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Abstract. Multi-camera calibration, which is the establishment of a
mapping relationship between the 2D coordinates of individual cameras
and the 3D world coordinates, has been a major challenge in computer
vision technology. The model-driven multi-camera calibration, which
starts from the imaging model of the camera, is computationally complex
and difficult to consider the imaging distortion comprehensively, while
the data-driven multi-camera calibration is often difficult to meet the
needs of large-scale scenes in terms of the calibration range. To solve the
above two common problems, this paper designs a multi-camera image
acquisition system, which collects millions of point cloud coordinate sam-
ples in a large-scale space and uses neural networks to infinitely approx-
imate the transformation model of 2D images and 3D world. After the
calibration experiments, the scheme is simple and effective, and it can
accomplish the requirement of high precision calibration for large-scale
space in both spatial positioning and reprojection.
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Neural networks

1 Introduction

With the continuous development of computer vision technology, multi-camera
has gained widespread attention in the fields of 3D reconstruction, part measure-
ment, defect detection, and autopilot due to their advantages such as extensive
measurement range, multiple perspectives, and rich 3D information [1]. The
accuracy of the calibration results and the stability of the algorithm directly
affect the subsequent 3D reconstruction work. The size of the calibration space
also directly limits the use of multi-camera, so how to perform high-precision
calibration in large-scale space is the focus of this work.

The current multi-camera calibration work can be broadly divided into two
categories. One is defined as model-driven from the imaging model of the cam-
era. And another is defined as data-driven camera calibration from the coor-
dinate data of pairs of massive 2D pixel points and corresponding 3D world
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points. Based on the model-driven calibration method, the geometric camera
imaging model must be established to consider various possible aberrations in
the imaging process. However, the more cameras there are, the more comprehen-
sive the aberrations are considered, and the more accurate the imaging model
is. Still, the more computationally tricky it is to perform the calibration work.
Unlike model-driven calibration methods, data-driven multi-camera calibration
does not require complex model computation and analysis. The mapping rela-
tionship between two-dimensional images and the three-dimensional world can
be accurately solved using the powerful fitting ability of neural networks. Based
on the above reasons, this paper establishes a mapping model with the help of
neural networks using a data-driven calibration method. It verifies the feasibility
of performing high-precision multi-camera calibration work even in a large-scale
range.

2 Related Works

A new algorithm is proposed in [2] for calibrating cameras using occlusion con-
tours of spheres, requiring the camera to observe the sphere at three or more
locations. By specifying the problem in dyadic space, [2] recovers the cam-
era parameters optimally using semidefinite planning. The solution is simple,
flexible, enabling simultaneous calibration of multiple cameras. However, this
approach can be susceptible to degradation or camera aberrations. Lu and Li [3]
have designed a theodolite coordinate measurement system (TCMS), a global
calibration scheme. The system determines the 3D coordinates of the feature
points. Then, the global calibration is performed by direct and indirect trans-
formation methods according to the calibration target position of the camera.
But the calibration accuracy of the system depends on the theodolite coordinate
measurement system, and its establishment process is slow. Other calibrations
of multi-camera use auxiliary tools such as mirrors [4] [5]. Shen and Hornsey [6]
present a novel non-planar target for fast calibration of inward-looking visual
sensor networks (VSNs). Two spheres built on a supporting rod are used as cal-
ibration targets. However, the non-planar targets are applied separately rather
than to all cameras. All of the above work is model-driven, but model-driven
starts from a complex imaging model, which is difficult to derive, challenging to
estimate distortions, and computationally complex and time-consuming.

As artificial neural network technology [7] continues to develop and advance,
more and more problems in computer vision can be solved using neural net-
work methods [8]. The same is true for camera calibration. Ahmed et al. [9]
propose a method for camera calibration using neural networks, whose network
solves the perspective projection matrix between the world’s 3D points and the
associated 2D image pixels, solving four calibration problems: (i) Estimating all
camera parameters simultaneously. (ii) Estimating other parameters given the
image center. (iii) Estimating extrinsic parameters given intrinsic parameters.
(iv) Estimating intrinsic parameters given extrinsic parameters. However, this
algorithm is only suitable for single-camera calibration work. Chen [10] proposes
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an improved genetic simulated annealing algorithm to optimize Back Propaga-
tion neural networks for binocular camera calibration, which has high calibration
accuracy and significantly improves the calibration speed but has a limited cal-
ibration space size.

3 Method

To solve the problems of complex calculation and limited calibration range, this
paper designs the following system for data acquisition and uses a neural network
algorithm for high-precision multi-camera calibration.

3.1 Image Acquisition System

In this paper, we design an auto-system using the multi-camera to acquire images
of calibrators at different heights. Based on the system, a large and highly dense
calibration point cloud [11] is generated, which provides data support for data-
driven multi-camera calibration based on 8 cameras, arranged in the order shown
in Fig. 1, with the image acquisition logic shown in Fig. 2.

Cam1Cam2Cam3Cam4

Cam8Cam7Cam6Cam5

Calibration area

Fig. 1. Camera Array.

3.2 Multi-camera Calibration Process

The camera calibration aims to solve the mapping relationship between the
world and pixel coordinate systems, involving the coordinate transformation
relationships shown in Fig. 3.

The model-driven calibration of a multi-camera relies on an accurate math-
ematical imaging model. However, it is challenging to consider the full range of
imaging aberrations and accurately describe the non-linear aberrations between
the ideal image plane and the actual image plane. All non-linear factors are
included in the neural network. Only the coordinates of many point clouds in
the camera imaging space are needed to infinitely approximate the mapping
between 3D world coordinates and pixel coordinates. In summary, the data-
driven calibration method solves the pain points of the model-driven method
with the amount of data and skips the intermediate transformation process. The
mapping relationship between the two is shown in Fig. 3.
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Fig. 2. Image acquisition logic.
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Fig. 3. Coordinate conversion relationships.

Neural Network Structure and Principles. With the development of arti-
ficial intelligence, it has been shown that neural networks are capable of approxi-
mating arbitrary continuous functions with infinitely minor errors, incorporating
all non-linearities. Based on this property, using neural networks makes it pos-
sible to perform multi-camera calibrations.

A neural network consists of three parts, an input layer, hidden layers and
an output layer. The neural network structure used in this paper is shown in
Fig. 4.
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Fig. 4. Neural network structure.

Input Layer. Receives the pixel coordinates from the multi-camera and passes
the pixel coordinate information to the hidden layers.

Hidden Layers. The hidden layers used in this paper are all fully connected, the
number of neurons in each layer is 32, 64, 128, 64, and 32, respectively, and the
principle of action is as in Eq. 1.

output = input× kernel + b (1)

Input is a fully connected network input, the output of the fully connected
layer, kernel is the internal weight matrix, and b is the bias. The function of the
fully connected layer is to perform an affine transformation on the feature data.
And the multiple superimposed affine transformations are still essentially affine
transformations. The appropriate activation function can introduce non-linear
parameters that perfectly fit the mapping relationship between the pixel and 3D
world space.

Output layer. The network predicts three neurons for the 3D world coordinates.

Evaluation Indicators. The calibration network uses a multi-layer fully-
connected neural network for multi-camera calibration. The core operation of
a fully connected neural network is matrix multiplication, which is essentially
a feature space transformation. The neural networks-based multi-camera cali-
bration method is driven by data, which first requires extracting the pixel coor-
dinates of calibration points in the chessboard image and establishing a pixel
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coordinate point cloud of calibration points with a 3D world coordinate point
cloud. The error between the predicted and actual values is calculated based on
the loss function, and the network parameters are updated at the end of each
epoch (Fig. 5).

Fully 
Connected
Networks

Predict  World 
Coordinate Point Cloud

Real  World 
Coordinate Point Cloud

LOSSPixel
Coordinate Point Cloud

Fig. 5. Schematic of a fully connected calibration network

The neural network loss function is set to MAE(Mean Absolute Error), as
shown in the following:

MAE =
∑n

i=1 [|xw − x′
w| + |yw − y′

w| + |zw − z′
w|]

n
(2)

where x′
w,y′

w,z′
w are the corresponding predicted values, respectively. Through

continuous iterative training, different weights and biases in the three-
dimensional error space will cause the mean absolute error between the true
and predicted values to change, so the magnitude of the MAE value is also an
indicator of intuitively understanding the performance of the calibration net-
work.

4 Experiments and Results

4.1 Calibration Data Set Processing

Experiments will be conducted to verify whether the fully connected network
can calibrate the multi-camera with high accuracy in large-scale space. As the
chessboard [12] calibration board has the characteristics of perspective invari-
ance and high accuracy in large-scale calibration space, it can present apparent
edge features at any position and accurately identify saddle points, which helps
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to improve spatial positioning accuracy. Therefore, this paper adopts the chess-
board calibration board as a calibration tool to accurately and conveniently pre-
pare 3D world coordinates and pixel coordinates datasets to provide tremendous
data support for the neural network.

Figure 6 shows the use of a chessboard specification with a grid size of
3.81 mm×3.81 mm, and the calibration points are arranged as 200 × 299. The
chessboard has 59800 calibration points, covering 1143×765.81 mm2 of space.
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Fig. 6. Chessboard specifications Fig. 7. Neural network train point
cloud

The multi-camera calibration system designed in this paper has 8-cameras
with an image resolution of 4608 × 3456. There are 76 images on the z-axis of
the calibration board, which is uniformly at 4 mm intervals.

Using the OpenCV tool library to identify chessboard corner points with sub-
pixel accuracy, a total of 4.5 million samples were obtained, forming a calibrated
coordinate point cloud in 3D space, as shown in Fig. 7.

4.2 Calibration Results and Accuracy Analysis

The neural network was trained on a GPU (Graphics Processing Unit), with the
number of iterations set to 1000, the learning rate set to 0.0001, and the MAE
defined by equation (1) as the loss function.

Spatial Positioning Results. Divide the collected samples according to the
ratio of the train set, validation set, and test set 8:1:1. The calibration results
from pixel space to 3D world space are shown in Table 1.
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Table 1. Spatial positioning accuracy (mm)

MAE for each coordinate axis Value

x-axis 0.14

y-axis 0.12

z-axis 0.15

Average 0.14

The average spatial positioning accuracy of all three coordinate axis direc-
tions in the large-scale calibration space can reach 0.15 mm. To evaluate the
prediction effect more intuitively, we fit the predicted coordinate values of the
3D world by the network with the actual values. As shown in Fig. 8, the fully con-
nected network-based multi-camera is calibrated at x, y, z coordinate axes have
a high degree of agreement, all of which can perform the task of multi-camera
calibration at large scales well. The accuracy is shown in Fig. 9, where the MAE
of the test sample is fitted on the 3D surface. In the large-scale calibration space,
the local positioning accuracy of the 3D spatial points is more concentrated, and
calibration errors in fully connected networks are mainly within 0.2 mm. From
the error surface, the calibration accuracy is poorer at the edges, and extreme
points with significant errors can occur, probably due to less information around
the edge calibration points.

Reprojection Results. Reprojection is an inverse operation with spatial local-
ization to map the 3D world coordinates to the pixel coordinates of the eight
cameras. The projected pixel errors for the eight cameras are averaged, and the
reprojection accuracy is shown in Table 2.

Fig. 8. Results of fitting each axis of the fully connected network.
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Fig. 9. Fully connected network error surfaces.

Table 2. Reprojection accuracy (in pixels)

MAE for each coordinate axis Value

x-axis 0.29

y-axis 0.31

Average 0.30

Reprojecting from the 3D world space to the pixel plane, the difference
between the results in the x and y axes is small, with an average value of 0.30
pixels. The reprojection error of 0.3 pixels satisfies the need for high precision
calibration in large-scale calibration. The reprojection results for each camera
are similar, so we selected the results of one of them. The results are as shown
in Fig. 10. Figure 11 shows its reprojection error surface.

Fig. 10. Results of reprojection fitting for fully connected networks
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From the fitting results, the x-axis and y-axis fitting accuracies are high,
fully satisfying the needs of large-scale calibration. But the error surface shows
an obvious edge error. The reason is that the reprojection model input is 3D
spatial coordinates, and the output is the pixel coordinates of 8 cameras. The
output dimension is much larger than the input dimension, which makes the
model difficult to converge, and the calibration accuracy is relatively poor.

Fig. 11. Fully connected network error surfaces.

5 Conclusion

This paper designs and implements an 8-camera calibration image acquisition
system, and the system size is 1143×765.81 mm2. A fully connected network
calibration was carried out using 4.5 million data in a large-scale scene. Based
on the experimental results, the network achieves an accuracy of 0.14 mm from
pixel coordinates to 3D world coordinates and a reprojection accuracy of up to
0.3 pixels. The result demonstrates the effectiveness of the network in calibrating
multi-camera in large-scale space and provides a sound basis for subsequent 3D
reconstruction work with high accuracy. To solve the edge accuracy degradation
problem, in the subsequent work, we can try to change the network structure
or enrich the position information of the edge calibration points to improve the
multi-camera calibration performance further.
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