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Three-dimensional scanners have been widely applied in image-guided surgery (IGS) given its potential to solve the image-to-patient registration problem. How to perform a reliable calibration between a 3D scanner and an external tracker is especially important for these applications. This study proposes a novel method for calibrating the extrinsic parameters of a 3D scanner in the coordinate system of an optical tracker. We bound an optical marker to a 3D scanner and designed a specified 3D benchmark for calibration. We then proposed a two-step calibration method based on the pointset registration technique and nonlinear optimization algorithm to obtain the extrinsic matrix of the 3D scanner. We applied repeat scan registration error (RSRE) as the cost function in the optimization process. Subsequently, we evaluated the performance of the proposed method on a recaptured verification dataset through RSRE and Chamfer distance (CD). In comparison with the calibration method based on 2D checkerboard, the proposed method achieved a lower RSRE (1.73 mm vs. 2.10, 1.94, and 1.83 mm) and CD (2.83 mm vs. 3.98, 3.46, and 3.17 mm). We also constructed a surgical navigation system to further explore the application of the tracked 3D scanner in image-to-patient registration. We conducted a phantom study to verify the accuracy of the proposed method and analyze the relationship between the calibration accuracy and the target registration error (TRE). The proposed scanner-based image-to-patient registration method was also compared with the fiducial-based method, and TRE and operation time (OT) were used to evaluate the registration results. The proposed registration method achieved an improved registration efficiency (50.72 ± 6.04 vs. 212.97 ± 15.91 s in the head phantom study). Although the TRE of the proposed registration method met the clinical requirements, its accuracy was lower than that of the fiducial-based registration method (1.79 ± 0.17 mm vs. 0.92 ± 0.16 mm in the head phantom study). We summarized and analyzed the limitations of the scanner-based image-to-patient registration method and discussed its possible development.
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1. INTRODUCTION

The rapid development of 3D scanning devices has introduced the possibility of acquiring high-quality 3D models within seconds. Three-dimensional scanners have been widely applied in image-guided surgery (IGS) given their potential to solve the image-to-patient registration problem (Cao et al., 2008; Fan et al., 2014, 2020), which directly affects the positioning accuracy of surgical navigation systems. As the core step in IGS, image-to-patient registration has attracted considerable research attention worldwide (Fitzpatrick et al., 2002; Gerber et al., 2013; Chu et al., 2017; Kim and Kazanzides, 2017).

In early IGS systems, image-to-patient registration was mostly based on artificial fiducials, which was called fiducial-based registration. The fiducial-based registration method was first applied to the clinic by Roberts et al. (1986), and several special fiducials were attached to the skin to align the CT image and the operating microscope. Maurer et al. (1997) used implantable fiducials in IGS, and the clinical results showed that the target registration error (TRE) ranged from 0.5 to 0.6 mm, reaching a submillimeter accuracy. Kim and Kazanzides (2017) proposed a fiducial-based registration framework that uses fiducials with a specific shape to position in CT images, thereby reducing the positioning error introduced by the operator. However, the fiducial-based registration method is limited by its disadvantages, such as complicated operation, high time cost, trauma, and potential hazard in contact.

In recent years, the image-to-patient registration method has evolved from fiducial-based registration to surface-based registration (Lathrop et al., 2010; Simpson et al., 2012; Ji et al., 2015; Fan et al., 2016) to achieve a fast, nonfiducial, and noninvasive image-to-patient registration. A series of surface-based image-to-patient registration methods have been proposed and have quickly become a research hotspot. Simpson et al. (2012) compared several tools for intraoperative surface acquisition, including tracked laser range scanners (LRS), tracked pointers, and tracked conoscopic holography sensors, and found that the LRS-based facial spatial digitization method performs best. Generally, a tracked marker needs to be fixed on the 3D scanner, and some specific calibration procedures are then conducted to establish a coordinate relationship between the 3D scanner and the external tracker, such as hand-eye calibration (Tsai and Lenz, 1989; Heller et al., 2016; Wan and Song, 2020).

However, the application of 3D scanner-based image-to-patient registration still has many limitations. A summary of image-to-patient registration methods in IGS (Willems et al., 2001; Schicho et al., 2007; Woerdeman et al., 2007; Grauvogel et al., 2010; Soteriou et al., 2016; Zhao et al., 2018) reveals that conventional fiducial-based registration methods always outperform surface-based ones. Eggers et al. (2006) revealed that the residual rotational error is the most significant factor for the deviation of surface-based image-to-patient registration. Therefore, eliminating the residual rotational error in the extrinsic parameters of a 3D scanner is critical to improve the performance of 3D scanner-based image-to-patient registration.

In this study, a dedicated 3D benchmark and a novel calibration method were proposed to calibrate the extrinsic parameters of a 3D scanner in the coordinate system of an optical tracker. The main contributions of this study are summarized as follows.

(1) A 3D benchmark for calibrating a 3D scanner was designed to compensate for the large residual errors in 2D checkerboard-based 3D scanner calibration tasks. The designed benchmark can also be applied to various calibration scenarios of different types of 3D scanner.

(2) A two-step calibration method was proposed to calibrate the extrinsic parameters of the 3D scanner based on pointset registration technique and nonlinear optimization algorithms. In comparison with the conventional hand-eye calibration method based on 2D checkerboard, the proposed method showed better performance in verification experiments.

(3) A complete 3D scanner-based image-to-patient registration framework was proposed, and the proposed two-step calibration method was applied to achieve the image-to-patient registration procedure.

The rest of this paper is organized as follows. In section 2, we reviewed the conventional camera calibration method based on 2D checkerboard. In section 3, we explained our calibration method in detail. In section 4, we validated and compared our proposed approach with state-of-the-art methods. We summarized those factors that restrict the development of the scanner-based method for image-to-patient registration and then described the possible future research directions.



2. RELATED WORKS

In this section, we initially summarized the related works on 2D camera calibration and then reviewed some works related to estimating the extrinsic parameters of 3D scanners.


2.1. 2D Camera Calibration

Camera calibration is a fundamental task in the field of computer vision. Through the calibration process, the mapping relationship between the 3D world and the 2D image captured by the camera is established, thereby guiding the computer to recognize the entire real world. In the camera calibration task, the camera is usually simplified as a pinhole model. On the basis of this model, the intrinsic matrix (K) of the camera can be formulated as
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where u0 and v0 are the principal points, and fx and fy are the focal lengths. For 2D camera calibration methods, a calibration benchmark with specific geometric properties that are easy to identify and extract is often used. Zhang (2000) proposed a 2D calibration benchmark with a checkerboard image. The corresponding calibration method requires the camera to take at least three images containing the checkerboard image at different positions. At the same time, a certain number of fixed corners of the checkerboard is taken to calculate the intrinsic and extrinsic parameters in the world coordinate system. This method has been widely used in academic research and industrial fields due to its simplicity of operation and high precision.



2.2. Calibrating the 2D Camera in an External Coordinate System

With the development of robotic technology, calibrating the camera in the external coordinate system (robot workspace) is necessary to enable the robot to acquire and understand the appropriate information about its workspace. In the industrial robot system, the relative transformation between the coordinate system of a camera and that of a robot must be initially determined, and the robot can then perform its specific tasks autonomously. This situation is the well-known hand-eye calibration problem.

The hand-eye calibration problem (Tsai, 1987; Daniilidis and K., 1999; Heller et al., 2016) can be clearly described by the mathematical formula AX = XB, where X is the unknown matrix to be estimated. Solving this problem usually requires capturing data in multiple positions. Afterward, a series of equations are established to solve the final transformation matrix (also called the extrinsic matrix), as shown in Figure 1.


[image: Figure 1]
FIGURE 1. Schematic of the hand–eye calibration problem.




2.3. Calibrating the 3D Scanner in an External Coordinate System

Other than the 2D images projected by a camera, a 3D scanner can capture the 3D geometric shapes of objects. A high-quality 3D scanner provides manifold solutions for diverse fields, such as computer-assisted surgery and robotic system with 3D vision. The general structure of the structured-light-based 3D scanner usually comprises a binocular camera for 3D reconstruction and an RGB camera for capturing texture images, and the coordinate mapping between the RGB and binocular cameras requires an additional transformation [image: image]. In this case, similar to 2D camera calibration methods, the extrinsic parameters of 3D scanners can be calibrated using a 2D checkerboard by considering [image: image].

Figure 2 shows two commonly used methods for calibrating the 3D scanner based on a 2D checkerboard. Except for special instructions, the coordinate system of the external tracker is regarded as the world coordinate system throughout the rest of the study. Figure 2A illustrates a closed-form solution for 3D scanner calibration using a tracked pointer. The 3D world coordinates of the corners in the 2D checkerboard are picked by the tracked pointer. At the same time, the corresponding corners are extracted from the captured RGB images. Combined with the known [image: image], the relationship between the captured corners in different coordinates forms a closed loop. Then, the optimal target transformation [image: image] can be solved by SVD algorithm easily. Figure 2B illustrates a numerical solution, where the corners acquired in the RGB images are mapped to the pointsets in the 3D space for calibration. The subsequent operation is similar to the hand-eye calibration method of the RGB camera mentioned above, where multiple sets of data need to be collected in different positions and a series of equations are constructed to estimate the final transformation.


[image: Figure 2]
FIGURE 2. Methods for 3D scanner calibration based on a 2D checkerboard: (A) closed-form solution (Pick-2D): pick points using a tracked pointer; and (B) numerical solution (Hand–Eye-2D): based on hand–eye calibration algorithm.


However, given that [image: image] is an approximation with residual error. This residual error will accumulate in multiple spatial transformations and eventually lead to the increase in positioning errors, which will be evaluated in the experiments section. Although various applications based on the tracked 3D scanner have been proposed (Pheiffer et al., 2012; Fan Y. et al., 2017), 3D scanner calibration in the external coordinate system requires a better solution.

Figure 3 illustrates a schematic of the proposed method for calibrating the extrinsic parameters of the 3D scanner. Four related coordinate systems are the optical tracker {NDI}, optical marker {Marker}, 3D scanner {Scanner}, and calibration benchmark {Model}. By sorting out the coordinate transformation relationship shown in the figure, we obtain the hand-eye calibration equation in general form, AX = XB, as shown as follows:

[image: image]

where X ([image: image]) is the unknown matrix to be estimated, and matrices A and B can be obtained by performing additional calculations. Several methods for solving the AX = XB equation have been proposed in academic and engineering practice (Tsai and Lenz, 1989; Daniilidis and K., 1999; Heller et al., 2016). Given the particularity of 3D scanner calibration, this study focuses on three parts, namely, (1) the calibration benchmark design; (2) the solution of the relative parameters in the equation, including A, B, and X; and (3) the global optimization strategy for fine-tuning the target transformation X.


[image: Figure 3]
FIGURE 3. Proposed calibration method for the 3D scanner.





3. METHODS

In this study, we calibrated the extrinsic parameters of the tracked 3D scanner. First, we designed and printed a specified 3D benchmark through 3D printing technology. On this basis, we constructed a novel calibration framework via pointset registration to calibrate the extrinsic matrix of the 3D scanner. Afterward, we proposed a global optimization strategy based on the nonlinear optimization technique to fine-tune the obtained extrinsic matrix. We eventually constructed a surgical navigation system and used the calibrated 3D scanner to achieve the image-to-patient registration process.


3.1. 3D Benchmark Design

Given the particularity of the 3D scanner calibration, a specific benchmark that meets the following design principles should be designed: (1) the discernibility of the benchmark should be guaranteed to ensure that the captured data at different positions and orientations can be aligned accurately; (2) the 3D features of the benchmark should be sufficient to ensure the accuracy of pointset registration; and (3) the integrity of the visible surface of the benchmark at different positions and orientations should be guaranteed to capture as much surface data as possible.

On the basis of these design principles, a specific benchmark for calibrating the extrinsic parameters of the 3D scanner was designed and printed through 3D printing technology. The printing error was controlled within 0.2 mm as shown in Figure 4.


[image: Figure 4]
FIGURE 4. Designed 3D calibration benchmark: (A) engineering drawing (mm); (B) rendering drawing; and (C) physical drawing.


The designed benchmark comprises 4 × 4 3D submodels. Except for the hemisphere (r = 20 mm) located at the corner for determining direction, the rest is filled with pentahedrons (l = 40 mm, h = 15 mm). This design aims to ensure that most of the surface of the benchmark can be captured while maintaining as many 3D features as possible. Moreover, this design can improve the ability of the captured data to describe the 3D space and the calibration accuracy of the 3D scanner to a certain extent. The designed 3D benchmark can also be used for the calibration tasks of the 3D scanner in various other scenarios.



3.2. Determining the Equation Parameters

Using the calibration benchmark mentioned above, we comprehensively described the calculation of the parameters in the proposed calibration framework. Matrix A represents the relative transformation of the optical marker when scanning in different positions and orientations, which can be calculated directly from the tracking data, and its accuracy is determined by the positioning error of the tracker. The positioning error of the optical tracker (Polaris VEGA, Northern Digital Inc., Canada) used in this study is 0.12 mm, which is extremely small and hence will not be discussed.

Matrix B represents the relative transformation of the 3D scanner in space. To estimate this matrix, we initially fixed the designed benchmark in the world coordinate system. Then the surface of the benchmark was captured by the 3D scanner in different positions and orientations. Assuming that pm is a random point in the coordinate system of the benchmark, the corresponding point in the pointset captured by the scanner shown in Figure 3 can then be formulated as

[image: image]

Eliminating the common parameters pm in Equation (3) yields

[image: image]

According to Equation (4), matrix B in Figure 3 is the spatial transformation between the captured pointsets. The matching between pointsets was achieved by the iterative closest point (ICP) algorithm (Besl and Mckay, 1992), which basic principle is to iteratively find a transformation that best aligns two pointsets. This algorithm achieves this principle by minimizing the following alignment errors

[image: image]

where R and t represent the rotation matrix and translation vector that minimize the overall error between the two pointsets, respectively; and pi and qi represent the i-th point in these pointsets. Through pointset registration, the relative transformation matrix of the scanner in different positions and orientations could be estimated. By capturing multiple sets of data in different positions and orientations, we could construct a series of equations in the form of AX = XB. The method proposed by Tsai and Lenz (1989) was used to estimate the unknown matrix X, and the matrix was also called the extrinsic matrix of the 3D scanner.



3.3. Global Optimization Strategy

In the previous sections, we have estimated the desired matrix X. However, given the positioning error of the tracker and the pointset registration error, the calibration result may shift toward a specific position and orientation. To solve this problem, we proposed a global optimization strategy to fine-tune matrix X. We designed a cost function, and the matrix X obtained in section 3.2 was used as the initial value. Then, matrix X was fine-tuned through the Levenberg-Marquart (Levenberg, 1944) nonlinear optimization algorithm.

To make the extrinsic matrix X globally optimal, the designed cost function used must be able to calculate the distance between multiple pointsets scanned in the hand-eye calibration step (section 3.2). Therefore, we need to extend the commonly used distance measure between two pointsets to the calculation of multiple pointsets. Assume that PTSi(i = 0, ⋯ , n) are collected pointsets in different positions and orientations, where n represents the number of collected pointsets. At the same time, the corresponding transformation matrix of the optical marker to the world coordinate system is [image: image]. Then, the transformation of the i-th pointset from the scanner coordinate system to the world coordinate system can then be expressed as

[image: image]

Using this matrix, we could unify all pointsets into the world coordinate system as follows

[image: image]

Given a distance constraint metric δ (δ = 5mm in this study), the alignment error between two pointsets was defined as the root mean square that meet the distance constraints metric, which can be expressed as

[image: image]

where Ttrans is the transformation matrix between two pointsets; pi and qi are the i-th point in P and Q, respectively; and n is the number of points that meet the distance constraint metric δ. The alignment error between a pointset and the other pointsets is then defined as

[image: image]

where n is the number of collected pointsets. Therefore, the object of nonlinear optimization is defined as minimizing the average registration error of all pointsets called repeat scan registration error (RSRE), which is formulated as

[image: image]

As shown in Equation (10), RSRE is a measure used to quantify the average spatial distance between multiple pointsets. By taking RSRE as the cost function of nonlinear optimization, the extrinsic matrix X initially obtained was fine-tuned. In this manner, the ultimately obtained extrinsic parameters of the 3D scanner are globally optimal and thus the error distribution of the scanned pointsets in space becomes more uniform, which is similar to the bundle adjustment algorithm (Triggs et al., 2000; Jeong et al., 2012; Liu et al., 2018).



3.4. Application of the 3D Scanner in Image-To-Patient Registration

This section describes the application of the 3D scanner in image-to-patient registration. Several experiments were designed to verify the superiority of the proposed calibration method. We constructed a surgical navigation system based on an optically tracked 3D scanner to perform image-to-patient registration. Figure 5 shows the flowchart of the proposed registration method, which is mainly divided into three parts, namely, 3D scanner calibration, surface registration, and coordinate transformation.


[image: Figure 5]
FIGURE 5. Flowchart of the proposed 3D scanner-based image-to-patient registration method.


First, the 3D scanner was calibrated using the proposed two-step calibration method, and the transformation matrix [image: image] between the 3D scanner and optical marker was estimated. This step is usually performed in an experimental environment. Second, by matching the pointsets collected by the 3D scanner with the pointsets reconstructed from the medical images of a patient, these medical images could be transformed into the coordinate system of the 3D scanner. Third, the tracker detected and determined the position and orientation of the optical marker attached to the 3D scanner in real time. Combined with the calibrated extrinsic matrix [image: image] of the 3D scanner, the medical images could be transformed into the world coordinate system where the patient is located, thereby completing the image-to-patient registration process.

Pointset registration presents a fundamental problem in computer vision. The well-known ICP algorithm is widely used in the rigid registration of pointsets given its high efficiency and good performance. However, ICP is also known for its tendency to fall into the local minima. Therefore, convergence can only be guaranteed when the pointsets to be registered are roughly aligned. Furthermore, the ICP algorithm performs poorly when addressing the pointset registration problem that involves small coverage or large differences in poses. Therefore, an initial pose transformation should be performed to roughly align the two pointsets, and the ICP algorithm should be used for fine registration.

The scanner-based image-to-patient registration method faces two problems, that is, (1) the uncertainty of the posture of a patient in the navigation space creates a huge difference in the initial posture of the pointsets to be registered; and (2) a pointset containing the entire face of the patient cannot be captured due to the limitations of the surgical environment, and the captured pointsets may contain a large percentage of outliers. To address the first problem, a coarse registration of the pointset extracted from medical images using the captured pointset must be performed by manually selecting paired points (Fan et al., 2014). However, doing so requires considerable manual interaction, thereby increasing the complexity of the operation. Therefore, a coarse registration method that ignores the initial pose of the pointsets must be developed. The second problem is a typical local registration problem of pointsets. For the clinical scenario, the captured facial pointsets of the patient may only partially overlap the pointsets extracted from medical images. Therefore, the largest common pointset should be used as the similarity measure in coarse registration.

In this study, the coarse-to-fine registration strategy was used for the pointset registration process. Coarse registration was achieved using the Super4PCS algorithm proposed by Mellado et al. (2015) to obtain a good initial posture between two pointsets. Afterward, the ICP algorithm was used to achieve a fine registration and find the R (rotation matrix) and t (translation vector) that best align two pointsets. Let P = p1, p2, ⋯ , pm and Q = q1, q2, ⋯ , qn be the facial pointset captured by the 3D scanner and the corresponding facial pointset extracted from the medical image, respectively. The registration goal of these two pointsets is to minimize the following matching error:

[image: image]

where [image: image] is the extrinsic matrix calibrated by the proposed two-step calibration method, and [image: image] is the transformation matrix of the optical marker attached to the 3D scanner that is tracked by the optical tracker in real time. Therefore, [image: image] could be used to represent the pointsets captured by the 3D scanner after being transformed into the world coordinate system. A relationship between the virtual-world coordinate system located by CT and the real-world coordinate system located by the patient was then established, thereby completing the image-to-patient registration process.




4. EXPERIMENTS AND RESULTS

A series of 3D models were designed to evaluate the superiority of the proposed method. Afterward, the feasibility of the proposed 3D scanner-based image-to-patient registration method was evaluated. The influence of the residual error of the extrinsic matrix of the 3D scanner on TRE was then evaluated, and the importance of accurately calibrating the extrinsic parameters of the 3D scanner was highlighted.


4.1. Evaluation of Different Calibration Methods

The performance evaluation experiments were divided into two parts. As shown in Figure 6, the regular models include a plane (the upper plane of a cube with a side length l = 60 mm), a cone (bottom radius r = 30 mm, height h = 20 mm), a tetrahedron (side length l = 60 mm), and a hemisphere (radius r = 30 mm). The irregular model was a head phantom whose size is the same as that of a real human head.


[image: Figure 6]
FIGURE 6. 3D models used in the experiments. Regular models: (A) cube; (B) cone; (C) tetrahedron; and (D) hemisphere. Irregular model: (E) head phantom.


The model surfaces were collected by the optically tracked 3D scanner in different positions and orientations and were transformed into the world coordinate system using the calibrated extrinsic matrix of the 3D scanner. Given that we could not obtain the ground truth of the extrinsic matrix, the designed error model RSRE and Chamfer distance (CD) were used to evaluate the performance of the calibration method. CD was first introduced by Hilditch (1969) and studied by Borgefors (1984) to approximate the Euclidean metric. It has also been widely used to measure the similarity between pointsets in point cloud registration and reconstruction tasks (Wu et al., 2015; Fan H. et al., 2017; Jiang et al., 2018). Suppose two pointsets P and Q have nP and nQ points respectively. Then, the CD between them is defined as:

[image: image]

The distance metric was set to δ = 5mm, and the following calibration methods were compared:

(1) Pick-2D: Obtains the closed-form solution of the extrinsic matrix based on the 2D checkerboard model calibrated by the RGB images and the points picked by the optically tracked pointer;

(2) Hand-Eye-2D: Obtains the numerical solution of the extrinsic matrix based on the 2D checkerboard model calibrated by the RGB images and its mapping relationship with the depth image;

(3) Hand-Eye-3D: Proposed without global optimization; and

(4) Proposed method: As described above.

The surfaces of the models were collected at seven positions, including directly above and around the model, as a verification dataset. The experimental results are shown in Table 1.


Table 1. Comparison of different calibration methods.

[image: Table 1]

The verification experiment results reveal that the proposed calibration method has a significantly higher accuracy than the other methods. The Pick-2D has the largest calibration error largely due to the point selection error introduced by manual participation. The calibration error of the Hand-Eye-2D is slightly smaller than the closed-form solution obtained by the Pick-2D. The Hand-Eye-3D method has a smaller calibration error than the other methods. Nevertheless, after the global optimization process, the proposed method has achieved improvements in accuracy and outperformed all the other methods.

Figure 7 compares the performance of the proposed method with that of the Pick-2D, Hand-Eye-2D, and Hand-Eye-3D. These box plots show the error distribution among different methods under multiple independently repeated experiments. In the experiment that used the simplest plane model, the space complexity of the model is low, and the errors of all methods were similarly low. As the complexity of the model increases, its ability to describe the 3D space also improves, whereas the error level gradually increases. Obviously, the RSRE and CD errors of the proposed method are always the smallest.


[image: Figure 7]
FIGURE 7. Box plots of the accuracy comparison among different calibration methods. (A) RSRE and (B) CD.


Figure 8 shows the distance maps between the first pointset (fixed directly above the model) and the rest of the random pointset in the verification dataset. The distance map directly shows the errors in different areas between the two pointsets. Green means that the error is zero, and the error increases as the color changes to red or blue. As shown in Figure 8, a red or blue area appears in each graph, indicating that a large error occurs in this area. By contrast, the large errors in the distance map related to the proposed method are mostly concentrated in the edge area, and this area is relatively smaller than the entire graph. The estimated maximum error is <2.5 units.


[image: Figure 8]
FIGURE 8. Distance maps calculated by different calibration methods (with the first pointset as the matching reference).




4.2. Effects of Different Calibration Methods on TRE

To further evaluate the superiority of the proposed calibration method, we constructed a surgical navigation system and used the calibrated 3D scanner to perform image-to-patient registration. TRE was then used to measure the positioning accuracy of the surgical navigation system. The feasibility of 3D scanner-based image-to-patient registration was also validated. As shown in Figure 9, a head phantom attached with 21 designed fiducial points and a hip phantom attached with 19 steel balls (d = 1 mm) were used to complete the experiments.


[image: Figure 9]
FIGURE 9. Models designed for the experiments: (A) head phantom; and (B) hip phantom.


The designed phantom was scanned and reconstructed by thin-slice CT with a thickness of 0.625 mm, and the marching cubes algorithm (He, 1987) was used to extract the surface of the phantom in the image for subsequent registration. Multiple sets of independently repeated experiments were performed, and the data obtained from each experiment included (1) PTSsource: the skin pointset of the phantom extracted from the CT image; (2) PTStarget: the skin pointset of the phantom captured by the 3D scanner; (3) [image: image]: the spatial transformation matrix to the world coordinate system of the optical marker fixed on the 3D scanner; (4) [image: image]: the fiducials picked from the CT image of the phantom; and (5) [image: image]: the fiducials picked from the real world by the optically tracked pointer. The point index in the fiducial points is represented by i. The captured pointsets were transformed into the world coordinate system and can be expressed as

[image: image]

where [image: image] is the extrinsic matrix of the 3D scanner. The pointset registration process was performed to align pointset PTSsource with [image: image], and the transformation matrix [image: image] from the virtual coordinate system of CT to the real-world coordinate system could be obtained. Then, the final positioning error TRE can be expressed as

[image: image]

where n represents the number of fiducial points used to evaluate errors, and the operator ||·|| represents the Euclidean distance between two points in the Euclidean space. Figure 10 shows the schematic of the registration of the two pointsets. The distance map reveals that after registration, except for the extremely few red and blue areas (e.g., the edges of the phantom) and other areas due to incomplete scanning, the rest are almost all green and yellow. In other words, the maximum error of registration is controlled below 1 unit.


[image: Figure 10]
FIGURE 10. Schematic of pointset registration. The top row is the head phantom, and the bottom row is the hip phantom. (A) Surface of the phantom extracted from CT. (B) Surface of the phantom captured by the 3D scanner. (C) Pointset overlay diagram after registration. (D) Distance map of the overlapped area after registration.


We performed seven sets of independently repeated experiments and separately conducted simulation experiments using Pick-2D, Hand-Eye-2D, Hand-Eye-3D, and the proposed method to obtain the extrinsic matrix of the 3D scanner. Table 2 shows the experimental results. The TRE values calculated by Pick-2D, Hand-Eye-2D, and Hand-Eye-3D are all relatively high, whereas that obtained by the proposed method is more accurate. In the experiment using head phantom, the TRE is controlled within 2 mm, except for one set where accuracy has reached 2.15 mm. In the experiment using hip phantom, the TRE is relatively high overall, which may be caused by the lack of 3D features of phantom affecting the registration result of pointsets.


Table 2. TRE values obtained by different methods.

[image: Table 2]

Figure 11 compares the performance of the proposed method with those of Pick-2D, Hand-Eye-2D, and Hand-Eye-3D. In the seven sets of independently repeated experiments using two phantoms, the proposed method shows obvious superiority over the other three methods.


[image: Figure 11]
FIGURE 11. Box plots of the experiment results obtained by different calibration methods used in image-to-patient registration.




4.3. Effect of Residual Transformation Noise on TRE

In section 4.2, a comparison of several methods reveals that when the RSRE and CD of the calibration result is only slightly different (RSRE and CD achieve 1.73–2.10 and 2.83–3.98 mm in the head phantom experiment, respectively), the TRE values greatly vary between 1.79 and 5.29 mm. Therefore, we further verified the influence of the residual errors of the rotation and translation components in the extrinsic matrix on the final positioning accuracy by performing simulation experiments. Using the experimental results in section 4.2 as reference, we added different levels of noise to the matrix [image: image] in Equation (11) for the simulation experiments.

The experiment was divided into two parts. First, we decomposed the rotation matrix into rotation angle components along three coordinate axes, added degree noise at 0.1° intervals from −0.5 to 0.5° to each of the three rotation angle components, and calculated the final TRE value. We used the same method to add translation noise at 0.5 mm intervals from −2.5 to 2.5 mm to the translation components on the three coordinates axes and calculated the final TRE value. Table 3 shows the results.


Table 3. Results of residual noise verification.

[image: Table 3]

Figure 12 shows the effect of residual noise, including rotation and translation noises, on TRE. As the amount of added noise increases, the final mean and variance of TRE generally show an upward trend. At the same time, the TRE decreases after adding −0.1° rotation noise or 0.5 mm translation noise (dotted line). This abnormal phenomenon is often caused by residual errors in the calibration matrix or the pointset registration process. Moreover, every small angle (0.1°) or translation (0.5 mm) of the extrinsic matrix can cause a large change (0–2 mm) in the final TRE value. In other words, the calibration accuracy of the 3D scanner has a vital influence on the accuracy of subsequent applications.


[image: Figure 12]
FIGURE 12. Effects of different levels of noise on TRE: (A) Rotation noise; and (B) translation noise.



[image: Figure 13]
FIGURE 13. Box plots of TRE and OT obtained by different registration methods. (A) TRE and (B) OT.





5. DISCUSSION

We proposed a method for accurately calibrating the extrinsic parameters of an optically tracked 3D scanner based on pointset registration and nonlinear optimization technique. In the image-to-patient registration experiments, the proposed calibration method achieved the best accuracy results. However, after analyzing previous research on image-to-patient registration (Gerber et al., 2013; Soteriou et al., 2016; Perwg et al., 2018), we found that the TRE value achieved by the proposed 3D scanner-based method was not the best.

Gerber et al. (2013) and Chu et al. (2017) argued that the image-to-patient registration based on artificial fiducials is highly accurate and can even reach submillimeter navigation accuracy. Therefore, we compared our proposed image-to-patient registration method with the artificial fiducial-based method in two aspects, namely, TRE and operation time (OT). We selected five noncoplanar fiducials to perform fiducial-based registration, and the OT included selecting fiducials from the image, picking fiducials in the real world, and running the fiducial point registration algorithm. Moreover, the OT of the scanner-based method included extracting skin from the image, collecting the pointset of the model using the 3D scanner, and running the pointset registration algorithm.

According to Fitzpatrick et al. (2002), TRE refers to the distance between the position of the fiducial that is not used for the registration and the corresponding position in the real-world coordinate system after registration. Given that we applied pointset registration, all identification points deviated from the skin surface and were not used for registration. Therefore, we used those fiducial points that were not used for registration to evaluate the accuracy of fiducial-based registration and then used all fiducial points to evaluate the accuracy of the proposed registration method. We conducted seven independently repeated experiments on the head phantom and evaluated the errors of 21 fiducials on the phantom surface. Table 4 presents the experiment results.


Table 4. Results of different registration methods.

[image: Table 4]

The accuracy of the proposed 3D scanner-based registration method was 1.79±0.17 mm. Although this method could meet the clinical navigation requirements (<2 mm), its accuracy was worse than that of the fiducial-based method (0.92±0.16 mm) due to the residual error in the extrinsic matrix of the scanner or the registration matrix of the pointsets. We have also verified this finding in section 4.3. The proposed 3D scanner-based registration method also had higher time efficiency than the fiducial-based method (50.72±6.04s vs. 212.97±15.91s), thereby saving valuable time for clinicians and patients.

The proposed 3D scanner-based image-to-patient registration method also does not require fiducials to be pre-attached on the face of patients before performing a CT scan, thereby simplifying the operation process to a certain extent and reducing the surgical costs. This method also does not require contact with the skin of patients, thereby guaranteeing operation safety. Therefore, the 3D scanner-based image-to-patient registration method is exceptionally friendly to the clinical environment, but its accuracy warrants improvement before its application in image-to-patient registration.



6. CONCLUSION

Tracked 3D scanners are increasingly being used in IGS. External tracking markers usually need to be bound with the 3D scanner, and the 3D scanner can then be tracked in real time. In this manner, the geometric data captured by the 3D scanner can be aligned with the medical images of patients to achieve a precise positioning of their anatomical structures or tissues. Therefore, a precise calibration between the 3D scanner and the external tracker is particularly important. However, this problem has not yet been investigated in detail.

The 3D scanner captures RGB and depth images and performs texture mapping through the projection matrix between RGB and depth cameras. We can obtain the depth image or pointset with texture. Given that RGB and depth cameras are independent, some residual errors may be observed in the coordinate mapping between them. Therefore, calibrating the 3D scanner using an RGB image will introduce unnecessary errors and render the results inaccurate.

To address these issues, we proposed a novel method for calibrating the extrinsic parameters of the 3D scanner. First, the surface of the benchmark was captured by the tracked 3D scanner in multiple positions and orientations. A series of equations were then formulated using the pointset registration technique and the coordinate transformation process to estimate the initial extrinsic matrix of the 3D scanner. Second, an error model called RSRE was constructed and used as the cost function of the nonlinear optimization algorithm to obtain the global optimal extrinsic matrix. Experimental results show that the proposed calibration method has a lower RSRE and CD value than the others based on 2D checkerboard.

Third, we constructed a surgical navigation system based on an optically tracked 3D scanner. On the one hand, the comparison of the influence of the extrinsic matrix of the 3D scanner obtained by different calibration methods on TRE indicates that the proposed calibration method obtains the lowest TRE value. On the other hand, in comparison with the fiducial-based image-to-patient registration method, the efficiency of the proposed method is greatly improved. Although its accuracy is not as good as that of the fiducial-based registration method, the proposed 3D scanner-based registration method still meets the clinical requirements and demonstrates noncontact and high safety benefits, thereby highlighting its significant research value.

When using scanner-based registration method, data should be subjected to multiple spatial transformations. In this case, a small residual error may lead to huge errors in the final transformation. Given the limited space and complex clinical environment in operating rooms, problems such as an incomplete acquisition of the facial pointset of the patient and a low pointset registration accuracy may restrict the application of scanner-based image-to-patient registration. We aim to address these problems by conducting a follow-up work and verifying our findings in the clinical scenario.



DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author/s.



AUTHOR CONTRIBUTIONS

WL, JF, SL, ZT, DA, HS, and JY: conception and design of study. WL, JF, and SL: analysis and interpretation of data. WL, ZT, and ZZ: acquisition of data. All authors contributed to the article and approved the submitted version.



FUNDING

This work was supported by the National Key Research and Development Program of China (2019YFC0119300), the National Natural Science Foundation Program of China (62025104, 61971040, 62071048, and 61901031), and Beijing Nova Program (Z201100006820004) from Beijing Municipal Science & Technology commission.



REFERENCES

 Besl, P. J., and Mckay, N. D. (1992). A method for registration of 3-d shapes. Proc. SPIE Int. Soc. Opt. Eng. 14, 239–256. doi: 10.1109/34.121791

 Borgefors, G. (1984). Distance transformations in arbitrary dimensions. Comput. Vis. Graph. Image Process. 27, 321–345. doi: 10.1016/0734-189X(84)90035-5

 Cao, A., Thompson, R. C., Dumpuri, P., Dawant, B. M., Galloway, R. L., Ding, S., et al. (2008). Laser range scanning for image-guided neurosurgery: investigation of image-to-physical space registrations. Med. Phys. 35, 1593–1605. doi: 10.1118/1.2870216

 Chu, Y., Yang, J., Ma, S., Ai, D., Li, W., Song, H., et al. (2017). Registration and fusion quantification of augmented reality based nasal endoscopic surgery. Med. Image Anal. 42, 241–256. doi: 10.1016/j.media.2017.08.003

 Daniilidis, K. (1999). Hand-eye calibration using dual quaternions. Int. J. Robot. Res. 18, 286–298. doi: 10.1177/02783649922066213

 Eggers, G., Mühling, J., and Marmulla, R. (2006). Image-to-patient registration techniques in head surgery. Int. J. Oral Maxillof. Surg. 35, 1081–1095. doi: 10.1016/j.ijom.2006.09.015

 Fan, H., Su, H., and Guibas, L. (2017). “A point set generation network1 for 3D object reconstruction from a single image,” in 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR) (Honolulu, HI), 2463–2471. doi: 10.1109/CVPR.2017.264

 Fan, J., Yang, J., Lu, F., Ai, D., and Wang, Y. (2016). 3-points convex hull matching (3PCHM) for fast and robust point set registration. Neurocomputing 194, 227–240. doi: 10.1016/j.neucom.2016.01.078

 Fan, Y., Jiang, D., Wang, M., and Song, Z. (2014). A new markerless patient-to-image registration method using a portable 3D scanner. Med. Phys. 41:101910. doi: 10.1118/1.4895847

 Fan, Y., Xu, X., and Wang, M. (2017). A surface-based spatial registration method based on sense three-dimensional scanner. J. Craniof. Surg. 28:157. doi: 10.1097/SCS.0000000000003283

 Fan, Y., Yao, X., and Xu, X. (2020). A robust automated surface-matching registration method for neuronavigation. Med. Phys. 47, 2755–2767. doi: 10.1002/mp.14145

 Fitzpatrick, J. M., West, J. B., and Maurer, C. R. (2002). Predicting error in rigid-body point-based registration. IEEE Trans. Med. Imaging 17, 694–702. doi: 10.1109/42.736021

 Gerber, N., Gavaghan, K. A., Bell, B. J., Williamson, T. M., Weisstanner, C., Caversaccio, M. D., et al. (2013). High-accuracy patient-to-image registration for the facilitation of image-guided robotic microsurgery on the head. IEEE Trans. Biomed. Eng. 60, 960–968. doi: 10.1109/TBME.2013.2241063

 Grauvogel, T. D., Soteriou, E., Metzger, M. C., Berlis, A., and Maier, W. (2010). Influence of different registration modalities on navigation accuracy in ear, nose, and throat surgery depending on the surgical field. Laryngoscope 120, 881–888. doi: 10.1002/lary.20867

 He, C. (1987). Marching cubes: a high resolution 3D surface construction algorithm. Comput. Graph. 21. doi: 10.1145/37402.37422

 Heller, J., Havlena, M., and Pajdla, T. (2016). Globally optimal hand-eye calibration using branch-and-bound. IEEE Trans. Pattern Anal. Mach. Intell. 38, 1027–1033. doi: 10.1109/TPAMI.2015.2469299

 Hilditch, C. J. (1969).1 Linear skeleton from square cupboards. Mach. Intell. 6, 403–420.

 Jeong, Y., Nister, D., Steedly, D., Szeliski, R., and Kweon, I. S. (2012). Pushing the envelope of modern methods for bundle adjustment. IEEE Trans. Pattern Anal. Mach. Intell. 34, 1605–1617. doi: 10.1109/TPAMI.2011.256

 Ji, S., Fan, X., Paulsen, K. D., Roberts, D. W., Mirza, S. K., and Lollis, S. S. (2015). Patient registration using intraoperative stereovision in image-guided open spinal surgery. IEEE Trans. Biomed. Eng. 62, 2177–2186. doi: 10.1109/TBME.2015.2415731

 Jiang, L., Shi, S., Qi, X., and Jia, J. (2018). “Gal: Geometric adversarial loss for single-view 3d-object reconstruction,” in Computer Vision-ECCV 2018 (Cham: Springer International Publishing), 820–834. doi: 10.1007/978-3-030-01237-3_49

 Kim, S., and Kazanzides, P. (2017). Fiducial-based registration with a touchable region model. Int. J. Comput. Assist. Radiol. Surg. 12, 277–289. doi: 10.1007/s11548-016-1477-1

 Lathrop Ray, A., Hackworth Douglas, M., and Webster Robert, J. (2010). Minimally invasive holographic surface scanning for soft-tissue image registration. IEEE Trans. Biomed. Eng. 57, 1497–1506. doi: 10.1109/TBME.2010.2040736

 Levenberg, K. (1944). A method for the solution of certain non-linear problems in least squares. Q. Appl. Math. 2, 164–168. doi: 10.1090/qam/10666

 Liu, H., Chen, M., Zhang, G., Bao, H., and Bao, Y. (2018). “Ice-BA: Incremental, consistent and efficient bundle adjustment for visual-inertial slam,” in 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition (Salt Lake City, UT), 1974–1982. doi: 10.1109/CVPR.2018.00211

 Maurer, C. R., Fitzpatrick, J. M., Wang, M. Y., Galloway, R. L., Maciunas, R. J., and Allen, G. S. (1997). Registration of head volume images using implantable fiducial markers. IEEE Trans. Med. Imaging 16, 447–462. doi: 10.1109/42.611354

 Mellado, N., Aiger, D., and Mitra, N. J. (2015). Super4pcs: Fast global pointcloud registration via smart indexing. Comput. Graph. Forum 33, 205–215. doi: 10.1111/cgf.12446

 Perwg, M., Bardosi, Z., Diakov, G., Jeleff, O., Kral, F., and Freysinger, W. (2018). Probe versus microscope: a comparison of different methods for image-to-patient registration. Springer Open Choice 13, 1539–1548. doi: 10.1007/s11548-018-1800-0

 Pheiffer, T. S., Simpson, A. L., Lennon, B., Thompson, R. C., and Miga, M. I. (2012). Design and evaluation of an optically-tracked single-CCD laser range scanner. Med. Phys. 39:636. doi: 10.1118/1.3675397

 Roberts, D. W., Strohbehn, J. W., Hatch, J. F., Murray, W., and Kettenberger, H. (1986). A frameless stereotaxic integration of computerized tomographic imaging and the operating microscope. J. Neurosurg. 65, 545–549. doi: 10.3171/jns.1986.65.4.0545

 Schicho, K., Figl, M., Seemann, R., Donat, M., Pretterklieber, M. L., Birkfellner, W., et al. (2007). Comparison of laser surface scanning and fiducial marker-based registration in frameless stereotaxy. Technical note. J. Neurosurg. 106, 704–709. doi: 10.3171/jns.2007.106.4.704

 Simpson, A. L., Burgner, J., Glisson, C. L., Herrell, S. D., Ma, B., Pheiffer, T. S., et al. (2012). Comparison study of intraoperative surface acquisition methods for surgical navigation. IEEE Trans. Bio-Med. Eng. 60, 1090–1099. doi: 10.1109/TBME.2012.2215033

 Soteriou, E., Grauvogel, J., Laszig, R., and Grauvogel, T. D. (2016). Prospects and limitations of different registration modalities in electromagnetic ENT navigation. Eur. Arch. Oto-Rhino-Laryngol. 273, 3979–3986. doi: 10.1007/s00405-016-4063-9

 Triggs, B., Mclauchlan, P. F., Hartley, R. I., and Fitzgibbon, A. W. (2000). Bundle adjustment-a modern synthesis,” in Vision Algorithms: Theory and Practice (Berlin, Heidelberg: Springer) 298–372. doi: 10.1007/3-540-44480-7_21

 Tsai, R. (1987). A versatile camera calibration technique for high-accuracy 3D machine vision metrology using off-the-shelf TV cameras and lenses. IEEE J. Robot. Autom. 3, 323–344. doi: 10.1109/JRA.1987.1087109

 Tsai, R. Y., and Lenz, R. K. (1989). A new technique for fully autonomous and efficient 3D robotics hand/eye calibration. IEEE Trans. Robot. Autom. 5, 345–358. doi: 10.1109/70.34770

 Wan, F., and Song, C. (2020). Flange-based hand-eye calibration using a 3d camera with high resolution, accuracy, and frame rate. Front. Robot. AI 7:65. doi: 10.3389/frobt.2020.00065

 Willems, P. W. A, van der Sprenkel, J. W. B., and Tulleken, C. A. F. (2001). “Comparison of adhesive markers, anatomical landmarks, and surface matching in patient-to-image registration for frameless stereotaxy,” in Biomonitoring and Endoscopy Technologies, Vol. 4158 (International Society for Optics and Photonics), 156–163. doi: 10.1117/12.413791

 Woerdeman, P. A., Willems, P. W. A., Noordmans, H. J., Tulleken, C. A. F., and Van Der Sprenkel, J. W. (2007). Application accuracy in frameless image-guided neurosurgery: a comparison study of three patient-to-image registration methods. J. Neurosurg. 106:1012. doi: 10.3171/jns.2007.106.6.1012

 Wu, Y. F., Wang, W., Lu, K. Q., Wei, Y. D., and Chen, Z. C. (2015). A new method for registration of 3d point sets with low overlapping ratios - sciencedirect. Proc. CIRP 27, 202–206. doi: 10.1016/j.procir.2015.04.067

 Zhang, Z. (2000). A flexible new technique for camera calibration. IEEE Trans. Pattern Anal. Mach. Intell. 22, 1330–1334. doi: 10.1109/34.888718

 Zhao, J., Liu, Y., Fan, M., Liu, B., He, D., and Tian, W. (2018). Comparison of the clinical accuracy between point-to-point registration and auto-registration using an active infrared navigation system. Spine 43, E1329–E1333. doi: 10.1097/BRS.0000000000002704

Conflict of Interest: ZT was employed by company Ariemedi Medical Technology (Beijing) CO., LTD.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Li, Fan, Li, Tian, Zheng, Ai, Song and Yang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/inline_8.gif
hawker
fiomind





OPS/images/inline_7.gif





OPS/images/math_1.gif
&)

—
EE el
oo

4o o
=22





OPS/images/inline_9.gif
hawker
fiomind





OPS/images/inline_4.gif
hawker
fiomind





OPS/images/inline_3.gif
T
e





OPS/images/inline_6.gif
hawker
fiomind





OPS/images/inline_5.gif
T
e







OPS/images/inline_19.gif
hawker
fiomind






OPS/images/inline_18.gif
~NDf
Tmz






OPS/images/inline_2.gif
T
e





OPS/images/logo.jpg
’ frontiers
in Neurorobotics





OPS/images/inline_15.gif





OPS/images/inline_14.gif





OPS/images/inline_17.gif
YNDI
PTSIEL





OPS/images/inline_16.gif
hawker
fiomind





OPS/images/inline_11.gif





OPS/images/inline_13.gif





OPS/images/inline_12.gif
Tt T





OPS/images/fnbot-15-636772-t004.jpg
Trials

Mean
Std

Fiducial-based

TRE (mm)

0.95
1.18
0.98
0.73
0.80
074
1.08

0.92
0.16

ot (s)

225.27
194.05
208.48
210.94
236.12
227.24
189.66

21297
15.91

Scanner-based

TRE (mm)

1.66
177
2.15
1.87
1.82
1.64
1.63

1.79
0.17

oT(s)

4211
54.82
51.71
43.55
50.02
5157
61.26

50.72
6.04





OPS/images/fnbot-15-636772-t003.jpg
Noise (degree)

-0.4 -03 -02 -0.1 0.0 0.1 02 03 0.4 05
Mean (mm) 484 372 2.66 174 1.30 166 2.60 3.68 4.80 5.94 7.09
Std (mm) 1.05 0.92 079 0.63 0.48 0.68 0.72 0.76 0.82 0.91 1.02
Noise (mm) -2.50 -2.00 -1.50 -1.00 -0.50 0.00 0.50 1.00 1.50 2.00 250
Mean (mm) 5.32 4.49 3.68 2.90 219 1.66 1.53 1.79 234 3.06 3.83
Std (mm) 0.76 0.77 0.77 0.77 0.75 0.68 0.47 0.50 0.58 0.61 0.64





OPS/images/inline_10.gif
hawker
fiomind





OPS/images/inline_1.gif
T
e





OPS/images/math_9.gif
©






OPS/images/fnbot-15-636772-g013.gif
0
e ibattoct
20 s EE oot
i <0
5 s
d L o
»
0 L)
[ g ——— [ T —

f—






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Calibrating 3D Scanner in the Coordinate System of Optical Tracker for Image-To-Patient Registration



		1. Introduction



		2. Related Works



		2.1. 2D Camera Calibration



		2.2. Calibrating the 2D Camera in an External Coordinate System



		2.3. Calibrating the 3D Scanner in an External Coordinate System







		3. Methods



		3.1. 3D Benchmark Design



		3.2. Determining the Equation Parameters



		3.3. Global Optimization Strategy



		3.4. Application of the 3D Scanner in Image-To-Patient Registration







		4. Experiments and Results



		4.1. Evaluation of Different Calibration Methods



		4.2. Effects of Different Calibration Methods on TRE



		4.3. Effect of Residual Transformation Noise on TRE







		5. Discussion



		6. Conclusion



		Data Availability Statement



		Author Contributions



		Funding



		References

















OPS/images/fnbot-15-636772-g012.gif
TRESmm

T

0504430201 0 01 02 03 04 05

352 453 45 0 05 1 15
e ek





OPS/images/fnbot-15-636772-t002.jpg
Head phantom (mm) Hip phantom (mm)

Trials
Pick-2D Hand-Eye-2D Hand-Eye-3D Proposed Pick-2D Hand-Eye-2D Hand-Eye-3D Proposed

# 569 408 261 166 7.66 573 361 258
# 533 4.70 356 177 794 537 254 202
#3 688 3.54 3.16 215 752 6.14 441 277
# 427 6.26 423 187 7.40 627 481 359
# 521 4.00 327 1.82 777 5.86 351 227
6 466 5.13 386 164 764 6.26 501 273
#7 4.98 4.85 3.09 1.63 6.83 558 4.44 347
Mean 529 465 3.40 1.79 754 5.89 406 273

Std 0.78 0.83 050 017 033 033 081 0.49





OPS/images/fnbot-15-636772-t001.jpg
Methods

Pick-2D
Hand-Eye-2D
Hand-Eye-3D
Proposed

Plane (mm)

RSRE

1.07
0.95
0.99
0.95

(=]

119
0.98
1.08
0.92

Cone (mm)

RSRE cp
1.81 3.17
167 3.17
1.63 2581
1.34 192

Tetrahedron (mm)

RSRE

232
226
203
1.68

cD

5.40
539
4.29
292

Hemisphere (mm)

RSRE

236
2.14
172
1.72

(o]

475
4.38
2.90
2.88

Phantom (mm)

RSRE

2.10
1.94
1.83
1.73

cb

3.98
3.46
317
2.83





OPS/images/fnbot-15-636772-g011.gif





OPS/images/fnbot-15-636772-g010.gif





OPS/images/math_8.gif
RMSP.Q) = | 23" I Tim
NEF=

®





OPS/images/crossmark.jpg
©

2

i

|





OPS/images/fnbot-15-636772-g005.gif
b Surface registration

(
g

Tnage Seris Skin S

YAAQ

Calibration Model

5

Regiiion

3D Scannee

f
(i
i

{ st

I
«
1

<. Coordinate
transformation

ScamnseSpce

e

L Real WorkdSpace





OPS/images/fnbot-15-636772-g006.gif





OPS/images/fnbot-15-636772-g003.gif





OPS/images/math_12.gif
I " 2, 1 i 2
==y - —y —qi3 (12
CD(P,Q) = w Pl;gglp ql,+nQ '(anglP allz (12)





OPS/images/fnbot-15-636772-g004.gif
Auui






OPS/images/fnbot-15-636772-g009.gif





OPS/images/fnbot-15-636772-g007.gif
kakakaka

%,t \

E!ha

i wwwwwwwwwwww
I'E

“ﬁ

o

e g Heripore






OPS/images/fnbot-15-636772-g008.gif





OPS/images/math_5.gif
BB = 33 1~ (Rai + D )
-





OPS/images/cover.jpg
’ frontiers
in Neurorobotics

Calibrating 3D Scanner in the
Coordinate System of Optical Tracker
for Image-To-Patient Registration





OPS/images/math_4.gif
(4)





OPS/images/math_7.gif





OPS/images/math_6.gif
(6)





OPS/images/fnbot-15-636772-g001.gif





OPS/images/math_14.gif
TRE= ZITF‘.‘ZL it = Phall aa)





OPS/images/fnbot-15-636772-g002.gif





OPS/images/math_13.gif
PTSyreet = Titarker Iscanmer PTStarget ~— (13)





OPS/images/math_3.gif
@)





OPS/images/math_2.gif
(TRPL )-tpyPL  pMarker  pMarker pocanner(pScannery—1 - (9,





OPS/images/math_11.gif
-
ERD = "&";i"): IRCTYDL, Téerke ) 4 1) — g (1)
¥) By





OPS/images/math_10.gif
1 «—
RSRE(R,f) = in — RM: 10)
nwmng 15; (10)





