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AbstrAct
Purpose: Improve the generalization capability and speed of back-propagation neural network (BPNN).
Design/methodology/approach: In this paper, CCD cameras are calibrated implicitly using BP neural network 
by means of its ability to fit the complicated nonlinear mapping relation. Conventional BP algorithms easily fall 
into part-infinitesimal, slowing speed of convergence and exorbitance training that will influence the training 
result, delay convergence time and debase generalization capability. During our experiments, dense sample data 
are acquired by using high precisely numerical control platform, and the variances error (PVE) is adopted during 
training the neural network.
Findings: Experiments indicate that the neural network used PVE has great generalization. The error percentages 
obtained from our set-up are limitedly better than those obtained through Mean Square Error (MSE). The system 
is generalization enough for most machine-vision applications and the calibrated system can reach acceptable 
precision of 3D measurement standard.
Research limitations/implications: The value  needs to be decided by experiments, and the reconstruction 
images will be distorted if the value is more than 6.
Originality/value: The   variances error is be adopted in BPNN first.
Keywords: Image analysis; Stereo vision; BP neural network; Generalization

1. Introduction 
Computer vision inspection systems are one of many 

important automated non-contact measurement and inspection 
devices in modern production lines. Camera calibration is 
considered as an important issue in computer vision. Accurate 
calibration of cameras is especially crucial for applications that 
involve quantitative measurements, depth from stereoscopy or 
motion from images [1]. Most current machine vision systems for 
automated industrial inspection are custom-designed, so they are 
suitable only for one specific application. The problem of camera 
calibration is to compute the camera extrinsic and intrinsic 
parameters. The extrinsic parameters of a camera indicate the 
position and the orientation of the camera with respect to the 
coordinate system, and the intrinsic parameters characterize the 
inherent properties of the camera optics, including the focal 

length, the image centre, the image scaling factor and the lens 
distortion coefficients. The number of parameters to be evaluated 
depends on the camera model being utilized. Their inherent 
inflexible and no versatile structures prevent them from being 
adapted to other applications, or even adapted to operate on same 
application but in a different operating environment. Neural 
networks are being applied in many scientific disciplines to solve 
a variety of problems in pattern recognition, prediction, and 
optimization associative memory and control [2]. None of the 
conventional approaches to these problems is flexible enough to 
perform well outside their domain. Neural networks provide 
exciting alternatives and many applications could benefit from 
them. This method need not construct the mathematic model of 
vision system, and can improve the precision of measure 
effectively [3]. In our problem, back-propagation neural network 
(BPNN)-a multilayer neural network -model is adopted because 
camera calibration problem is a nonlinear problem. 

1.		Introduction
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2. The theory of 3D measurement used 
two CCD cameras

The 3D measurement system composed by two CCD cameras 
is shown in figure1, lzlylxlo  and rzryrxro  figure the reference 

frames of left and right cameras, lo and ro figure the optical 

centers of two cameras; lYlXilO and rYrXirO  figure the imaging 
plane reference frames of left and right cameras, ilO and riO  are 
respectively the point of intersection that the optical axis of left 
and right cameras intersect with their own imaging plane, lX , lY

parallel lx , ly , rX , rY  parallel rx , ry . P  is a random point on the 
surface of the object measured, it is presumed that the system has 
calibrated and it is sure that the point lp  on the image of left 

camera and the point rp  on the image of right camera are the 
image points of the same space point P . Because the point P  is 
on both the line lplo  and rpro , the point P is the point of 

intersection of the line lplo  and rpro , namely the 3D position of 

point P is uniquely certain [4]. 

Fig. 1 The theory of 3D measurement 

3. The structure and training of BPNN

3.1. The structure of BPNN

The BP neural network model in figure 2 is adopted for our 
simulations. It falls into the category of the feedforward class and 
the learning algorithm. The learning algorithm is based on a 
sliding mode approach, which guarantees very high speed of 
learning, and has been shown to be particularly effective in on-
line implementations. Each output in a layer is connected to each 
input in the next layer [5, 6]. In this case, the output layer has 
simple linear neurons, while all the neurons in the two hidden 
layers have the same transfer function, with a sigmoidal 
nonlinearity. Also, because there is no feedback between layers, 
the effect of the feedforward neural net topology is to produce a 
nonlinear mapping between the input nodes and the output nodes. 

Fig. 2 Framework of BPNN 

The model that we used consists of four input neurons, eight 
hidden neurons and three output neurons. The input neurons 
correspond to the image coordinates of matched points found on 
the stereo images ( lx , ly ) and ( rx , ry ). These points are 

generated by the same world point on both images and form the 
input of the neural network. The output neurons correspond to the 
actual world coordinates of the point ( X , Y , Z ) which are 
mapped as( lx , ly )and ( rx , ry ) on the two images[7]. The 

network is trained on a range of inputs and outputs, such that the 
network could, after training, give the world coordinates for any 
matched pair of points. 

3.2. Improved capability of generalization 

Generalization capability is an important guide line to scale 
the performance of neural networks. A neural network with good 
generalization capability not only has the better matching effect in 
training-swatch aggregate, but also will simulate a precise output 
relative to the new swatch input vector [8]. Conventional BP 
algorithms easily fall into part-infinitesimal, slowing speed of 
convergence and exorbitance training that will influence the 
training result, delay convergence time and debasing 
generalization capability [9]. Generally, the performance function 
of BP algorithm adopts Mean Square Error (MSE) function. If the 
number of training swatch [ iX , iY ] is S , and net weights and 
thresholds is intercalated arbitrarily. When iX  is inputted, iY  is 
outputted, so all MSE of the swatch is:   
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In this paper, MSE function is modified to p  variances error 
(PVE):
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will decrease as p  increase. That will make the 
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net be more sensitive and insure the net has the lesser weights 
while the training error E  is as soon as possible small. That 
means the scale of net reduces automatically, consequently, the 
chance of over-training will be reduced and the generalization 
capability of the net will be improved. 

(a) p=2                             (b) p=4                              (c) p=7 

Fig. 3 Reconstructed images with different p

Figure 3 shows that the relation between reconstructed images 
and the value p [10-12]. The value p  is chose between 2 to 6 after 
experiment. 

a)
Mean error in 3D coordinates as a function of training epochs
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b)

Mean error in 3D coordinates as a function of training epochs
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Fig. 4 Mean percentage error in computing 3D coordinates as a 
function of the number of epochs MSE, (b) PVE 

As show in figure 4, the convergence speed of PVE is faster 
than the one of MSE. But the value of p  can not be too big, that 
will result in the value E  too small and the weight regulating too 
slow [13]. 

4. Experimental details and results 
The distance between the two cameras is kept at approximately 

70mm and did not align their optical axes precisely. Next a 
calibration chart consisting of a grid of lines 50mm apart is made. 
This chart is placed in front of the cameras at various distances from 
the world origin and its image captured from both cameras, without 
moving the cameras. The chart is placed at distances that were in 
the range within 200± 400mm in front of the cameras and captured 
images in this range at increments of 10mm [14]. 

After capturing the images of the calibration chart, these images 
are matched to obtain stereo pair points. For each stereo pair, we 
also knew the actual world coordinate, since the chart is placed at 
measured coordinate with respect to a world origin. There are 216 
points on the calibration chart, so the 4320 stereo pairs and their 
actual three-dimensional (3D) world coordinate are got. The 1000 
stereo pairs and their 3D world coordinate are made as the training 
set and the other as verifying set. Then the neural network is trained 
on this set of 1000 stereo pairs. The training is done by presenting 
the stereo pair points to the input of the network and presenting the 
3D world coordinates at the output. 

The net ( p =4) converge after 4537 epochs of training. The 
results show as the table 1, 

Table 1. 
The training error of BPNN (absolute value) mm 

Mean Error Max Error 

X Y Z X Y Z

0.0523 0.0391 0.2374 0.2012 0.1493 0.9504 

The verifying set with 3320 stereo pairs is used to proof-test the 
BPNN trained, and the table2 shows the verifying error of the net. 

Table 2. 
The verifying error of BPNN (absolute value) mm 

Mean Error Max Error 

X Y Z X Y Z

0.0502 0.0398 0.2847 0.2087 0.1982 1.1307 

Comparing table1 and table2, it is evident that the training error 
and the verifying error correspond. That indicates that the BPNN 
have good generalization capability in 3D visual space [15]. 

5. Conclusions
In this paper, we have presented a unified approach of 

camera calibration and 3D world reconstruction for stereo-

4.		Experimental	details		
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5.		conclusions
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vision. We used a BPNN to train the system , when the system 
is presented with a matched pair of points, it automatically 
computes the world coordinates of the corresponding object 
point. We use P error variances to make the net has good 
generalization capability and increase the speed of convergence. 
The approach is simple in concept, independent of the camera 
model and obtains very good results. 

The algorithm has good adaptability, in the future the aims 
should be focus on its wide applications. 
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