (a) Fixing a green computer graphics (CG) object representing the pose estimated by visual-inertial odometry (VIO) (posefix_VIO). (b) Performing the alignment task with the green CG object by moving the controller. The red CG object represents the pose estimated by VIO (posealign_VIO) when the controller is aligned with the green CG object

xCM1=xalign_VIO−xfixVIO(1)

qCM1=qalign_VIO∗qfix_VIO−1(2)

(2)   CM2: Display the controller’s marker within the FoV of the D-device camera in advance, and the amount of change between poses estimated by marker recognition (poseFoV_marker) and VIO (poseFoV_VIO) is saved as correction data (Fig. 5).
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Figure 5: Process example of CM2, CM3: If the controller is within the field of view (FoV) of the D-device, the controller pose is estimated using marker recognition (poseFoV_marker) and VIO (poseFoV_VIO)

(3)   CM3: Unlike CM2, if there is a marker on the controller’s screen within the FoV of the D-device camera, the correction data is continuously corrected by marker recognition. If the controller exists outside the FoV of the D device’s camera, calculate the pose of the controller by adding correction data to the pose estimated by VIO.

CM2 and CM3 calculate correction data as follows:

xCM2(orCM3)=xFoV_marker−xFoV_VIO(3)

qCM2(orCM3)=qFoV_marker∗qFoV_VIO−1(4)

Finally, the corrected poses (position (xfinal) and orientation (qfinal)) are calculated by adding the correction data ((xCM,qCM): CM1~CM3) to the current pose estimated by VIO (posecurrent_VIO).

xfinal=xCM+xcurrent_VIO(5)

qfinal=qCM∗qcurrent_VIO(6)

An example of the modified pose when performing correction using the above method is shown in Fig. 6.
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Figure 6: Correction of controller pose estimated by VIO: (a) before and (b) after correction

3.3 Tracking Algorithm Design Strategy

In Sections 3.1 and 3.2, the controller pose estimation and correction methods are explained. This section explains the design of the seven tracking algorithm candidates.

Fig. 7 shows the coordinate systems that can be used depending on the positional relationship between the D-device and the controller. When the controller is within the FoV of the D-device’s camera, the D-device can estimate the controller’s pose using two methods: Marker recognition and VIO (Fig. 7a). Additionally, it can be estimated indirectly through the anchor (Fig. 7b). On the other hand, if the controller is outside the FoV of the D-device’s camera, pose estimation is possible only with the VIO method using the anchor (Fig. 7c). Therefore, the tracking algorithm for estimating the controller’s pose must be designed considering the FoV of the D-device’s camera and the operating area of the controller. The estimated controller’s pose varies depending on the use of correction methods (outlined in Section 3.2). Therefore, when constructing an actual system, it is necessary to consider the following: 1) whether correction work can be performed before using the controller as an input interface, 2) the ease of correction for the user regarding the controller’s pose, and 3) the computing power available on the D-device. Drawing from these considerations, the seven tracking algorithm candidates shown in Table 1 were considered.
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Figure 7: Tracking approaches for positional relationship between D-device and controller: Within the FoV ((a) marker recognition, (b) VIO) and outside the FoV ((c) VIO) of D-device’s camera
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4  Evaluation

To evaluate the characteristics of each of the tracking algorithm candidates (T1~T7) explained in Section 3.3, two experiments were conducted to compare the pose (position and orientation) of the controller estimated by each tracking algorithm. As shown in Fig. 8, Meta Quest2 (HMD and two VR controllers (L-sensor and R-sensor)) was added along with two smartphones (D-device and controller) to obtain the ground truth (GT) of the controller pose. A calibration tool consisting of a checkerboard (ChArUco) and the R-sensor (Fig. 8a) was installed to determine the relationship between the coordinate systems of the D-device and Meta Quest2. Notably, the difference in pose between the checkerboard and R-sensor was pre-measured. Additionally, by measuring the pose of the L-sensor attached to the controller (Fig. 8b), the actual pose of the controller was estimated.
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Figure 8: System configuration (a) calibration tool (ChArUco and R-sensor), (b) a controller with L-sensor attached, (c) D-device fixed on a tripod, (d) HMD (camera) for tracking L-sensor and R-sensor

During the experiments, we assumed that the user would experience the AR application while standing, and evaluated the accuracy of the pose using two types of data (discrete and continuous data). In Experiments 1 and 2, marker recognition was successful when the controller’s marker was within the FoV of the D-device camera. In addition, the D-device placed the anchor after slowly and sufficiently scanning the location for anchor placement, and the D-device was fixed on a tripod after placing the anchor (Fig. 8c). The controller moved around the environment containing the anchor.

4.1 Experiment 1: Discrete Data

In Experiment 1, aimed at comparing the controller’s pose estimated by the tracking algorithm with the GT, the task of selecting a CG target (a blue cube with sides of 2 cm) was performed as shown in Fig. 9. The procedure is as follows. First, estimate the pose of the D-device using VIO and place an anchor on the D-device coordinate system. Subsequently, we position 16 CG targets in the D-device coordinate system based on the D-device’s pose. Along the z-axis (depth direction of the D-device camera), eight targets are located at 25 cm, while the remaining eight targets are located at 35 cm (Figs. 9a, 9b). Using a green CG object representing the estimated pose of the controller by the tracking algorithm, a task of pointing each target was performed for 5 s (Fig. 9c).
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Figure 9: Example of performing the task of Experiment 1: (a) screen of D-device, (b) all targets placed in D-device coordinate system (within and outside the FoV of D-device’s camera), (c) estimated pose of the controller is pointing to the blue CG target

Furthermore, if the distance between the centers of the CG object and the target was within 2 cm, the target was correctly selected. In addition, when pointing to a target located outside the FoV of the D-device camera, the estimated pose of the controller and the pose of the target were numerically displayed on the controller screen, given that the target was not visible on the D-device. This task was repeated twice for each tracking algorithm during the experiment.

4.1.1 Results

The results of Experiment 1 are presented in Tables 2 and 3. For targets exist within the FoV of the D-device’s camera, both position (pos) and orientation (rot) errors are significantly smaller in marker recognition-based tracking algorithms (T4~T7) compared with the VIO-based tracking algorithm (T1) (pos: T = 25.352, p < 0.001, rot: T = 6.834, p < 0.001). Estimating position and orientation using marker recognition seems to be more accurate than using anchors. In addition, combining VIO with the pose correction method (T2, T3) significantly reduces the position error compared with the VIO-only tracking algorithm (T1) (between T1 and T2: T = 34.196, p < 0.001, between T1 and T3: T = 18.798, p < 0.001), affirming the effectiveness of the correction method.
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For targets outside the FoV of the D-device’s camera, a comparison was made between the VIO-based tracking algorithm and three tracking algorithms that correct the pose (CM1~CM3) estimated by VIO. The results showed that using the algorithm combining CM1 (T2/T5) or CM2 (T3/T6) significantly reduces the position error compared with the algorithm using only VIO (T1/T4). (between T1/T4 and T2/T5: T = 10.90, p < 0.001, between T1/T4 and T3/T6: T = 12.83, p < 0.001). Additionally, for four conditions (T1/T4 (VIO only), T2/T5 (VIO with CM1), T3/T6 (VIO with CM2), and T7 (VIO with CM3)), significant differences in orientation errors were obtained between the conditions (F = 5.303, p < 0.01), Notably, T7, which combines VIO with CM3 had the smallest error. Because CM3 makes corrections based on the position and orientation estimated by marker recognition immediately before it leaves the camera’s FoV, it inferred that the orientation error was smaller compared to CM1 and CM2.

4.2 Experiment 2: Continuous Data

In Experiment 2, the continuous values of the position and orientation estimated by seven candidate tracking algorithms (T1~T7) with GT were compared to evaluate the movement trajectory of the controller. The task involved moving the controller along a path displayed in CG in the AR space. The path, shown in Fig. 10, took on a triangular and rectangular shape, resulting in four distinct types: One with the entire route within the FoV of the D-device’s camera and another with a portion of the route outside the FoV. All paths entailed variations in translation along the x, y, and z axes of the D-device coordinate system. For this experiment, a dataset was created using ARCore’s Recording and Playback API [29] to evaluate the performance of the tracking algorithm when the controller made the same movement.
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Figure 10: Example of four paths in Experiment 2: (a) TRI1, (b) TRI2, (c) REC1, (d) REC2

4.2.1 Recording Mode

Initiate recording while applying VIO on the D-device. Conduct a comprehensive scan of the real environment and generate an environment map with suitable quality for placing the anchor. Similarly, the controller scans the real environment and places the anchor. Subsequently, we perform calibration to integrate the Meta Quest coordinate system and the D-device coordinate system. To estimate the controller’s pose, we calculate the correction data using CM1 and CM2 and obtain the pose of the L-sensor in advance. Following this, repeat the task of moving the controller along each path three times. Upon completion of all tasks, save the acquired data (controller’s pose estimated by T1~T7, RGB images, IMU, and D-device’s pose) at a rate of 20 Hz. At this time, calculations by T1~T7 were each processed within 50 ms, and the pose value was updated every frame.

4.2.2 Playback Mode

The playback mode loads the data saved in the recording mode and outputs the GT corresponding to the timestamp of the estimated pose. Considering that the estimated controller pose and GT sampling rate are 20 and 60 Hz, respectively, the data correspondence is adjusted by referring to the study [30]. Finally, the GT and the estimated pose are acquired at 20 Hz, generating a total of 12 sequences ((path type: 4) × (number of trials: 3)) as shown in Table 4.
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4.2.3 Results

The accuracy was evaluated by comparing the pose estimated by T1~T7 and GT using a quantitative path evaluation tool [31]. This tool [31] employs a path alignment method for VIO, providing absolute path error (ATE) and relative error (RE) as error metrics for path evaluation between GT and the estimated pose. ATE measures the error without aligning two paths, whereas RE measures the error after aligning the paths in advance. The root mean square error (RMSE) values of the ATE’s position, orientation, and RE’s position (pATE, rATE, pRE) were used as the evaluation index. In particular, translation and rotation around gravity were employed to align the RE.

Table 5 shows the results of sequences that moved only within the FoV of the D-device’s camera (TRI1 and REC1). The tracking algorithms using only marker recognition (T4~T7) had significantly smaller pATE and pRE than the tracking algorithm using only VIO (T1) (pATE: T = 22.816, p < 0.001, pRE: T = 7.833, p < 0.001). In addition, the tracking algorithm that corrects the pose value estimated by VIO (T2, T3) has a significantly smaller pATE than the method using only VIO (T1) (between T1 and T2: T = 14.761, p < 0.001, between T1 and T3: T = 24.518, p < 0.001).
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Table 6 shows the results for the sequences TRI2 and REC2. Regarding movement within the FoV of the D-device’s camera, the tracking algorithm based on marker recognition (T4~T7) had the smallest pATE and pRE. Regarding outside the FoV of the D-device’s camera, there was a significant difference in pATE between the four conditions (T1/T4 (VIO only), T2/T5 (VIO with CM1), T3/T6 (VIO with CM2), and T7 (VIO with CM3)) (F = 13.92, p < 0.001), and T7 had the smallest error. Furthermore, compared with tracking algorithms that use only VIO (T1, T4), pATE and rATE were significantly reduced using a tracking algorithm that corrected the pose value estimated by VIO (T2/T5, T3/T6, T7). As a result of the entire path including inside and outside the FoV, T7 was the smallest in pATE and pRE and T3 the smallest in rATE. Compared with tracking algorithms that combined VIO and correction methods (T2, T3), pATE was significantly reduced using tracking algorithms that further combined marker recognition (T5, T6) (between T2 and T5: T = 10.19, p < 0.001; between T3 and T6: T = 2.78, p < 0.05). In addition, for the tracking algorithm that uses marker recognition and VIO simultaneously (T4~T7), a significant difference in pATE was obtained between the four conditions (F = 26.38, p < 0.001), and T7 had the smallest error.
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5  Discussion

5.1 Limitatinos

When using a smartphone pose value as an input interface, the potential issue of delay time may arise. This study investigated a tracking algorithm based on VIO and marker recognition. For VIO, the pose of the controller is estimated by image processing for each frame, and the pose in the anchor coordinate system is sent to the D-device via the Wi-Fi network, resulting in a delay time. For T4~T7, when the controller is within the FoV of the D-device’s camera, marker recognition is performed while simultaneously creating an environment map with VIO, leading to potential delays due to increased processing costs. To solve these problems, it is necessary to introduce higher-performance devices and optimize tracking algorithms. Additionally, if the real environment in which the system will be used is known, a map of the environment can be created in advance to reduce the amount of computation through map-based localization [20].

Fig. 11 shows the trajectories of the estimated poses moving inside and outside the FoV of the D-device’s camera (TRI2, REC2) in Experiment 2. When the tracking approach is different between the inside and outside of the FoV of the D-device’s camera, it was observed that the estimated pose values change significantly at the boundary between the inside and outside the FoV, causing the trajectory to become discontinuous. Additionally, there was a 150 ms time difference between the marker recognition-based and VIO-based pose timestamp estimated by the D-device for each frame. To smooth the movement path of the controller, it is essential to consider applying filtering based on signal processing such as the Kalman filter.
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Figure 11: The absolute trajectories of the estimated poses moving inside and outside the FoV of D-device’s camera on the path of TRI2 (With the pose of the D-device as the origin, the x, y, and z axes are in the left-right, up-down, and forward-backward directions, respectively. Top and side view are the paths seen from the z- and y-axis, respectively)

In the case of T4~T7, there is a risk that marker recognition may fail due to rapid movement within the FoV of the D-device’s camera. Since the controller has an IMU sensor, a more sophisticated pose estimation can be conceived by considering the IMU data along with visual markers. In the case of VIO, effects due to rapid movement may also occur, and limitations need to be investigated.

Compared to CM2 and CM3, which perform calibration by automatically moving the controller, CM1 requires more time to perform accurate calibration. In this experiment, it took approximately 30 s.

5.2 Strategy for Using Pose Values as an Input Interface

Section 4 compares the pose estimated by the seven tracking algorithm candidates with GT, and finds that it is crucial to select an appropriate tracking algorithm depending on the interaction range of the controller and the actual input values used as an input interface. In this section, a strategy based on the data type for using the smartphone’s pose as an input interface is explained. Please note that tracking algorithms that do not use correction methods (T1 and T4) and tracking algorithms that use manual correction methods (T2 and T5) are excluded from recommendation.

5.2.1 Discrete Data

Discrete data can be used for input manipulation, such as pointing and selection. When a virtual object is sufficient to reach, it can be directly manipulated using the smartphone as a cursor displayed in 3D space. Additionally, when the virtual object is out of reach, ray casting can be used. In this case, tracking algorithms such as T6 and T7, which have small errors in pose within the FoV of the D-device’s camera, are effective. When a smartphone interacts within and outside the FoV, tracking algorithms such as T6, which has small position errors, are effective.

5.2.2 Continuous Data

When using the continuous movement of a smartphone as an input, tasks such as 3D drawing and accurate placement of virtual objects can be performed from the absolute value of continuous data. In addition, the user’s relative movement can also be used as an input manipulation, such as gesture recognition. In this case, tracking algorithms such as T6 and T7, which have small pATE and pRE within the FoV of the D-device’s camera, are effective. For ranges that include both inside and outside the FoV, tracking algorithms such as T7, which has small pATE and pRE, are effective.

5.2.3 Manipulation Near the Boundary Inside and Outside the FoV

As mentioned in Section 5.1, tracking algorithms that use different tracking approaches for inside and outside the FoV may cause discontinuity in the estimated pose at the boundary between inside and outside the FoV. According to Fig. 11, compared to T6, which draws a discontinuous path at the boundary inside and outside the FoV, T7 draws a relatively smooth path. This shows that the amount of pose change is small when CM3 changes from inside the FoV to outside the FoV. Meanwhile, if much work is required near the boundary between inside and outside the FoV, T3, which has the same tracking approach for inside and outside the FoV, may be appropriate depending on the application.

6  Conclusion and Future Work

This study investigated the use of a smartphone’s pose as an input interface for 3D interaction. Seven inside-out tracking algorithms were presented using only the built-in sensors of the D-device with controller and the accuracy of the estimated pose was evaluated in two experiments. Compared with a tracking algorithm using only VIO, the pose accuracy was improved by combining correction methods. In particular, regardless of whether the controller moves inside or outside the FoV of the D-device camera, marker recognition was used within the FoV, and a method combining VIO, and correction methods was used outside the FoV to improve pose accuracy. In conclusion, from a general perspective, T6 and T7 are recommended for use as an input interface, and T3 is recommended when a lot of work require around the border between inside and outside the FoV of the D-device’s camera. Future work will consider optimizing the tracking algorithm to shorten the pose estimation time. In addition, experiments on users using the tracking algorithms to verify its usefulness as an input interface for 3D interaction will be conducted.
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Table 1: Seven tracking algorithm candidates

Tracking algorithm Tracking approach Correction method
Within the FoV Outside the FoV

T1 VIO X

T2 VIO CM1

T3 VIO CM2

T4 Marker VIO X

TS5 Marker VIO CM1

T6 Marker VIO CM2

T7 Marker VIO CM3
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Table 3: Estimated position and orientation errors outside the FoV in Experiment 1

Tracking algorithm pos (cm) rot (°)
T1, T4 2.2 14.9
T2, TS 1.0 15.6
T3, T6 0.9 17.6
T7 2.1 9.8
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Table 6: Results for sequences TRI2 and REC2 in Experiment 2

Tracking Error Sequences Average
algorithm
TRI201~203 REC201~203
Within the  Outside the Total Within the  Outside the Total Within the  Outside the Total
FoV FoV FoV FoV FoV FoV
T1 PATE (em) 1.5 13.8 9.5 7.6 12.8 9.1 7.1 11.6 8.5
ra1E(®) 11.6 22.5 15.1 13.5 21.9 15.8 12.0 18.8 14.1
PRE (cm) 34 7.4 5.4 2.9 5.4 43 2.7 4.6 3.9
T2 PATE (cm) 5.8 11.2 7.6 5.9 10.0 7.1 5.4 8.9 6.4
rate (°) 10.4 14.9 11.7 11.9 15.0 12.7 12.0 13.2 12.3
PRE (cm) 34 7.4 2.9 2.9 5.4 43 2.7 4.6 3.9
T3 PATE (cm) 3.9 10.5 6.3 3.8 9.2 5.5 33 7.7 4.8
ratE ) 88 11.8 9.6 9.0 11.3 9.6 11.1 11.2 11.1
PRE (cm) 34 7.3 5.4 2.9 5.4 43 2.7 4.6 3.9
T4 parE (cm) 15 13.8 6.9 1.7 12.8 6.2 1.4 11.6 5.9
raTE (°) 10.3 22.5 14.3 10.5 21.9 13.9 13.0 18.8 14.8
prE (em) 1.1 7.4 5.9 1.1 5.4 5.2 1.0 4.6 5.1
T5 parE (cm) 15 9.1 47 1.7 9.6 49 1.4 8.4 44
ratE (°) 10.3 15.0 11.7 10.5 15.0 11.7 13.0 13.5 13.2
prE(cm) 1.1 6.1 4.1 1.1 55 4.0 1.0 45 3.8
T6 pATE (em) 1.5 8.0 4.2 1.7 8.7 4.5 14 7.1 3.8
rate (°) 10.3 11.4 10.6 10.5 11.2 10.7 13.0 11.2 12.5
PRE (cm) 1.1 5.6 3.6 1.1 5.2 3.7 1.0 43 33
T7 pATE (em) 1.5 8.4 44 1.7 6.6 3.5 14 6.1 3.3
rarE (°) 10.3 15.9 12.0 10.5 12.2 11.0 13.0 12.5 12.9
prE (em) 1.1 7.4 43 1.1 5.4 3.2 1.0 4.6 3.1
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Table 4: Dataset collected in Experiment 2

Sequences Frames
Path type Trials Within the FoV Outside the FoV Total
TRII1 01 93 93
02 94 94
03 91 91
TRI2 01 84 28 112
02 80 24 104
03 104 33 137
RECI1 01 119 119
02 117 117
03 137 137
REC2 01 111 37 148
02 103 38 141
03 108 45 153
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Table 2: Estimated position and orientation errors within the field of view (FoV) in Experiment 1

Tracking algorithm pos (cm) rot (°)
Tl 2.7 16.6
T2 0.5 18.2
T3 0.7 16.9
T4, TS5, T6, T7 0.5 9.2
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Table 5: Results for sequences TRI1 and REC1 in Experiment 2

Tracking algorithm Error Sequences Average
TRI 101 TRI102 TRI103 REC 101 REC 102 REC 103

Tl Dare (cm) 6.3 6.4 6.8 7.4 6.5 5.9 6.6
Fae () 122 12.0 11.6 10.9 8.8 11.0 11.1
Pre (cm) 2.2 2.4 29 2.4 2.0 2.1 2.3

T2 DPare (cm) 4.1 4.3 4.9 5.9 5.0 3.8 4.7
Fare °) 6.3 8.1 8.8 15.4 12.3 10.1 10.2
Pre (cm) 2.2 2.4 29 2.4 2.0 2.1 2.3

T3 Dare (cm) 2.6 2.7 32 3.0 2.3 2.5 2.7
rare °) 8.9 10.2 9.6 16.1 14.7 13.9 12.2
Pre (cm) 2.2 2.4 29 2.4 2.0 2.1 2.3

T4, TS, T6, T7 DPare (cm) 1.3 1.1 1.1 1.7 1.3 1.7 1.4
rae °) 8.9 10.4 10.7 17.3 14.8 13.2 12.6

pre (cm) 0.7 0.8 0.9 1.1 1.1 1.2 1.0
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