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Abstract. In many medical application systems such as image-guided surgery or medical augmented reality, image-

patient registration is critical for anatomical information mapping and spatial guidance. In this study, a stereo- vision 

system is first utilized to extract and reconstruct few natural features from the facial surface of patient. These features, 

instead of artificial markets, are then applied as a clue to register the patient in the physical space to his/her own CT 

images by using a proposed ICP-based registration algorithm, named WAP-ICP. The WAP-ICP uses not only a 

random-perturbation technique to deal with the local minimum problem of ICP, but also a weighting strategy to reject 

noisy feature points, i.e. outliers. Experimental results reveal that the proposed WAP-ICP algorithm has great 

improvement in robustness than the adaptive-ICP and random-ICP. 
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1   Introduction 

Medical images obtained from various modalities usually provide valuable information for diagnosis and further 

treatment. Taking advantage of yielding anatomical or functional images localized over the patient, as known as image-

patient registration, doctors have more useful information for clinical diagnosis or further treatment, such as image-

guided surgery or medical augmented reality (AR).  

For registering medical images to the physical body of patient, traditionally, a stereotactic frame is usually fixed to 

the cranium of the patient before CT or MRI imaging scan [1]. Although the stereotactic frame provides accurate spatial 

localization, it may cause physical trauma. One alternative is using extrinsic features such as bone-implanted or skin-

attached markers [2]. Using bone-implanted or skull-fixated screws obtains good accuracy on the order of 1-2 mm, but 

they may cause wounds or infections. Although skin markers are less invasive and more patient friendly, they are less 

accurate due to the elasticity of the skin.  

A plausible solution to replace the artificial markers is using natural features. For example, surface is distinct to 

represent an object. The 3-D surface data can be obtained by using laser range scanner [3] or spatial digitizing devices 

such as an electromagnetic digitizer [4] or an infrared-camera-based optical digitizer [5]. Since surface data are usually 

captured in 3D-point form, an efficient algorithm is needed to register the surface data and the medical images.  

Iterative Closest Point (ICP) algorithm, which was first proposed by Besl and McKay [6], is now a widely used 

approach for 3-D shape registration. The first step of ICP is identifying the closest point from one data set to the other, 

and the second step is finding the least square rigid transformation related to these corresponding-point pairs. The 

algorithm then re-determines the closest point set and repeats these two steps until it converges to a local minimum 

match between the two surfaces. Lee et al. [7] proposed an adaptive ICP algorithm that used an ADAK-D tree for an 

efficient and robust closest-point search. Although the adaptive-ICP obtained a balanced computation time and 

registration accuracy superior to that of conventional ICP, a notable limitation was its inability to obtain the global 

minimum. To deal with the local-minimum problem, Luo et al. [8] combined the simulated annealing algorithm with 

ICP. On the other hand, Penney et al. [9] proposed a strategy of perturbing the positions of feature points by adding 

random Gaussian noise, while Fieten et al. [10] used landmarks to estimate a pre-registered solution first and then 

iteratively perturbed the ICP solutions for avoiding trapping into a local minimum. 

In this study, we propose an image-patient registration framework which uses only facial natural features but any 

artificial markers. The natural features in physical space are extracted by Harris corner detection and reconstructed in 3-

D form by stereo vision. Meanwhile, the other facial surface is reconstructed from CT images of the patient. However, 

stereo-vision-based 3-D reconstruction probably produces outliers, i.e. noisy points, which decrease the accuracy of 

registration. Inspired by the idea of weighting each pair of corresponding points from Wiintel et al. [11], we propose a 

robustness-improved ICP algorithm named Weighted-and-Perturbed ICP (WAP-ICP). The WAP-ICP uses not only a 

random-perturbation way to deal with the local-minimum problem but also a weighting strategy to reject outliers. The 

framework of the proposed image-patient registration and WAP-ICP are described in section 2. Experimental results are 

shown in section3. Conclusions are revealed in section 4. 
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2 Method 

Figure 1 shows that the flowchart of the proposed image-patient registration framework. With a patient lying on the 

operation table, a stereo-vision system equipped with two calibrated cameras, left and right, are utilized to capture two 

frontal images of the patient. On the left images, feature points are first detected by Harris Corners detection [12], and 

then reconstructed in 3-D form based on the epipolar constrains [13]. Since the cameras are calibrated, the 3-D position 

of each corners are thus reconstructed. At the same time, the other facial data are extracted from the CT images of the 

patient. By applying an appropriate threshold of Hounsfield value (gray intensity) to the images, facial surface data can 

be segmented from the images. With the two facial data sets, WAP-ICP algorithm is applied to compute the spatial 

transform for the image-patient registration. Details of each component are presented in the next subsection. 
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Reconstruction
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CT Images

Fusion & Display
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Fig. 1. Flowchart of the image-patient registration 

2.1 Surface Reconstruction 

There are two surface data sets involved in the image-patient registration framework. One is extracted from the patient 

in the physical space by stereo vision and the other is segmented from the CT images of the patient.  

To extract the physical-space data set, first we detect few feature points by Harris corner detector on the left image 

captured by the stereo-vision system. For each corner, we set a 17×17 window centered at the corner, and then search its 

corresponding point with the largest normalized correlation, i.e. Eq. (1), on the right image under the epipolar constrains.  
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where σ(x) and σ(x’) stand for the standard deviation of the window in the left and right images, respectively. Cov(x,x’) 

is their covariance. 

For a given point P in the real world, suppose its two corresponding points on the left and right image planes 

observed through camera centers CL and CR are denoted QL and QR, respectively. By incorporating the intrinsic camera 

parameters, the position of P can be reconstructed by using the similar triangles method (△PCLCR and △PQLQR), also 

known as the disparity [13]. 

The other facial data set is extracted from medical images of the patient; a preoperative CT was selected as the 

experimental material. The first outer contour of the head class can then be found by using a chain-code-based contour 

detection algorithm. The contour detection algorithm applied herein was obtained from the Intel OpenCV library [14]. 

The threshold value is manually selected by an iterative graphic user interface in this study; however, various advanced 

segmentation algorithms can be adopted to achieve an automatic segmentation.  

2.2 WAP-ICP Algorithm 

After the feature point extraction step, a registration algorithm is needed to register the two surface date sets. In such 

applications ICP has been widely used. However, it suffers from the mentioned local-minimum and outlier problems. In 

this study we propose a robustness-improved ICP algorithm named Weighted-and-Perturbed ICP (WAP-ICP). Figure 2 

shows its flowchart. Detailed steps are listed as follows: 
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Step 1. Set the CT data as the reference data A and the feature points extracted by stereo vision as the floating data B. 

Give the floating data an initial transform Tinit as a temporal best solution T. The transform comprises three rotation 

operations (Rx, Ry, RZ) and three translation operations (Tx, Ty, Tz). 

Step 2. Estimate a current transform T’ by ICP. At each iteration of ICP, we search the closest point ak from A to a point 

bk of B, i.e. d(ai,bi)=min{d(bi, A)}. We modify the cost function C of ICP by weighting the distance d(ai,bi), as shown in 

Eq. (2). 
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where wi is the weighting function according to the median of distances of all the corresponding points, defined by Eq. 

(3): 






 


otherwise

mediandif

d

median i

i

i

1
 

(3) 

Step 3. If C is improved, the temporal best transform is set as the current transform, i.e. T = T’, and then go to step 4. 

Otherwise, move to step 5.  

Step 4. Perturb the temporal best transform T. The way that ICP reaches a local minimum acts as a gradient-descent 

approach. At each iteration of ICP, the cost function is evaluated at the current solution and then move along the 

direction of gradient to find the local minimum. In this study, we use a new perturbation strategy to escape from the trap 

of the current local minimum.  

Suppose the initial solution of ICP is T1 = (TX, TY, TZ, RX, RY, RZ) and the converged solution is T2. It means that 

ICP reaches T2 from T1 by exploring the range of |T1-T2|. Since the first step of ICP is to align the centers of two data 

sets, the translation elements do not affect the registration at all. Therefore, we only perturb the rotation elements. Each 

rotation element Ri of T2 is thus given a perturbation by adding a shift variable y, providing a chance to escape from the 

local-minimum trap. Let r denotes the move of the rotation element Ri from the initial solution to the converged solution, 

i.e. r = |
T2

Ri-
T1

Ri|. The shift variable y is thus generated according to a parabolic-curve probability density function, as 

shown in Eq. (4). As a result, the perturbed solution is then set as the initial transform Tinit, and move back to Step 2.  
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Step 5. Stop or repeat. If the cost function is not improved after n times of perturbations, we extend the searching range 

in Eq. (4) from 4r to 6r, 8r and 10r. When the searching range is extended to 10r and the solution is not improved 

anymore, we stop the algorithm. We set n = 5 herein. 
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Fig. 2. The Flowchart of the WAP-ICP Algorithm. 
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3 Experimental Results 

To evaluate the performance of the proposed WAP-ICP algorithm, we compared it with the adaptive-ICP algorithm [7] 
and the random-ICP (R-ICP) algorithm [10] which not used for pre-registration on a plastic phantom as shown in Fig. 3 
(a). 

3.1 Registration Robustness Evaluation 

The CT surface data of the phantom were utilized to evaluate the robustness of the ICP-based algorithms. The whole 

CT surface, as shown in Fig. 5(b), was regarded as the reference data, and we randomly selected 100 points from the CT 

data as the floating data. The floating data were then transformed by applying a known transform T, which was 

generated randomly within a given range in three rotations. The WAP-ICP, adaptive-ICP and R-ICP were applied for 

the registration task. We performed the registration procedure 100 times at different rotation ranges, such as  ±5º, ±10º, 

±20º, ±25º, ±50º. Since the ground truth is known. In this study, a correct registration was considered when the root-

mean-square (RMS) < 2 mm.  

Figure 4 (a) shows the correct registration rate (CRR) in different rotation ranges. The result reveals that the CRR is 

similar when the rotation ranges is within ±5º and ±10º for all testing algorithms. While the rotation ranges increase, 

the results of the adaptive-ICP and R-ICP decreased dramatically. However, WAP-ICP shows only slightly decreased. 

In addition, we evaluated the robustness of WAP-ICP with noisy data. Similar to the previous procedure, but we 

randomly selected 20 points from the floating data and added a ±10 mm translational shift on each points as the noise 

data. As shown in Fig. 4 (b), WAP-ICP shows better performance in robustness than the other ICP-based algorithms 

even with noisy data.  

                 
            (a)                       (b)                       (c) 

Fig. 3. Plastic phantom for testing. (a) the phantom, (b) surface data extracted from CT images, (c) registration result by using WAP-
ICP 

3.2 Registration Accuracy Evaluation 

As shown in Fig. 3 (a), there are five skin markers attached to the phantom. The markers were attached before CT scans 
so that their locations could be determined from the CT images. These markers were considered as ground truth for the 
registration accuracy evaluation. Spatial registration error was evaluated by calculating the target registration error (TRE), 
which was defined as  

)( B

n

A

n PTPTRE   (5) 

The floating data herein was detected as the proposed framework. We selected 93 Harris corners as the floating data. 
Registration results are illustrated in Fig. 3 (c). The blues points and gold balls are the points cloud and the markers 
extracted from CT images, while red points and pink balls are detected from the stereo-vision system. Table I shows the 
TREs of the five targets.  

3.3 Augmented-Reality Display  

After performing the WAP-ICP registration, the medical images is integrated to the physical space of the patient. With 
the help of ARTOOLKIT [15], we integrated a moving camera and a known pattern for tracking the camera into our 
system, providing an immersive AR environment for doctors. Figure 5 (a) and (b) show the AR display results with a 
person by fusing three orthogonal planes of CT and the reconstructed facial surface of the person, respectively.  
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(a)                                (b) 

Fig. 4. Evaluation of ICP-based algorithms (a) CRR, (b) CRR with noisy floating data 

 

     

    (a)                  (b)      

Fig. 5. Medical AR display. (a) Three orthogonal CT planes, (b) ISO-surface of face.  

 

Table 1. Registration results evaluated by Target Registration Error (TRE) 

 T1 T2 T3 T4 T5 Run Time(s) 

Adaptive- 

ICP 
67.41 72.05 107.69 103.49 67.53 10 

R-ICP 42.51 50.69 66.09 45.90 51.16 28 

WAP-

ICP 
2.01 1.25 2.57 1.52 2.30 14 

4   Conclusion 

In this study, we propose a framework for image-patient registration by only using natural features. Without using any 

artificial markers or commercial digitizing devices, a pure stereo-vision system was designed to detect few feature 

points on the surface of patient in physical space. In addition, a robustness-improved ICP algorithm was proposed to 

deal with the image-patient registration problem. So far, the TREs of five testing markers are from 1.25 to 2.57 mm and 

may not be satisfied for surgical applications. We believe a more accurate stereo-vision reconstruction technique can 

help. Furthermore, we only evaluated the registration accuracy on a plastic phantom, a non-human or human test will be 

involved in our future works.  
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