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Abstract

With the rapid development of modern science and
technology, people’s demand for such information as images
and videos is also growing, and the requirements for image
and video quality, clarity and view range are also increasing.
Therefore, the construction of high-resolution, wide-view
panoramic video has also gradually become a hot research
topic. Video stitching technology is an increasingly popular
research direction in the field of graphics, and the approach
addresses the problem of a limited range of views due to a
single device capture. Many researchers have proposed
various algorithms for video stitching and achieved good
stitching results, but the research on time synchronization

calibration of different video sources is not yet well developed.

This thesis proposes a multi-source video frames calibration
technique based on external information sources for solving
the problems of ghosting and cutting when stitching with
different video sources. The proposed method calibrates the
video stitching by introducing an information source and
calculating the time difference of different devices. The error
of the calibrated video stitching is less than 33 ms, which can
guarantee the quality of the spliced video.

Keywords: Image stitching, Video stitching, Video time
calibration

1 Introduction

With the development of technology, people’s access to
information is shifting from newspapers to images and videos.
As people’s demand for image and video information grows,
so do their requirements for video quality, clarity and viewing
range. Constructing high-resolution and wide-view videos has
gradually become a hot research topic. Most of the current
videos use a monocular camera as the recording device, but it
has a limited field of view of the screen and low resolution.
Although the fisheye camera has a wide field of view, due to
the short focal length, there is a picture distortion of objects at
the edge of the imaging field of view. And professional ultra-
wide angle lens shooting equipment is expensive and cannot
be applied to daily life.

Video stitching [1] capable of many spatially complex
scenes. the main application scenarios of video stitching
technology are intelligent monitoring [2], assisted driving [3],
virtual reality [4], biomedicine [5], aerospace [6-7] and so on
[8-9]. Video stitching is capable of processing videos with
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overlapping areas taken by multiple devices to generate a
panoramic video with a wider perspective without reducing
the video resolution, effectively solving the problem of not
being able to capture large-view images, and providing people
with richer information about the outside world. Therefore, the
study of video stitching technology has theoretical and
practical value.

In the study of video stitching, many methods use motion
information of video frames to identify estimates to match
different video frames. Yang et al [10] use the temporal
context of video frames to identify moving objects and
estimate their motion vectors, determine whether they can
reach the seams, selectively update the seams, and avoid
distortions when moving objects cross the seams. Yang [11]
proposed a semantic segmentation-based dynamic video
stitching algorithm that uses simultaneous image stabilization
and stitching to obtain stable and seamless large-field stitching
videos. Lan [12] considered the pixel differences on both sides
of the image stitch line after stitching to make the transition of
the stitched image at the stitch line more natural and reduce
the appearance of texture breakage and ghosting. But those
methods are computationally intensive and some of those
cannot meet the requirements of video stitching for real-time.
These methods are used after the video image has been shot to
make the stitching more natural and do not take into account
some of the processing that takes place before the video is shot.

For video stitching of video data from different devices,
this paper proposes a calibration method based on external
information sources is proposed. The method is based on an
external time source to calibrate the multi-source video data,
which solves the problem of unsynchronized different video
data during video stitching. The research contribution of this
paper is to provide a new time calibration method for video
stitching, and the method calibrates the time difference of
physical clocks of different devices by introducing external
time source. It ensuring the video frames captured by all
devices can be synchronized based on the calculated time
difference.

2 Related Work

As time goes by, many methods have been proposed [13-
15]. In video stitching from different devices, the video
streams captured by different devices are affected by network
delays, or different degrees of physical time shifts caused by
the long running time of the device [16], making the video
captured by different devices inconsistent in time, and this
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temporal inconsistency in the quality of video stitching is fatal
damage. Time deviation in video stitching causes the images
to be inaccurately matched, which lead to object ghosting and
cutting in the stitching area. The key to video stitching is time
synchronization calibration technology. Many researchers
have proposed many video stitching calibration methods.

Caspi [17] proposed matching between image sequences
using temporal and spatial information in 2000. Velipasalar et
al [18] used the image of a video sequence to calculate the
interframe offset in the video sequence by selecting the object
in the foreground and using projection invariance to obtain its
corresponding position in another sequence. Rao et al [19]
used rank constraints on the corresponding points in two views
to measure the similarity between trajectories. Wang et al [20]
proposed an efficient algorithm to compute motion trajectories
by the longest common subsequence, matching the video
sequences obtained from asynchronous cameras.

Xu et al [21] extracted the feature parameters of the video
for correlation calculation and judged the correspondence
between video frames by the value of the correlation
coefficient. Yin [22] used the method of motion detection to
detect the amount of motion in the video at different times, and
calculated the correlation coefficient at high motion points to
determine the corresponding video frames at the same time
point. Liu [23] used an affine transformation matrix combined
with a moving object identification and estimation algorithm
to amplify the temporal errors between different video sources
by displacement differences, and used an inter-frame weighted
interpolation algorithm for eliminating the temporal errors.
Cao [24] proposed a video synchronization method based on
temporal information, which can effectively calculate the time
deviation to achieve synchronization by calculating the
similarity of the contours of the moving objects extracted and
applying the DTW algorithm to the matching calculation of
video frames.

Although there are many calibration algorithms, they are
all calibrated from the software side.

3 Video Frame Calibration Method

Some existing video stitching methods ignore the time
difference of different devices and directly stitch the video
captured by different devices, which is applicable to static
scenes or videos that do not require high accuracy. This paper
mainly explores how to improve the matching accuracy of
video images from different devices, and proposes a time
calibration method for the physical time difference of different
devices, by introducing an external unified information source
as the standard value, to calculate the time difference between
the devices.

3.1 Traditional Stitching Method

Traditional multi-source video stitching is to integrate the
images captured by cameras with overlapping areas into a
wide-field image, and synchronize the calibration of different
video sources by controlling the cameras to be turned on at the
same moment. However, when fast moving objects appear in
the scene, it will cause motion ghosting, object tearing, object
blurring and cutting in the stitched video. They do not consider
the error of different video sequences in time. Due to the
difference of hardware, the camera on time of different video

sources can not be turned on at the same moment, so in order
to improve the quality of stitching must take into account the
time information of video sequences.

As shown in Figure 1, video sequence A and video
sequence B are different video sequences from different
devices. Usually, there is a time interval between different
video sources in the actual shooting. The error is not obvious
when shooting a still scene, but when there are moving objects
in the overlapping area, it can cause ghosting in the stitching
result. The video sequences need to be calibrated so that
images that are consistent above the time axis are used for

stitching.

Figure 1. Video sequences with time lag

Time:

3.2 Overview of Video Frame Calibration
Method

The time-based calibration is a calibration method before
video stitching. Firstly, the cameras frome different devices
are placed as shown in Figure 2, so that there are overlapping
areas in their field of view.

over loop area

camera camera

Figure 2. Camera position

The calibration method is to use different devices to
capture the same information source at the same time,
calculate the time difference of different devices according to
the information captured in different video sequences, and use
the calculated time difference to match the videos captured by
different devices, and the matched video frames can be
regarded as the video frames captured at the same moment
after the time calibration. Its calibration method is shown
below.

1) The calibration is performed by first setting a
millisecond information source in the overlapping area of the
camera. There is a number in the overlapping area which
increases every 4 ms.

2) When the cameras from different devices capture the
images of the information source, recording the local time
when each frame of the corresponding video sequence was
shot. At the same time, the different devices send the obtained
video sequences and the recorded local time to server.

3) The server processes the collected images and local time
records, assuming two sequences of images A, B. One image
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is randomly selected from sequence A and sequence B, and
the images are recognized using Optical Character
Recognition (OCR) technology [25] for milliseconds ¢, and
tp captured in the images, respectively. because the external
information source changes every 4 ms, the difference time
etween the two images ¢t = (t; —tg) X 4 .

4) According to the recorded time, take the time obtained
from the image at the source device at this time, subtract the
time obtained from the 2 images at the source device and then
subtract the above calculation to obtain t to obtain the time
offset.

5) After the time offset is obtained, the calculation is
repeated several times and the median of all the results is taken
as the time difference between the two devices to calibrate.

3.3 Device Time Calibration Method

Implementation

In this subsection, the proposed calibration method will be
described in detail. The method calibrates video before
stitching for videos using different devices, and the method
calibrates video sequences from different systems by
introducing an external time source, and the process is shown

in Figure 3.
Device A Device B
Y Y
Video A Video B
| Time-stamped video sequence | |Time-stamped video sequence |

OCR

| match video frame |

'

| Calculate time difference |

Figure 3. Overall process
3.3.1 Video Frame Matching for Different Devices

The proposed video stitching method with time-based
video frame calibration is described in detail here.

1) Millisecond digital clock display

The millisecond information source captured in this paper
is programmed to display a millisecond time. This information
source is displayed on a display in real time and increases
every 4 ms.

2) Digital recognition

For video sequences obtained in different devices,
recognition techniques needed to applied to recognize the time
of the milliseconds number. Among them, OCR is a text
recognition technology. OCR is used to recognize the text of

each frame captured by the device to obtain digital information.

3) Matching video frames

After using OCR technology to identify the digital
information in the video frame images. First, two frames are
randomly selected from video sequences A and sequence B
from two different devices, noted as A; and B;, while the
device times L(4;) and L(B;) at the time the two frames
were captured are taken out. Then the images are used
separately for OCR text recognition technology to identify the

millisecond information sources t, and tp captured in the
images, and the two images differ in time t = (t, — tg) X 4.
The difference between the device time and the captured time
is made to finally arrive at the time difference between the two
frames captured before calibration, which is calculated as
follows.

AT = (L(A;)) — L(B;) — t). 1)
3.3.2 Video Frame Matching for Different Devices

The refresh rate of the display used in the experiment was
60 Hz, which indicates that the display was refreshed every
16.67 ms, and the frame rate of the camera equipment used
was 30 fps, which means that an image was taken every 33.33
ms. In the ideal case, if the cameras, and the screen are started
at the same time, the camera has performed the capture of the
picture at every two times the display is refreshed by the
camera. Then, there will be no time interval for different video
sequences when video stitching.

However, in the actual shooting process, there are
fluctuations in both the screen refresh and camera shots, this
leads to a time interval between the screen display refreshing
and the camera capturing the image.When a device takes a
picture of the screen, if the screen of the display has not been
refreshed, the information captured may be the same time
image as the previous device, but the actual physical time of
the capture is inconsistent. In this case, the time difference
between the acquired image information and the calculated
time is inconsistent, making the results fluctuate.

As shown in Figure 4, ideally, there will be no errors
between all images after calibration. Howerver, the shooting
interval of the camera and the refresh interval of the screen
fluctuate to a certain extent, which makes the calibration
method have a certain error. In the extreme case, the camera
has taken a shot when the display is about to refresh and the
other camera takes a shot after the display, the calculated
physical time difference will have an extra error of 16.66 ms.
Therefore, there are camera fluctuations in the case of error
within 16.66 ms. When there is a screen refresh fluctuation,
because the shooting interval of two cameras is 16.66 ms,
when the time difference between the two cameras is close to
16.66 ms, if there is a screen refresh fluctuation at this time, it
will lead the image captured by one camera is a previous frame,
and the image captured by the other camera is the next frame,
which makes their calculated time difference is increased by
33.33 ms.

Therefore, when using this method for calibration, the
calibration will fluctuate within [0, 33.33], which is acceptable
for video stitching.
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Figure 4. Error range of the algorithm
3.3.3 The Impact of Video Ghosting and Processing

According to the steps of Equation (1) to calibrate the
video frames from diderent device, the calibration results are
shown in Figure 5, and it is found that there are some points
of anomalous cases in the calibration results. This is because
the external source of information has been changing rapidly,
making the camera imaging some of the video frames appear
ghosting. This leads to errors in the identification of temporal
information in the video image, which prevents accurate
matching of video frames, and these video frames need to be
excluded at the time of matching.

Absolute error after calibration (ms)
®
g
8

[ 10 20 30 40 50 60 70 80 90 100
Number of match frame

Figure 5. Matching results with ghost images

The camera frame rate used in the experiment is 30fps, so
the interval between each frame should be between 32-36 ms.
The digital timer on the display is self-increasing every 4 ms,
so the difference between the numbers of adjacent framesis in
the range 7-9. After the OCR digital recognition is performed,
it is judged whether the time difference between the currently
detected value and the valid values detected in the previous
frame and the next frame is within a fixed interval. As shown
in Table 1, starting from the captured image recognition
results, there are several data anomalies representing the
problems caused by digital conversion overlap in images as
follows.

According to Table 1, the situation of ghosting is analyzed
and summarized, and Equation (2) and (3) is designed to filte
the recognition result, if the calculation result satisfies the
Equation (2) and (3), it is considered that the recognition error
is caused by shooting ghosting. And this video image will not
taken into acount.

ti - ti—l >9or ti — ti—l <7. (2)
ti+1 — ti > 9or ti+1 — ti <7. (3)
where the t; represent the time that recognized by OCR.

Table 1. Identification of error cases

Video OCR Difference with  Difference with
frame result previous frame  next frame
3800 3300 -392 409
wn | 7427 24 3
3832 3838 4 48
106738 106738 9 -8
7426 7480 -2 8

The calculation results after the error data elimination are
shown in Figure 6. It shows that after filting the anomalies
images, the fluctuation of the absolute value of the time
difference of the device can be kept within 33 ms.

Calibration result of 10min time different

[J 10 20 30 40 50 60 70 80 90 100
Number of match frame

Figure 6. Calibration time difference error after eliminating
ghosting frames

4 Analysis of Experimental Results

4.1 Experimental Results

In this subsection, experiments are designed to test the
calibration method for different devices, in which two aoni
cameras are used to capture video sequences with a camera
frame rate of 30 fps captured with an image resolution of 680
x 480. Two desktop computers with 2.50 GHz and 3.20 GHz
main frequencies were used as different devices, and a desktop
computer with 3.4 GHz main frequency as the server. The
calibration results its results are shown in Figure 7.

©

Absolute error after calibration (ms)
IS

A

0 10 20 30 40 50 60 70 80 90 100
Number of match frame

Figure 7. Calibration results

It can be found that the proposed calibration method in this
paper has a good performance, and the errors after calibration
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all fluctuate within the range of 33 ms, which can meet the
needs of video stitching.

4.2 The Impact of Video Ghosting and
Processing

To find the effect of different video duration on stitching,
videos of 10s, 20s, 30s, 40s, and 50s were taken, and 300, 600,
900, 1200, and 1500 images were obtained, and the time
difference between the two devices was calculated.

This experiment is mainly processed by shooting different
lengths of video corresponding to different frame rates, and in
order to ensure the consistency of the experiment, when
obtaining each set of experimental data, the camera will be
rebooted. the wrong data were filted from the token video data,
and the remaining valid data in the two devices were randomly
combined to calculate the time difference according to
Equation (1). Then, the median of all time difference values is
used as the device time difference., and the median of the time
differences obtained in each group is shown in Table 2.

The matching results are shown in Figure 8. The figure
shows the results for 100 random sets of data in each
experiment. From the figure, it can be seen that the time
difference error range is guaranteed to be no more than 33 ms
when changing the number of frames taken, whether it is 300,
600, 900, 1200, and 1500 video frames.

Table 2. Median of time difference calculated for various
frames of the same device

Video frames

Device time difference (ms)

300 20433
600 20433
900 20430
1200 20434
1500 20431

The average value of time difference error fluctuation for
300 video frames is 1.8 ms; the average value of time
difference error fluctuation for 600 video frames is 2.2 ms; the
average value of time difference error fluctuation for 900
video frames is 1.6 ms; the average value of time difference
error fluctuation for 1200 video frames is 4.5 ms; the average
value of time difference error fluctuation for 1500 video
frames is 4.4 ms. And for each video length, the average value
of the absolute value of the error fluctuation is within 5 ms for
each group. The experiment shows that the time calibration
method can keep the fluctuation range of its time difference
within 33 ms under the condition of different number of video
frames.

Calibration result of 300ms

Absolute error after calibration (ms)
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(a) Calibration of 300 ms
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(b) Calibration of 600 ms
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(c) Calibration of 900 ms

Calibration result of 1200ms
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(d) Calibration of 1200 ms

Calibration result of 1500ms
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(e) Calibration of 1500 ms
Figure 8. Time calibration results at different video length

4.3 Effect of Different Physical Time Differences

There are different time intervals between different
devices, and the same device has a time slip in its physical
time at different time periods. In this experiment, the time
difference variables of the two devices were adjusted to about
20 s, 2 min, 5 min and 10 min, and 600 video frames were
taken by each group. Calibrate the time of each group.

Each set of 100 data was finally selected randomly and the
difference between the calculated results and the median
shows the distribution of the absolute value of the error. The
results are shown in Figure 9 and Table 3. For devices with
time difference of 20 s, 2 min, 5 min and 10 min, the increasing
of video time will not cause the calibration error to increase,
and the time difference error range can be guaranteed not to
exceed 33 ms.
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Table 3. Calibration error of different video length
Video length Calibration error

20s 8.3 ms
2 min 6 ms

5 min 4.5 ms
10 min 5.5 ms

___Calibration result of 20s time different
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(a) Calibration of 20 s time different

Calibration result of 2min time different
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(b) Calibration of 2 min time different

Calibration result of 5min time different
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(c) Calibration of 5 min time different

Calibration result of 10min time different
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(d) Calibration of 10 min time different

Figure 9. Time calibration results for different devices with
physical time differences

4.4 Impact of Different Equipments

The above experiments were conducted on the same two
devices. In order to verify the robustness and applicability of
the proposed method, this experiment was conducted using
different devices to calibration. Therefore, in order to avoid
the difference between the devices, the next two calibrations
were performed using three devices to check whether the error
of the experimental results would change. In the experiment,

device A is a desktop computer with a CPU frequency of 2.50
GHz and 24 GB memory; device B is a desktop computer with
a CPU frequency of 3.20 GHz and 16 GB memory; device C
is a laptop with a CPU frequency of 3.60 GHz and 16 GB
memory.

Each set of 100 data was finally selected randomly and the
difference between the calculated results and the median
shows the distribution of the absolute value of the error. The
results are shown in Figure 10. It can be seen that after the time
calibration of different devices, the fluctuation range of the
calculated time difference still does not exceed 33 ms. The
average value of the time difference fluctuation between
device A and device B is 2.2 ms; the average value of the time
difference fluctuation between device A and device C is 7.5
ms; the average value of the time difference fluctuation
between device B and device C is 5.8 ms.

It can be found that the average value of the absolute value
of the error in each group is within 8 ms. The experiment also
confirms that the time calibration method is capable of
performing a reasonable calibration between different devices,
ensuring that the fluctuation range of the calculated time
difference does not exceed 33 ms.

Calibration result of devices A and B

Absolute error after calibration (ms)
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Number of match frame

(a) Calibration of devices A and B

Calibration result of devices A and C
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(b) Calibration of devices A and C

Calibration result of devices B and C
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(c) Calibration of devices B and C

Figure 10. Time calibration results for different equipment
cases

5 Conclusion

In this paper, a calibration method for video stitching using
videos from different devices is proposed. Before executing



Time-based Calibration: A Way to Ensure that Stitched Images are Captured Simultaneously 1447

the video stitching algorithm, an external information is
introduced as a benchmark, and the real time difference
between devices is calculated by capturing the content of a
constantly refreshed digital text on a display. The calculated
time difference is used to match the videos captured by
different devices. Then, a theoretical fluctuation range of the
calculated results is analyzed. Finally, the robustness of the
method is experimentally verified by setting different
influencing factors.
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