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Abstract: Most of the existing calibration methods for binocular stereo vision sensor (BSVS) depend 13 
on high-accuracy target with feature points that are difficult to manufacture and costly. In complex 14 
light conditions, optical filters are used for BSVS, but they affect imaging quality. Hence, the use of 15 
a high-accuracy target with certain-sized feature points for calibration is not feasible under such 16 
complex conditions. To solve these problems, a calibration method based on unknown-sized 17 
elliptical stripe images is proposed. With known intrinsic parameters, the proposed method adopts 18 
the elliptical stripes located on the parallel planes as a medium to calibrate BSVS online. In 19 
comparison with the common calibration methods, the proposed method avoids utilizing 20 
high-accuracy target with certain-sized feature points. Therefore, the proposed method is not only 21 
easy to implement but is a realistic method for the calibration of BSVS with optical filter. Changing 22 
the size of elliptical curves projected on the target solves the difficulty of applying the proposed 23 
method in different fields of view and distances. Simulative and physical experiments are 24 
conducted to validate the efficiency of the proposed method. When the field of view is 25 
approximately 400 mm × 300 mm, the proposed method can reach a calibration accuracy of 0.03 26 
mm, which is comparable with that of Zhang’s method. 27 

Keywords: Calibration; Binocular vision sensor; Unknown-sized elliptical stripe 28 
 29 

1. Introduction 30 

Calibration of stereo vision sensors is an essential step of vision measurement [1-3]. Vision 31 
sensors with high calibration accuracy usually guarantee high measurement accuracy. Vision 32 
measurement is mainly conducted to complete the 3D reconstruction of the measured objects. 33 
According to the measuring principle, the vision measurement system can be divided into three 34 
major categories: (1) line-structured light measurement system; (2) binocular stereo vision 35 
measurement system; (3) multi-camera stereo vision measurement system. When adopting the 36 
line-structured light method, extraction accuracy of the center of the light stripe affects the 37 
measurement accuracy [4-5]. Light scattering occurs when the projection angle between the light 38 
plane and the object is relatively large. As a result, calibration and measurement accuracy decline. 39 
Multi-camera stereo vision measurement system can implement online vision measurement with 40 
large field of view and multi-viewpoints, and it is equivalent to multi-pair binocular stereo vision 41 
sensors (BSVSs) [6]. Therefore, research on the calibration of BSVS is of great significance. 42 

To date, research on the calibration of BSVS mainly focused on the different forms of 43 
high-accuracy targets, including 1D [7-8], 2D [9], and 3D targets [10-11]. Zhao et al. [12] proposed a 44 
method based on a 1D target with two feature points of known distance. Compared with Zhang’s 45 
method, which is also based on a 1D target, Zhao’s method not only improves the calibration 46 
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accuracy of intrinsic parameters but also implements the extrinsic parameter calibration of BSVS. 47 
Zhang’s method [14] using the planar checkerboard target has made a remarkable impact on the 48 
study of camera calibration. Other methods using rectification error optimization [15] and 49 
perpendicularity compensation [16] have been proposed to improve calibration accuracy.  50 

To achieve high-accuracy calibration under complex circumstances, different forms of targets 51 
are utilized in the calibration of BSVS. A calibration method based on spot laser and parallel planar 52 
target is proposed to improve calibration under complex light conditions [17]. This method does not 53 
rely on feature points with known distance or size. In each shot, only one spot is projected on the 54 
target, resulting in low efficiency in online measurement. Given that random noise is inevitable, this 55 
method cannot guarantee high accuracy due to the location uncertainty of feature points in a picture. 56 
Wu et al. [18] proposed a global calibration method based on vanishing features of a target. In 57 
addition, the special designed target is constructed of two mutually orthogonal groups of parallel 58 
lines with known lengths. Zhang et al. [19] proposed a novel method based on spherical target 59 
images with certain size, which implements synchronous calibration of a multi-camera system. At 60 
present, the spherical target with extremely high quality is hard to manufacture. Considering the 61 
noise, unideal light condition and other factors, using a spherical target to calibrate does not 62 
guarantee high accuracy [20-21]. 63 

From the abovementioned methods, accuracy of the distance of feature points or the size of the 64 
target is a common requirement. In addition, accuracy of the requisite sizes greatly affects the 65 
calibration accuracy of BSVS. To solve the problem presented above, this study introduces a novel 66 
calibration method that does not rely on specific feature points and works efficiently under complex 67 
conditions. The proposed method adapts a ring laser to project an elliptical stripe on the parallel 68 
planar target. During the calibration, Zhang’s method is primarily utilized to obtain the intrinsic 69 
parameter of two cameras. The elliptical stripes are then used as the medium to solve the extrinsic 70 
parameters. Finally, the optimal solutions of calibration results are obtained via non-linear 71 
optimization. 72 

The remainder of this paper is organized as follows. Section 2 mainly describes the 73 
mathematical model of BSVS, the algorithm principles, realization procedure, and other details of 74 
the proposed method. Section 3 discusses other expansive forms of the proposed method, as well as 75 
its relevant performance in complicated light environment. Sections 4 presents the simulation and 76 
real data experiments conducted to validate the effectiveness of the proposed method. Section 5 77 
states the conclusions of our work. 78 

2. Principle and Methods  79 

2.1. Mathematical model of BSVS 80 

As shown in Figure 1, the coordinate systems of the left and right cameras are c1 c1 c1 c1O x y z  and 81 

c2 c2 c2 c2O x y z , respectively. T
L L L[ 1]u v=p  and T

R R R[ 1]u v=p  are homogeneous coordinates of 82 

non-distorted images of point P in the coordinate system of the image by the left and right cameras, 83 

respectively. The transformation matrix from the coordinate system of the left camera to that of the 84 

right camera is LR LR
LR 0 1

 
 
 

R t
T = , where LR LR,R t  are the rotation matrix and translation vector, 85 

respectively. LRr  is the Rodrigues’ representation of the rotation matrix LRR . 86 
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Figure 1. Binocular stereo vision model 88 

The spot P is projected by the BSVS. The binocular stereo vision model is used to calculate the 89 
3D coordinates L L L L[ 1]x y zq =  of point P in c1 c1 c1 c1O x y z : 90 

 [ ]
[ ]

L L L 3 3 3 1 L

R R R LR LR L

ρ
ρ

× × =
 =



p K I 0 q

p K R t q
          (1) 91 

where LK  and RK  are the matrices of intrinsic parameters of the left and right cameras, 92 

respectively. 
x 0

y 00

0 0 1

a u
a v
γ 

 =  
  

K , where 0u  and 0v  are the coordinates of the principal point, xa  93 

and ya  are the scale factors in the image u and v axes, and γ  is the skew of the two image axes. 94 

2.2. Algorithm principle 95 

The calibration process of the proposed method is shown in Figure 2. In our case, a single ring 96 
laser projector and a double parallel planar target are utilized to generate the elliptical stripes as 97 
illustrated in Figure 2. In addition, the distance between the two parallel planes is constrained. 98 
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 99 

Figure 2. Calibration process of the binocular stereo vision sensor 100 
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As shown in Fig. 2, ( 1,2)jQ j = are the two elliptical stripes projected on the two parallel planes. 101 
2

2

1 / 0 0

0 1/ 0

0 0 1

j

j jQ
β

α
 
 =  
 − 

 is the expression of the elliptical stripe in space, 2 jα  is the major axis of 102 

the j-th ellipse, and 2 jβ  is the minor axis of the j-th ellipse. We assume that j j j jO x y z  is the 103 
coordinate of the j-th ellipse in space. For j j j jO x y z , the y-axis is the major axis of jQ , the x-axis is 104 
the minor axis of jQ , and the origin is the center of jQ in space. The projections of jQ  in the left 105 

and right cameras are denoted as Lje  and Rje , respectively. LjR  and Ljt  are the rotation matrix 106 

and translation vector from j j j jO x y z  to c1 c1 c1 c1O x y z , respectively. RjR  and Rjt  are the rotation 107 

matrix and translation vector from j j j jO x y z  to c2 c2 c2 c2O x y z , respectively. LRR  and LRt  are the 108 
rotation matrix and translation vector from c1 c1 c1 c1O x y z  to c2 c2 c2 c2O x y z , respectively. All the 109 
coordinate frames generated by the intersection of the parallel plane and conical surface projected by 110 
the single ring laser projector are parallel to each other, that is, L1 L2=R R  and R1 R2=R R . Notably, 111 
the two elliptical stripes captured in each case have the following properties: 112 

(1) The ratios of the minor axis to the major axis /j jk β α=  are equivalent. 113 
(2) The minor axis of the major axis of one elliptical stripe is parallel to that of the other elliptical 114 

stripe. The angles between the minor axis and the major axis of these two elliptical stripes are 115 
equivalent. 116 

2.2.1. Solving LRR  117 

As shown in Equation (2), Lje  and jQ  are 3×3 matrices. According to multi-view geometry 118 
foundation [22], the relationship between Lje  and jQ  is as following:  119 

 T
L

T

0

0

j

j

 =


=

p e p

q Q q
             (2) 120 

where T[ 1]p u v=  is the undistorted image homogeneous coordinate of the point on the j-th 121 
elliptical stripe under c1 c1 c1 c1O x y z , and T[ 1]q x y=  is the coordinate of the point on the j-th 122 
elliptical stripe under j j jO x y . 123 

Combining Equation (2) and the camera model, we have: 124  L

T
L 1 2 L 1 2L L( [ ]) [ ]jj j j jρ = K r r t K r r tQ e           (3) 125 

where jρ  represents the non-zero scale factors, and jr  denotes the j-th column of the rotation 126 
matrix LjR . LK  represents the intrinsic parameter of the left camera and is obtained using Zhang’s 127 
method. 128 

According to Equation (3), the equation relating Lje  to jQ  is obtained in Equation (4) : 129 

 2 T T T
1 1 1 2 1 L

2 T T T
2 1 2 2 2 L
T T T
L 1 L 2 L L

1/ 0 0

0 1/ 0

0 0 1

j j j j j

j j j j j

j j j j j j j

j j j

β
ρ ρ α=

   
   =   
   −   

Wr r r W r r W t

Q r W r r W r r W t

t W r t W r t W t

        (4) 130 

where L

T
L Lj jW K K= e . 131 

For two elliptical stripes located on the target, we have two equations in the form of Equation 132 
(4). According to the property of the matrix in Equation (4), equations related to the two elliptical 133 
stripes can be decomposed into the following 12 equations:  134 
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 T 2 T 2 T 2 T 2
1 1 1 1 1 1 2 1 2 2 2 1 2 1 1 2 2 2 2 2

T T T T
1 1 2 1 2 2 1 1 L1 1 2 L2

T T T T
2 1 L1 2 2 L2 L1 1 L1 1 L2 2 L2 2

/ ; / ; / ; / ;

0; 0; 0; 0;

0; 0; ;

k kρ β ρ β ρ β ρ β

ρ ρ

= = = =

= = = =

= = = =

r W r r W r r W r r W r

r W r r W r r W t r W t

r W t r W t t W t t W t

       (5) 135 

Establishing simultaneous equations with the first six equations in Equation (5) and utilizing 136 
the orthogonality of 1r  and 2r , we have: 137 

 T T T T T T
1 1 1 2 1 2 1 2 1 2 2 2 1 1 2 1 2 2

T T T
2 2 1 1 1 2

; ; 0; 0;

1; 1; 0

k k= = = =

= = =

r W r r W r r W r r W r r W r r W r

r r r r r r
        (6) 138 

Non-linear optimization is adopted to solve Equation (6). Thereafter, 1r  and 2r  can be solved 139 
directly. According to L1 L2 1 2 1 2[ ]= = ×R R r r r r , we obtain L1R  and L2R . Similarly, the solution of 140 

R1 R2=R R  can be determined. 141 
Taking the target as a medium, the transformation matrix can be obtained as follows: 142  1

LR LR R1 R1 L1 L1

1 1 1

−
     =     
     

R t R t R t

0 0 0
       (7) 143 

According to Equation (7), we have the final expression of LRR , which is shown in Equation (8) 144 
as follows: 145  1

LR R1 L1
−=R R R            (8) 146 

2.2.2. Solving LRt  147 

Establishing simultaneous equations with the last four equations in Equation (5) yields the 148 
following expression: 149 

 T
1 1 L1

T
2 1 L1

T
1 2 L2

T
2 2 L2

0

0

0

0

 =


=


=
 =

r W t

r W t

r W t

r W t

          (9) 150 

Given that Equation (9) has a typical form of AX=0 , we cannot obtain a unique non-zero 151 
solution L1t  and L2t  by solving Equation (9) directly. Upon analyzing Equation (9), L1t  and L2t  152 
are the center of L1e  and L2e , respectively, which are the coordinates of the origin point of 1 1 1 1O x y z  153 
and 2 2 2 2O x y z , respectively. Suppose that L1

t and L2
t  are the unit vectors from the origin point of 154 

c1 c1 c1 c1O x y z  to the origin point of 1 1 1 1O x y z  and 2 2 2 2O x y z , we have: 155 

T T T T
L1 L1 1 L1 2 L1 1 L1 2

T T T T
L2 L2 1 L2 2 L2 1 L2 2

( ) / ( )

( / ) / ( / )

 = × ×


=





t W r W r W r W r

t W r W r W r W r
                 (10) 156 

Similarly, the rotation matrix R1 R2=R R  and the translation vectors R1 R2, t t  can be solved 157 
according to the abovementioned method. 158 

Let LR
t denote the unit vector from the origin point of c1 c1 c1 c1O x y z  to the origin point of 159 

c2 c2 c2 c2O x y z . As shown in Figure 3, L1
t , R1

t  and LR
t  lie on a plane. 160 
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Figure 3. Process to solve LR
t  162 

According to the coplanarity constraint, we have: 163  T
R1 L1 LR
ˆ( ) 0× ⋅ = t t t          (11) 164 

where L1 LR L1
ˆ = t R t . Suppose that T

R1 L1
ˆ( )v = × t t , the coplanarity constraint can be rewritten as a 165 

homogeneous equation in LR
t : 166  LR 0v ⋅ =t           (12) 167 

If n sets of images of the target are observed, by stacking n such equations as Equation (12), we 168 
have: 169  LRV 0⋅ =t          (13) 170 

where V is an 3n×  matrix. If 3n ≥ , a unique solution LR
t  can be obtained up to a scale factor. 171 

Unitizing the solution, we have the unit vector LR
t . Given that LR LR LRk= t t , Equation (1) can be 172 

rewritten as follows: 173 

L L L L

L L L L

L L R R R 7 L 8 L L 9 R 1 L 2 L L 3( ( )) / ( ( ) ( ))x z

x z u f
y z v f
z f f t X t u r u r v f r f ru r v f r

=
 =
 = − + + − + +

 
 

 
     (14) 174 

where T
LR [ , , ]x y zt t t t=    . 175 

According to Equation (14), we can obtain the coordinate of a feature point in 3D reconstruction 176 
up to a scale factor LRk , that is, L L L LR L L L[ , , ] [ , , ]x y z k x y z  

= . To solve LRk , we reconstruct the 3D  177 
coordinates of all the feature points that lie on the ellipse in c1 c1 c1 c1O x y z . Using the plane fitting 178 
method, the coefficients of the two plane equations of the target can be determined as follows: 179 

 L1 L1 L1 L1 L1 L1 L1

L2 L2 L2 L2 L2 L2 L2

0

0

a x b y c z d

a x b y c z d

 + + + =


+ + + =

  
  

         (15) 180 

Where L1 L1 L1 L1[ , , , ]a b c d  and L2 L2 L2 L2[ , , , ]a b c d  denote the coefficients of the two plane equations of 181 
the target. 182 

Similarly, the plane equations can be determined by fitting the coordinates of all the 183 
characteristic points in 3D reconstruction as follows: 184  L1 L1 L1 L1 L1 L1 L1

L2 L2 L2 L2 L2 L2 L2

0

0

a x b y c z d
a x b y c z d

+ + + =
 + + + =

         (16) 185 
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  186 
where L1 LR L1d k d=  , L2 LR L2d k d=  . 187 

According to Equation (14), the distance between the origin of the left camera and the plane, in 188 
which the two eclipses lay, can be solved as follows: 189 

 L1 L1 L1 L1 L1 L1 L1
L12 2 2

L1 L1 L1

L2 L2 L2 L2 L2 L2 L2
L22 2 2

L2 L2 L2

1

2

a x b y c z d
Dis d

a b c

a x b y c z d
Dis d

a b c

 + + +
= =

+ +


+ + + = = + +

         (17) 190 

Considering that the two planes are parallel and their distance is known, the scale factor LRk  is 191 
inferred as 192  LR L1 L2/k D d d= −           (18) 193 

In this case, the final scale factor LRk  is the average of the entire scale factor. Thus, LRk is 194 
presented as follows: 195    LR LR LRk= t t            (19) 196 

2.2.3. Non-linear optimization 197 

Calibration error exists due to random noise and other disturbances. Hence, non-linear 198 
optimization is utilized to obtain the optimal solution of calibration results. We randomly sample 199 
several feature points from one stripe, and the matching points will be the intersection of the other 200 
stripe and corresponding epipolar line. 201 

To improve the calibration accuracy, the target is placed at different positions. For each 202 
position, assume that 1i 1i 1i 1iO x y z  and 2i 2i 2i 2iO x y z  are the target coordinate systems under two 203 
parallel planes. For the feature points located on different target planes, we reconstruct their 3D 204 
coordinates under the corresponding target coordinate system. Then, the ellipse fitting method is 205 
adopted to obtain 1iQ  and 2iQ  . From 1iQ  and 2iQ  , we can solve the major axes 1iα  and 2iα  206 
and minor axes 1iβ  and 2iβ , as well as the angles 1iθ  and 2iθ . According to the properties of 207 
elliptical stripes, the objective function is established as follows: 208  1 2

1 1 2
1 2

( ) min ( )
n

i i
i i

i i i

e a
α α θ θ
β β

= − + −         (20) 209 

where 1 1 2
LR LR Li Li Li( , , , , )a = R t R t t  and 1 1

Li Li,R t are the rotation matrix and transformation vector, 210 
respectively, from the left camera coordinate system to 1i 1i 1i 1iO x y z  at each position. 2

Lit  is the 211 
transformation vector from the left camera coordinate system to 2i 2i 2i 2iO x y z , and n denotes the 212 
number of positions. 213 

In each position, we reconstruct the 3D coordinates of the feature points under the coordinate 214 
system of BSVS. Then, the planar fitting method is utilized to obtain the equation of the left plane 215 

AiΠ  and right plane BiΠ . Therefore, we obtain the second objective function based on the 216 
measurement distance and actual distance: 217  2 ( ) min( ( , )- )

n

Ai Bi
i

e a Dist D= Π Π        (21) 218 

where ( , )A BDist Π Π  is the distance of two planes under the coordinate system of BSVS, and D is the 219 
actual distance of the two parallel target planes. 220 

According to the coplanarity constraint introduced in section 2.2.2, we have the following 221 
objective function: 222 
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 1 1 T 2 2 T
3 LR LR( ) min (( ) +( ) )

n

Ri Li Ri Li
i

e a = × ⋅ × ⋅ t t t t t t       (22) 223 

where m and l are the feature points in the two target planes, and E is the essential matrix of BSVS. 224 
Thereafter, the final objective function is established as follows: 225  1 2 3( ) ( ) ( ) ( )e a e a e a e a= + +          (23) 226 

Thus, the optimal solution of LRR  and LRt  under the maximum likelihood criteria can be 227 
solved via non-linear optimization methods (e.g., Levenberg–Marquardt algorithm [23]). 228 

3. Discussion 229 

The two geometric properties of projected elliptical stripe introduced in section 2.2 comprise the 230 
core idea of the proposed method. Notably, various methods are available to obtain the elliptical 231 
stripes, such as the use of different forms of lasers or projector to project elliptical stripes on a target 232 
plane. Hence, equations in the form of Equation (5) are available to solve the rotation matrix and 233 
transformation vector of BSVS. The calibration form used in this study is the simplest form of 234 
proposed method. If the axes of the projected light cone in each case remain parallel to each other, 235 
the elliptical stripes embody the geometric properties whether the divergence angle of the projective 236 
tool is a constant or not. Figure 4 shows several calibration forms for the proposed method. 237 

The lasers shown in Figure 4 are easy to purchase, and the lasers with suitable wavelength and 238 
pattern according to the actual condition can be chosen. The BSVS is usually equipped with optical 239 
filter, so capturing an ordinary target clearly is difficult. The proposed method adopts the images 240 
captured by the strong laser. Thus, this method works much better under complex light conditions 241 
such as strong light, dim light, and non-uniform light. In comparison with common methods, the 242 
proposed method is more suitable for outdoor online calibration. 243 

(a) (b) (c) (d)  244 

Figure 4. Combination forms of laser and target. (a) Single ring stripe laser and parallel planar target; 245 
(b) Single ring stripe laser and parallel planar target; (c) Concentric double ring stripe laser and 246 
parallel planar target; (d) Multiple ring stripe laser and parallel planar target. 247 

4. Experiment 248 

4.1. Simulation experiment 249 

Simulation is performed to validate the efficiency of proposed method. Image noise, distance of 250 
the two target planes, and size of the projected elliptical stripe considerably affect calibration 251 
accuracy when the BSVS is calibrated using the proposed method. Hence, simulation is performed 252 
based on the above factors. The conditions of the simulation experiments are as follows: camera 253 
resolution of 1628 pixels × 1236 pixels, focal length of 16 mm, field of view is 400 mm × 300mm, 254 
placement position is approximately 600 mm away from the BSVS, LRr  is [0.0084  0.6822  0.0416], 255 
and LRt  is [-449.6990  -5.6238  180.8245]T. Calibration accuracy is evaluated using the root mean 256 
square errors (RMSEs) of xr , yr , zr , xt , yt  and zt , as well as the deviation between the 3D 257 
reconstruction and actual coordinates of the feature points. 258 
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4.1.1. Impact of image noise on calibration accuracy 259 

In the experiment, the distance between the two target planes is 60 mm. The target is placed at 260 
15 different positions in each experiment, and a total of 100 independent experiments are performed 261 
at each noise level. Gaussian noise with zero mean and standard deviation of 0.1-1 pixel with an 262 
interval of 0.1 pixel is added to the feature points. As shown in Figure 5, the calibration accuracy 263 
decreases linearly with increasing image noise. In general, the calibration accuracy is high even with 264 
a relatively high noise level. 265 
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Figure 5. RMSEs of the extrinsic parameters based on the proposed method. (a) RMSEs of rx, ry and rz 267 
at different noise levels; (b) RMSEs of tx, ty and tz at different noise levels; (c) RMSEs of the 3D 268 
coordinates of the feature points at different noise levels. 269 

4.1.2. Impact of distance between two target planes on calibration accuracy 270 

In the experiment, the distance of two target planes is 60 mm. The target is placed at 15 different 271 
positions in each experiment, and a total of 100 independent experiments are performed at each 272 
distance level. Gaussian noise with zero mean and standard deviation of 0.5 pixel is added to the 273 
feature points. The distance between the two target planes ranges from 10 mm to 100 mm with an 274 
interval of 10 mm. As shown in Figure 6a, b, the RMSEs of xr , xt , yt  and zt  decrease as the 275 
distance levels increase, whereas the RMSEs of yr  and zr  increase as the distance levels increase. 276 
As shown in Figure 6c, the calibration accuracy increases remarkably with rising distance level in the 277 
range of 10–40 mm but gradually decreases when distance level increases in the range of 40–100 mm. 278 
Based on the above analysis, the improvement in calibration accuracy is not entirely related to the 279 
increase in distance level. High accuracy can be obtained when the ratio of field of view to the 280 
distance between two target planes is 10 (400 mm/40 mm). 281 

(a) (b) (c)

10 20 30 40 50 60 70 80 90 100
0.000

0.001

0.002

0.003

0.004

R
M

S

distance(mm)

 rx
 ry
 rz

10 20 30 40 50 60 70 80 90 100
0.0000

0.0005

0.0010

0.0015

0.0020

0.0025

0.0030

R
M

S
(m

m
)

distance(mm)

 tx
 ty
 tz

10 20 30 40 50 60 70 80 90 100
0.00

0.01

0.02

0.03

0.04

0.05

R
M

S
(m

m
)

distance(mm)

 x
 y
 z

 282 

Figure 6. RMSEs of the extrinsic parameters based on the proposed method. (a) RMSEs of rx, ry and rz 283 
at different distance levels; (b) RMSEs of tx, ty and tz at different distance levels; (c) RMSEs of the 3D 284 
coordinates of the feature points at different distance levels. 285 

4.1.3. Impact of elliptical stripe size on calibration accuracy 286 

In the experiment, the distance between two target planes is 60 mm. The target is placed at 15 287 
different positions in each experiment, and a total of 100 independent experiments are performed at 288 
each size level. Gaussian noise with zero mean and standard deviation of 0.5 pixel is added to the 289 
feature points. The ratio of the major axes to the minor axes of the elliptical stripe in space is 1.1, and 290 
the length of minor axes is from 100 mm to 280 mm with an interval of 20 mm. As shown in Figure 291 
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7a and Figure 7b, the RMSEs of extrinsic parameters decrease as the size levels increase. However, 292 
according to the reconstruction errors shown in Figure 7c, the calibration accuracy increases 293 
substantially with rising size level in the range of 100–160 mm but gradually decreases when the 294 
distance level increases in the range of 160–280 mm. For the proposed method, the most accurate 295 
calibration results do not necessarily contribute to the best calibration accuracy. From Figure 7c, the 296 
proposed method yields optimal calibration accuracy when the ratio of field of view to the distance 297 
between two target planes is approximately 2.5 (400 mm/160 mm). 298 
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Figure 7. RMSEs of the extrinsic parameters based on the proposed method. (a) RMSEs of rx, ry and rz 300 
at different distance levels; (b) RMSEs of tx, ty and tz at different minor axis length levels; (c) RMSEs of 301 
the 3D coordinates of the characteristic points at different minor axis length levels. 302 

4.2. Physical experiment 303 

4.2.1. Extrinsic calibration of BSVS 304 

Two sets of physical experiments are performed, namely, the proposed method and Zhang’s 305 
method. Zhang’s method is widely used in camera calibration due to its convenience and efficiency. 306 
Hence, we compare the proposed method with Zhang’s method.  307 

As shown in Figure 8, two cameras are equipped with the same 16 mm optical lens. The 308 
resolution of the camera is 1628 pixels × 1236 pixels, the measurement distance is 600 mm, and the 309 
field of view is approximately 400 mm × 300 mm. The resolution of the projector (Dell M110) is 1280 310 
pixels × 800 pixels. 311 

Camera1 Camera2DLP

Target

 312 

Figure 8. Stereo vision sensor and target. 313 

MATLAB Toolbox in [24] is adopted to complete the intrinsic and extrinsic parameter 314 
calibrations of BSVS. A light-emitting planar checkerboard target is used in the physical 315 
experiments. The number of feature points on the target is 10 × 10, and the target accuracy is 5 µm. 316 
The intrinsic parameter calibration results of two cameras using Zhang’s method are shown in Table 317 
1.   318 

Table 1. Intrinsic parameter calibration results of left and right cameras by Zhang’s method 319 

 fx fy u0(pixel) v0(pixel) k1(mm-2) k2(mm-4) 
Left camera 3672.23 3672.87 833.11 631.99 8.46e-5 -0.11 -0.05 

Right camera 3673.59 3672.85 821.11 632.18 -1.59e-5 -0.13 0.92 

γ
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The calibration process consists of the following steps: (1) the intrinsic and extrinsic parameters 320 
of BSVS are calibrated using Zhang’s method; (2) the calibration of the proposed method is 321 
implemented using the intrinsic parameters calibrated by Zhang’s method. The production accuracy 322 
of a double parallel planar target is 0.02 mm, and the distance between two target planes is 60.27 323 
mm. The target is placed 15 times in each trial.  324 

The Steger method [25] is adopted to extract the center of the light stripes. Thereafter, the 325 
corresponding ellipse is obtained by the ellipse fitting method [26]. Figure 9 shows the results of 326 
processing the light stripes in the image. Images used in the two methods are shown in Figure 10. 327 

(a) (b)  328 

Figure 9. Result of processing the light stripes in the image. (a) Extraction of the center of the light 329 
stripes; (b) Ellipses obtained by ellipse fitting. 330 

(a) (b)  331 

Figure 10. Images used in calibration via two methods. (a) Images used in calibration via the 332 
proposed method; (b) Images used in calibration via Zhang’s method. 333 

Table 2 shows the comparison of the extrinsic parameters calibrated via the two methods. In 334 
general, the effects of the two extrinsic calibration methods show no significant difference. 335 

Table 2. Comparison of the extrinsic parameters 336 

 rx ry rz tx(mm) ty(mm) tz(mm) 
Proposed method 0.0084 0.6822 0.0416 -449.6990 -5.6238 180.8245 
Zhang’s method 0.0082 0.6845 0.0421 -450.5520 -5.7329 183.8668 
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4.2.2. Evaluation of the proposed method 337 

To further evaluate the proposed method, the light-emitting planar checkerboard target is 338 
placed five times before the BSVS. At each position, the 3D reconstruction coordinates of the feature 339 
points on target are computed based on the two methods. Table 3 shows the reconstruction results of 340 
five feature points at one of those positions. 341 

Table 3. Comparison of the 3D reconstruction results 342 

Index 
Proposed method Zhang’s method 

x(mm) y(mm) z(mm) x(mm) y(mm) z(mm) 
1 100.430 -40.851 578.504 100.550 -40.899 579.197 
2 100.732 -30.883 577.749 100.856 -30.921 578.464 
3 101.028 -20.922 577.016 101.157 -20.949 577.753 
4 91.072 -30.768 575.206 91.185 -30.806 575.923 
5 91.676 -10.858 573.712 91.798 -10.872 574.472 

The measurement distance md  of the feature points is computed using the 3D reconstruction 343 
coordinates. The actual distance of the feature points on the target coordinate frame is denoted as td344 
. The deviation between measurement distance md  and actual distance td  is calculated as the 345 
reconstruction error dΔ . Figure 11a shows the statistical diagram of the data in different 346 
reconstruction error levels, and Figure 11b illustrates the box chart showing the statistical analysis of 347 
reconstruction error. 348 

(a) (b)  349 

Figure 11. Reconstruction errors of light-emitting planar target via two methods. (a) Number of point 350 
pairs in different reconstruction error level via two methods; (b) Statistical distributions of the 351 
reconstruction error of the feature point pairs via two methods. 352 

From Figure 11a, the distribution of reconstruction errors statistical diagram 353 
shows a gradual descending with the increase of error level, where most of the reconstruction errors 354 
based on Zhang’s method are relatively low. In the box chart, the two short horizontal lines above 355 
and below the error bar represent the maximum and minimum values of the data, respectively. As 356 
shown in Figure 11b, the deviation between the minimum reconstruction error and zero is relatively 357 
large when using the proposed method. The small rectangle in the error bar denotes the mean of the 358 
data. Compared with Zhang’s method, the mean reconstruction error using the proposed method 359 
considerably deviates from zero. The error bar shows the distribution of the data, and its lower and 360 
upper boundaries represent 25% and 75% of the data, respectively. Along the direction of the 361 
ordinate, the length of the error bar is relatively long in the proposed method than in Zhang’s 362 
method. For Zhang’s method, the reconstruction error is more symmetric about zero, which means 363 
that the reconstruction errors are mainly close to zero. The reconstruction RMSEs of the proposed 364 
method and Zhang’s method are 0.03 and 0.02 mm, respectively. In terms of calibration accuracy, the 365 
proposed method is comparable with Zhang’s method 366 

Stability is important for the evaluation of a calibration method. Hence, 10 sets of repetitive 367 
experiments are performed to validate the efficiency of the proposed method. For each method, 15 368 
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sets of images are randomly selected to calibrate the BSVS. Subsequently, repeatability analysis of 369 
the calibration parameters and calibration accuracy is conducted. Figure 12 shows the comparison of 370 
repeatability analysis of the calibration results.  371 
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Figure 12. Repeatability of calibration results via two methods. (a) Repeatability of rx via two 373 
methods; (b) Repeatability of ry via two methods; (c) Repeatability of rz via two methods; (d) 374 
Repeatability of tx via two methods; (e) Repeatability of ty via two methods; (f) Repeatability of tz via 375 
two methods. 376 

In Figure 12, the black asterisks represent the calibration parameters, the purple curves are the 377 
fitted normal distribution curves of the calibration parameters, and the thin horizontal lines in 378 
purple color represent the mean calibration parameters. The shape of the normal distribution curve 379 
correlates with the standard deviation of the data. The curve is narrow and high when the standard 380 
deviation is low, whereas the curve with a relatively high standard deviation is flat and low. As 381 
shown in Figure 12b and Figure 12f, the lengths of error bar of the proposed method is close to that 382 
of Zhang’s method, meanwhile, the fitted normal distribution curves are similar in shape. Hence, 383 
the stability of the proposed method is basically the same as that of Zhang’s method. From the 384 
Figure 12c, Figure 12d and Figure 12e, the dispersion of the proposed method is high. However, the 385 
proposed method performs better in stability as shown in Figure 12a. Accuracy of the calibration 386 
method is determined by the entire extrinsic parameter. Hence, the efficiency of the calibration 387 
method cannot be evaluated well according to one parameter only. To further prove the stability of 388 
the proposed method, we calculated the RMS of the reconstruction errors to present the calibration 389 
accuracy of the two methods. Then, the contribution of calibration accuracy is analyzed as shown in 390 
Figure 13. 391 
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Figure 13. Repeatability of calibration accuracy error via two methods. 393 

In Figure 13, the error bar represents the contribution of calibration accuracy via the two 394 
methods. The black asterisks are the entire calibration accuracy data. From the data, the calibration 395 
accuracy of Zhang’s method is approximately 0.02 mm, and that of the proposed method is close to 396 
0.03 mm. In detail, the majority of calibration accuracy data of the proposed method is less than 0.03 397 
mm. Along the direction of the ordinate, the length of the error bar of the proposed method is  398 
approximately twice of that of Zhang’s method. Thus, the accuracy data of Zhang’s method is 399 
relatively concentrated. The thin horizontal lines in purple color represent the mean calibration 400 
accuracy. By comparison, the mean calibration accuracy using Zhang’s method is close to 0.015mm, 401 
which is approximately half of that of the proposed method. In addition, the fitted normal 402 
distribution curve of Zhang’s method is relatively narrow and high, implying that the calibration 403 
accuracy of these methods is highly stable. Based on the above analysis, we have the following 404 
evaluation: Zhang’s method performs a bit better in stability and calibration accuracy, meanwhile, 405 
stability and calibration accuracy of two methods are both relatively high. 406 

The performance of the proposed method is a little bit worse than Zhang’s method. However, 407 
some methods can be used in the calibration process to further improve calibration accuracy and 408 
stability. For instance, we can use multi-planar targets, project multiple elliptical stripes, and adopt 409 
enhanced non-linear optimization methods. The proposed method can adopt the feather point, 410 
which is not captured by the two cameras simultaneously. In general, the proposed method is 411 
slightly inferior to Zhang’s method but performs fairly well in practice. Moreover, the proposed 412 
method is convenient, flexible, and suitable for dynamic online calibration of BSVS.  413 

5. Conclusions 414 

This paper presents an extrinsic calibration method based on unknown-sized elliptical stripe 415 
images. The proposed method avoids using feature points with certain size. Strong light stripes are 416 
the core of the proposed method, which is suitable for calibration under complex circumstances. In 417 
addition, the proposed method performs well in calibration with an optical filter. The proposed 418 
method comes in various forms by flexibly combining the target and elliptical stripe, thereby 419 
guaranteeing relatively high calibration accuracy under different conditions. In practice, the planar 420 
target can easily ensure high production quality with low cost, and the laser is easily obtained. 421 
Several physical experiments validate the efficiency of the proposed method. In conclusion, the 422 
proposed method is valuable for practical extrinsic calibration of BSVS. 423 
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