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Abstract. Multicamera systems have many advantages and are widely used. However, many situations require
camera parameters that are more accurate than those that are currently available. A new algorithm is proposed
to improve the accuracy and consistency of these systems by adjusting the camera parameters. The algorithm
assumes that the distribution of the measured point positions follows the Gaussian mixture model. Based on this
model, point positions in space are estimated, and new camera parameters are computed from the estimation. A
metric is defined to describe the difference between the newly computed and precalibrated camera parameters,
following which the parameters are adjusted by minimizing this difference. Finally, the validity of the algorithm is
confirmed by conducting experiments. Two indicators that describe the accuracy and consistency are defined
and applied to analyze the experimental data. © 2015 Society of Photo-Optical Instrumentation Engineers (SPIE) [DOI: 10.1117/1.OE
.54.10.104108]
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1 Introduction
Compared with vision systems based on one or two cameras,
multicamera systems have many advantages, including a
wider visual field and improved three-dimensional (3-D)
reconstruction accuracy. Therefore, these systems have been
widely used in many applications.
The usability of these systems requires calibration and
rectification as important steps. The camera parameters
can be estimated independently for each camera and several
software packages are available for this purpose. In addition,
many methods have been proposed to improve the precision
of the calibration.1,2 However, the calibration becomes more
complex when more than two cameras are used in one
system.
In a two-camera system, the use of calibrated camera
parameters and a sufficient number of image coordinates
allows the 3-D positions of the corresponding points to be
reconstructed. However, in a multicamera system with the
same points in the common sight field, more than one result
can be obtained because of the redundancy of cameras.
Because errors in the calibration process are unavoidable,
and the mechanical stability of cameras is not enough in
some situation, the accuracy of the obtained parameters cannot be guaranteed for multicamera systems, especially when
there is a large distance between the object of interest and the
cameras. In a multicamera system, errors resulting from situations such as these lead to inconsistency within the system
of world coordinates; hence, the 3-D positions obtained by
the different subsystems differ considerably from each other,
a situation that is unacceptable in applications that demand
high accuracy.
Much research has been conducted in an attempt to
address this problem. Yamazoe et al.3 proposed a method

using silhouette geometry constraints, and Zaharescu et al.4
solved the problem using affine factorization. All these methods focus on how to minimize the reprojection error.
Moreover, the calibration is fulfilled independently for
each camera without using the information obtained from
other cameras.
However, the reprojection error is not the only problem
that needs to be considered in practical systems. For example, for systems that need to track objects across multiple
two-camera subsystems, nonconformity among subsystems
will lead to a sudden change in the trajectory of the object
at the surface between the segments of the sight field of the
different subsystems, which would be unacceptable for the
task. Thus, multicamera systems require the parameters to be
both accurate and uniform.
One solution to this problem is to compensate for the difference between each of the two-camera subsystems. This is
done by using the image coordinates of a common set of
points and the calibrated camera parameters to reconstruct
the 3-D positions of each camera. These 3-D coordinates
are subsequently used to solve the transformation between
the coordinate systems of each subsystem.5 Although
this approach works well, the computational complexity
increases notably with the number of cameras in the system;
i.e., a system containing N cameras has C2N subsystems and
the compensating operation described above will run C2N − 1
times. In addition, this compensating effect is insufficient in
some situations that demand high accuracy.
Another commonly used method is bundle adjustment.6
Based on the initial estimate, the algorithm refines all intrinsic and extrinsic parameters using the Levenberg–Marquardt
algorithm to minimize the sum of all reprojection errors. This
method is widely used3,7,8 and considers the conformity
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between the cameras to some degree. Compared with the former method, it is more direct and effective. However, this
method demands well-established initial parameters,
which are sometimes hard to obtain. Another disadvantage
of this method is that it adjusts the parameters regardless of
the camera model constraint. For example, the extrinsic
parameters are orthogonal. Therefore, this method loses generality, which leads to overfitting of the sample data.
In this paper, a new method is proposed to rectify problems associated with multicamera systems with overlapping
fields, with the aim of improving both the accuracy and the
consistency of the system by fine-tuning the calibrated camera parameters. The remainder of this paper is organized as
follows. Section 2 contains a description of the construction
of the measurement model of the multicamera system. Then,
Sec. 3 describes the estimation of the model parameters.
Section 4 presents the estimation of the camera parameters
based on the obtained model. The experimental results are
presented in Sec. 5. Finally, in Sec. 6, the conclusion
is given.

Common sight
field

2 Model Building
The model of a pin-hole camera is usually described as
su ¼ K in K ex x;

EQ-TARGET;temp:intralink-;e001;63;480

(1)

where x is the 3-D space coordinates of a point, u is its projection onto the camera, i.e., its image coordinate, s is the
depth of field of the point relative to the camera, whereas
K in and K ex are the intrinsic and extrinsic parameters of the
camera.
Considering a system with n cameras (n ≥ 2). The initial
K in ðiÞ and K ex ðiÞ of each camera are calibrated by traditional
methods, such as that proposed by Zhang.9 The system contains m ¼ C2n suite of two-camera subsystems. Figure 1
presents an example of such a system. It is a vertical view
of a four-camera system. In the system, the sight field of the
cameras intersects with each other and forms a common sight
field in the space that is visible to all the cameras.
For a point in the common sight field of all the cameras,
each subsystem can implement a measurement on the
corresponding x. The measured result is formulated as
X^ ¼ ½^x1 ; : : : ; x^ m .
^ the posterior probability distriWe assume that given X,
bution of real point positions, i.e., X, can be estimated by
Parzen Window density estimation method. The estimated
distribution follows the Gaussian mixture model (GMM).10
Its probability density function, fðxÞ, can be assumed to be
fðxÞ ¼

m
X

EQ-TARGET;temp:intralink-;e002;63;207

γ i gðx − x^ i ; σ 2 IÞ ¼ ΓG:

EðxÞ ¼

m
X

EQ-TARGET;temp:intralink-;e003;326;398

γ i x^ i :

(3)

i¼1

EðxÞ can be considered as an estimation of the real 3-D
location of the point. However, the weight value, i.e., Γ, is
still unknown and the estimation of γ i will be discussed
in Sec. 3.
Meanwhile, the Rényi quadratic entropy of the distribution can be considered as an indicator of the consistency of
the measurement, which is discussed in detail in Sec. 5.1.
3 Model Parameters Estimation
Section 2 proposes a measurement model for a multicamera
system. However, the value of Γ in the model is still
unknown and in this section we propose a method for its
estimation.
We assume that there are m points in the space. Eq. (1)
can be rewritten in terms of the matrix equation
SU ¼ K in K ex X 3-D ¼ MX 3-D ;

(4)

EQ-TARGET;temp:intralink-;e004;326;192

(2)

i¼1

In Eq. (2), gðμ; ΣÞ is a Gaussian kernel with mean μ and
covariance Σ, G is a vector composed
Pby the kernels. γ i is the
weight of the i’th subsystem, with
γ i ¼ 1 and γ i ≥ 0 for
i ∈ f1; : : : mg. Γ ¼ ½γ 1 : : : γ m  denotes the reliability of the
i’th subsystem. In addition, the kernels are set isotropically
by setting all the Σ to be σ 2 I.
Based on this model, the expectation of x can be written
as
Optical Engineering

Fig. 1 Multicamera system and its common sight field.

where U is a 3 × m matrix composed by uðkÞ, X 3-D is a 4 × m
matrix composed by xðkÞ, S is a diagonal matrix with sðkÞ on
its main diagonal, and M represents the camera parameters.
As discussed in Sec. 2, X 3-D can be estimated by EðxÞ. X̄
denotes the estimation result, which is determined by Γ
according to Eq. (3). Meanwhile, with X̄ and the correspond^ can be
ing U, a new group of camera parameters, i.e., M,
computed based on the camera model.
Based on the above discussion, we can estimate Γ by min^
imizing the difference between MðiÞ and MðiÞ.
Realization
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of an idea such as this requires the difference to be quantified
by mathematical formalization. A metric for quantifying this
difference is introduced in Secs. 3.1 and 3.2. Then, in
Sec. 3.3, Γ is estimated according to this metric.
3.1 Metric for Camera Parameters
^ the metric is
To quantify the difference between M and M,
first defined.
The intrinsic parameters of the cameras have the form of
2
3
f u θ du
6
7
K in ¼ 4 0 f v dv 5:
(5)
0 0 1
EQ-TARGET;temp:intralink-;e005;63;630

In Eq. (5), K in is the camera intrinsic matrix, with ðdu ; dv Þ
the coordinates of the principal point, f u and f v are the scale
factors in image u and v axes, and θ is the parameter describing the skew of the two image axes.9
The metric of the difference between the intrinsic parameters can be represented as
DI ðK in1 ; K in2 Þ ¼ kK in1 − K in2 kF ;

EQ-TARGET;temp:intralink-;e006;63;502

(6)

where k · kF denotes the Frobenius norm of the matrix.
The extrinsic parameters of the cameras, i.e., K ex ,
describe the rotation and translation which relate the world
coordinate system to that of the camera. Thus, the distance
between two external parameters K ex1 and K ex2 requires two
parts representing the difference in rotation and the difference in translation, respectively.
A metric11 representing the difference in rotation is proposed as
DR ðK ex1 ; K ex2 Þ ¼ kI − R1 R⊤2 kF ;

EQ-TARGET;temp:intralink-;e007;63;372

(7)

^ ¼ arg minkMX̄ − Uk:
M
M

Second, K ex and K in contain a 3 × 3 rotation matrix R,
which is a unitary matrix, i.e.,
RR⊤ ¼ I:

DT ðK ex1 ; K ex2 Þ ¼ kT 1 − T 2 k2 ;

EQ-TARGET;temp:intralink-;e008;63;274

(8)

To reflect this constraint, the rotation matrix of the external parameters can be represented in Rodrigues’ rotation
equation,13 in which the rotation matrix can be represented
by a 1 × 3 rotation vector, ~r ¼ ½rx ; ry ; rz . The unitary matrix
constraint is guaranteed by the conversion process. Thus, K ex
can be represented by a 1 × 6 vector, which contains both the
translation vector ~t ¼ ½tx ; ty ; tz  and the rotation vector ~r.
Meanwhile, K in can be represented by a 1 × 5 vector,
which contains the five variables described in Eq. (5). In
summary, the optimization target, 3 × 4 matrix M, only contains 11 independent variables and can be denoted by a vector, i.e., ~s ¼ ½~r; ~t; f u ; f v ; θ; du ; dv . Then, Eq. (10) can be
written as


s^ ¼ arg minkMð~sÞX̄ − Uk
s

EQ-TARGET;temp:intralink-;e012;326;509

^ ¼ Mð^sÞ
M

DðM1 ; M 2 Þ ¼ α1 DI þ α2 DR þ α3 DT ;
(9)
P
where αi is the weight, with αi ¼ 1 and αi ≥ 0, and can be
adjusted according to the performance of the algorithm.

EQ-TARGET;temp:intralink-;e009;63;221

^ from X̄
3.2 Estimation of M
When a set of estimation result X̄ and its corresponding pro^ can be estimated according to the camjection U is fixed, M
era model.
First, all the points should conform to the pin-hole camera
model described in Eq. (4). However, such model cannot be
strictly satisfied, because of the errors in the detection of feature points and the calibration of parameters. To use this
^ by minimizing the reprojection
model, we estimate M
error, i.e.,
Optical Engineering

:

(12)

In conclusion, for an independent camera, if X̄ and its corresponding U is fixed, a suite of parameters for this camera
can be estimated according to Eq. (12).
3.3 Estimation of Γ According to Model
With all the above definitions, the difference between M and
^ can be quantified as
M
Ψ¼

n
X

^
D½MðiÞ; MðiÞ:

(13)

i¼1

^
Based on this definition, Ψ is determined by M.
^ is determined by X̄ according to Sec. 3.2,
Meanwhile, M
and X̄ is determined by Γ according to Eq. (3). Therefore,
Ψ is a function of Γ, which can be estimated by minimizing
Ψ, i.e.,
Γ^ ¼ arg min ΨðΓÞ:

EQ-TARGET;temp:intralink-;e014;326;275

where T 1 and T 2 are the translation vectors of K ex1 and K ex2 .
Then, the metric for camera parameters is defined as

(11)

EQ-TARGET;temp:intralink-;e011;326;684

EQ-TARGET;temp:intralink-;e013;326;378

where DR is the metric, R1 , R2 is the rotation matrix of K ex1
and K ex2 , and I is an identity matrix. The advantage of this
metric has been proved,12 and its value represents the similarity between the two suites of external parameters.
Meanwhile, the difference in translation, i.e., DT , is
simply defined as

(10)

EQ-TARGET;temp:intralink-;e010;326;734

(14)

Γ

In conclusion, Γ^ is obtained by two layers of optimization.
In the inner layer, we assume that Γ is known and the camera
parameters MðiÞ are optimized to minimize the reprojection
error. Then, the external layer optimizes X̄ to minimize the
^
distance between the MðiÞ
obtained by the inner layer and
the precalibrated MðiÞ.
4 Algorithm Schedule
In Sec. 3, Γ is estimated. According to Eq. (3), the corresponding X̄ can be estimated as
X̄^ ¼ EðxÞ ¼

m
X

EQ-TARGET;temp:intralink-;e015;326;126

γ^ i x^ i :

(15)

i¼1

Substituting X̄^ into Eq. (12) enabled us to obtain a group
^
of MðiÞ.
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^ is based on miniOn the one hand, the estimation of M
mizing the reprojection error; thus, the accuracy is theoreti^
cally guaranteed. On the other hand, all the obtained MðiÞ
are
^
estimated based on the same group of X̄ ; thus, the consis^ in the system is also guaranteed. In conclusion,
tency of M
^ is a reasonable estimate of the camera parameters in the
M
system considering both the accuracy and the consistency.
The pseudocode of the algorithm is presented in
Algorithm 1, in which the function MAIN is the main schedule of the algorithm. The other two functions are called by
function MAIN. In addition, step 2 and step 11 are two optimization problems which can be solved by a quasi-Newton
method. The initial value for step 2 is set as a 1 × m vector
whose elements are all 1∕m, whereas the initial value for step
11 is set as the precalibrated camera parameters MðiÞ.
Step 2 is the critical step in Algorithm 1. It minimizes the
inconformity among the system. The process of calculating
the inconformity is presented in Fig. 2.
Algorithm 1 Schedule for adjusting camera parameters

Input:
Calibrated camera parameters M; image coordinates U;
measurement results from subsystems X^
Output: Adjusted camera parameters M out
1: function
2:

MAIN

ðM; U; X^ Þ

^ arg minΓ INCONFORMITY ðΓ; M; U; X^ Þ
Γ←

3:

⊤
X ←Γ^ X^

4:

^
M out ← ESTIMATEMðX̄ ; UÞ

5:

return M out

6: end function
7: function INCONFORMITYðΓ; M; U; X^ Þ
8:

Ψ←0

9:

⊤
X̄ ←ΓX^

10:

5 Experiments and Results
The performance of the proposed algorithm was verified
by a series of experiments. All the experiments were
implemented on a four-camera vision system, which
was part of a table tennis robot. The layout of the system
is presented in Fig. 3. In the figure, the cameras were
marked by the red circles, while the pattern was marked
by the yellow rectangle. The distance from the cameras
to the center of the table was almost 5 m in the horizontal
direction and 2 m in the vertical direction. The band of the
four cameras was VC4458 with 640 × 480 pixels resolution ratio. Their initial intrinsic and extrinsic parameters
were calibrated independently in advance using the
MATLAB® toolbox.
A checkerboard was set up, which could be freely moved
around within the common sight field of the cameras. There
were 10 × 7 squares on the checkerboard, and each square
was 50 mm × 50 mm. The corner points of the squares in
the checkerboard served as the 54 feature points, and their
image coordinates were gathered in the different cameras.
The checkerboard was double faced to ensure that the feature points would be visible for every camera. The error
between both sides is less than 1 mm, which could be
ignored in the experiments. Therefore, the feature points
on both sides could be considered as being at the same location. The cameras were finely synchronized to enable the
image of the checkerboard to be recorded by all the cameras
at precisely the same time. These assignments allowed us to
easily obtain two-dimensional (2-D) to 2-D matches over
the camera frames. In practice, we accumulated data
over several frames by changing the orientation and location of the checkerboard, after which the image coordinates
of the corner points were detected by each camera and
recorded as U. Figure 4 shows an example of the experimental scene. The experiment was applied to a multicamera
system for a table tennis robot. Four cameras were set and
the four scenes in the figure represent their respective fields
of vision.
In Sec. 5.1, two indicators are introduced to quantize
the performance of the algorithm, whereas the evaluation
of the robustness of the algorithm, which was done by
introducing noise into the original data, is described
in Sec. 5.2.

for the ith camera do

11:

^
^
MðiÞ
= ESTIMATEMðX̄ ; MðiÞÞ

12:

^
d ←DðMðiÞ; MðiÞÞ

13:

Ψ←Ψ þ d

14:

end for

15:

return Ψ

16: end function

5.1 Performance Indicator Definition
For a rectification algorithm, accuracy and consistency are
the two key targets that must be considered. Two indicators
are set to quantize the targets as follows.
5.1.1 Reproject error
The reprojection error describes the accuracy of the calibration result. The corresponding indicator is defined as

17: function ESTIMATEMX^ , U
18:

^ arg mins kMðs~ ÞX^ − Uk
s←

19:

^
M←Mð
s^ Þ

20:

^
return M

21: end function

Optical Engineering
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EQ-TARGET;temp:intralink-;e016;326;149

n X
l
1X
kMðiÞx3-D ðkÞ − uimg ðkÞk;
nl i¼1 k¼1

(16)

where I is the indicator with pixel as its unit, n is the number
of cameras, l is the number of sample points, and x3-D ðkÞ and
uimg ðkÞ are the 3-D and image coordinates of the sample
points, respectively.
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Fig. 2 Calculation of the inconformity among the system.

Fig. 3 Experimental platform.

Here, it should be noted that a high-accuracy system
requires I to be small.

5.1.2 Rényi quadratic entropy
The Rényi quadratic entropy (RQE) describes the consistency of the system.
The consistency of the camera parameters is linked to the
consistency of the two-eye subsystems. Meanwhile, the
uniformity of the two-camera subsystems is equivalent to
the compactness of the distribution of X. RQE, which is
described in Eq. (17), is an efficient factor to quantify
the compactness of distribution;14 thus, it can be used as
an indicator to describe the consistency of the camera
parameters as well. The computation of RQE is described
in Eq. (17).
Optical Engineering

Z
EQ-TARGET;temp:intralink-;e017;326;223

^ ¼ −log2
HRQE ðXÞ

pðxÞ2 dx:

(17)

It has been proved that the RQE of the distribution can be
represented by a closed-form expression as in Eq. (18).10

^ ¼ −log2
H RQE ðXÞ

"
m X
m
X

EQ-TARGET;temp:intralink-;e018;326;167

#
γ i γ j Gð^xi − x^ j

; σ 2 IÞ

:

(18)

i¼1 j¼1

For the purposes of optimization it is noted that the log^ is
arithm is a monotonic operator; thus, minimizing H RQE ðXÞ
^ as defined in Eq. (19), which
equivalent to minimizing hðXÞ
is much simpler.
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Fig. 4 Experimental setting.

^ ¼
hðXÞ

m X
m
X

EQ-TARGET;temp:intralink-;e019;63;429

γ i γ j ð^xi − x^ j Þ2 :

(19)

i¼1 j¼1

^ is an effective indicator of the consistency of the
hðXÞ
system and will be used in the subsequent experimental
analysis.
5.2 Camera Parameter Adjustment Experiment
5.2.1 Camera parameter adjustment
First, we applied the proposed algorithm to adjust the real
system. The images of checkerboard in three different positions were recorded by all the cameras. With precalibrated

camera parameters, the 3-D position of 162 feature points
were reconstructed by each one of the six suites of two-camera subsystems. The result is shown in Fig. 5(a), where the
points in different colors denote results from different cameras. Following this, the proposed algorithm was applied to
adjust the initial camera parameters. Then, the adjusted
parameters were used to obtain new space coordinates, as
shown in Fig. 5(b). The RQE of the reconstructed points
and the reprojection error before and after adjustment are
listed in Table 1.
Figure 5 shows that the distribution of X in the adjusted
system is much more compact compared to that of the unadjusted system. The values listed in Table 1 indicate that

Fig. 5 Coordinates of the reconstructed points (a) before and (b) after the adjustment of the camera
parameters.

Optical Engineering

104108-6

October 2015

•

Vol. 54(10)

Liu et al.: Algorithm for camera parameter adjustment in multicamera systems

Table 1 Indicators before and after camera parameter adjustment.

I

h

Before adjust

6.6189

115.9188

After adjust

0.8438

17.2803

both the reprojection error and the RQE were improved.
Therefore, the experimental results prove that the preadjustment of parameters clearly improves the accuracy and consistency of the system.
5.2.2 Robustness performance verification
The previous section describes the experimental techniques
that were used to obtain the finely adjusted camera parameters. Next, the robustness of the algorithm was tested.

Fig. 6 Results of reconstruction of three-dimensional coordinates based on the adjusted camera parameters: (a) before and (b) after the introduction of noise to M, (c) after adjusting the parameters based on
(b), (d) after introducing the noise to U, and (e) after adjusting the parameters based on (d).
Optical Engineering
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Fig. 7 Experimental results after introducing Gaussian noise to U: (a) changes in the reprojection error
caused by noise, and (b) changes in the Rényi quadratic entropy caused by noise.

In this experiment, the images of checkerboard in seven
different positions were recorded by all the cameras, therefore 378 points were captured by the cameras. They were
randomly divided into two groups, with one group containing 126 points for use as the adjusting group, denoted as ua ,
and the other group containing the remaining points to form
the testing group, denoted as ut . Hence, we used ua to adjust
the parameters, then tested the results according to ut .
The stringency of the experiment was enhanced by introducing Gaussian noise into the initial data. Based on the
noisy data, camera parameters were adjusted by the proposed
method. The process was realized by varying the noise level,
and at each level the process was repeated 50 times. The
^ were recorded
average of the corresponding I re and hðXÞ
for further analysis. The noise was introduced to both ua
and M, respectively. Figure 6 presents the experimental situation during the process.
•

Introduce Gaussian noise to U.

This experiment evaluated the stability of the proposed method against the distraction originating from
the image coordinates. The effect can be seen
in Fig. 7.
• Introduce Gaussian noise to M.
This experiment confirmed the stability of the proposed method against the distraction originating from
the precalibrated parameters. The effect can be seen
in Fig. 8.
The results of the bundle adjustment algorithm were provided as the reference ground truth data. The results are given
in Fig. 7, and the recorded average indicators are presented in
Tables 2–5. It can be seen that compared with bundle adjustment, the algorithm proposed in this paper produces smaller
values for I and h.
From the experiments, it can be seen that the proposed
algorithm is superior in terms of both effectiveness and
robustness, and sufficiently strong to overcome the noise.

Fig. 8 Experimental results after introducing Gaussian noise to M: (a) changes in the reprojection error
caused by noise, and (b) changes in the Rényi quadratic entropy caused by noise.

Table 2 Reprojection error recorded with noise introduced into M.

Noise variance level

0

0.1

0.2

0.3

0.4

0.5

0.6

Before adjust

1.1358

1.6084

2.0611

3.0169

4.0462

4.9338

5.3593

Proposed algorithm

0.7323

0.7288

0.7243

0.7312

0.7338

0.7479

0.7589

Bundle adjustment

0.7798

0.7844

0.7825

0.7813

0.7801

0.7824

0.7810
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Table 3 RQE recorded with noise introduced into M.

Noise variance level

0

0.1

0.2

0.3

0.4

0.5

0.6

Before adjust

17.9639

28.8075

39.4898

57.1575

80.2083

94.1602

104.8408

Proposed algorithm

14.0092

13.7996

13.9418

13.9296

14.4944

14.3392

14.7490

Bundle adjustment

14.6934

14.7753

14.7519

14.7155

14.7096

14.7129

14.7116

Table 4 Reprojection error recorded with noise introduced into U.

Noise variance level

0

0.1

0.2

0.3

0.4

0.5

0.6

Before adjust

1.1311

1.1450

1.1627

1.1843

1.2299

1.2761

1.3364

Proposed algorithm

0.7238

0.7463

0.7867

0.8209

0.8880

0.9532

1.0355

Bundle adjustment

0.7780

0.7883

0.8169

0.8667

0.9177

0.9871

1.0571

Table 5 Rényi quadratic entropy recorded with noise introduced into U.

Noise variance level

0

0.1

0.2

0.3

0.4

0.5

0.6

Before adjust

17.9268

18.2815

18.8819

19.5880

20.8101

21.9641

23.5192

Proposed algorithm

14.0691

14.2866

14.8328

16.1226

17.3801

18.8081

20.4006

Bundle adjustment

14.7007

14.9130

15.5778

16.5816

17.7024

19.1183

20.6808

6 Conclusion
In this paper, a new algorithm for camera parameter adjustment in multicamera systems is proposed. First, we proposed the GMM model to represent the measurement
process of the whole system. Based on this model, point
positions in space were estimated, and new camera parameters were computed from the estimation. A metric was
defined to describe the difference between the computed
camera parameters and those that were precalibrated.
Furthermore, we adjusted the camera parameters by minimizing this difference, thereby improving both the accuracy
and consistency of the system. The experiments confirmed
the ability of the proposed algorithm to outperform existing
methods in terms of both effectiveness and robustness, and
demonstrated that it is sufficiently strong to overcome the
effects of noise.
There are still some limitations in our work. First, the
distortion is not considered in this paper. In the situation
that the distortion cannot be ignored, the problem can be
settled by estimating the distortion factors in the precalibration process, and rectifying the distorted images before
using the proposed algorithm. Second, the proposed algorithm only uses the information from the common sight
field of the system, which could be quite small compared
to the total sight field of the system. Therefore, a lot of useful information is wasted. These defeats will be settled in
our future work.
Optical Engineering
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