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Abstract— In this paper, we develop a multiple-object zoom-
ing system which can capture clear images of different objects
at an ultrafast speed. The system consists of a panoramic
HFR stereo camera and a galvanometer-based reflective pan-
tilt-zoom (PTZ) camera. In order to alleviate the impact of
brightness, noise, and viewing angle in the image, we use
the high speed motion information of the object for stereo
correspondence. According to the spatial positions of all objects
obtained from HFR stereo correspondence, we can obtain the
control voltage of the pan and tilt mirror of the galvanometer-
based reflective PTZ camera through the mapping relationship.
Then, PTZ camera captures clear images of multiple objects in
a time-division multiplexed manner at an extremely fast speed.
Experimental results show that we can distinguish multiple fast-
moving people indoors in the HFR stereo camera and capture
their high-definition facial images simultaneously.

I. INTRODUCTION

Zooming in on objects of interest in images is a critical
technique in the field of image processing. This technique
enhances image resolution and enables the acquisition of
high-definition images of targeted objects. This improvement
facilitates better observation and analysis of the objects of
interest. It finds extensive application in various domains
such as video surveillance [1], object tracking [2], medical
image processing [3], and map and satellite remote sensing
image processing [4].

At the same time, wide observation range can provide
more information, which is also very important. However,
the acquisition of high-definition images and the observation
of wide fields of view are contradictory due to the limitations
of camera imaging principles. Currently, there are two pop-
ular schemes for image zooming: 1) Image super-resolution
reconstruction method [5], and 2) Optical zooming method
based on PTZ cameras [6].

Image super-resolution refers to the process of reconstruct-
ing low-resolution images into high-resolution images. Early
methods were mainly based on traditional image processing
techniques such as bicubic interpolation [7] and convolution
kernel filters [8]. With the development of machine learning
technology, more and more researchers have begun to use
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the deep neural network (DNN) to solve the problem of
super-resolution reconstruction. The current state-of-the-art
approach uses generative adversarial networks (GANs) to
solve the super-resolution reconstruction problem [9]. These
methods work by training a generator network to generate
high-resolution images and using a discriminator network to
evaluate the quality of the generated images. High-resolution
reconstruction methods have shown good performance in
various applications, but there are still some shortcomings
[10], such as loss of details, lack of global consistency,
high computational load, high computational delay, etc. It
is difficult to apply to real-time systems.

Different from software-based super-resolution reconstruc-
tion, the optical zoom method assists the panoramic cam-
era to acquire high-resolution images by adding a camera
equipped with a telephoto lens [11]. The PTZ camera system
drives the motor to make the camera rotate in the horizontal
and vertical directions to obtain high-definition images from
different viewing angles. Due to the large volume of the
camera and the telephoto lens, the auxiliary telephoto camera
of this active mechanical movement often moves slowly and
is not suitable for multi-target observation. To obtain high-
definition images of multiple objects, many combination
systems of multi-telephoto PTZ cameras have been proposed
[12]. With the increase of PTZ cameras, the volume and
size of the entire optical zooming system are also increasing
exponentially, making it difficult to install and control.

Compared to the active motion PTZ cameras mentioned
above, the galvanometer-based reflective PTZ camera system
offers higher movement speeds and can switch between
multiple objects extremely rapidly, making it highly suitable
for high-definition image acquisition of multiple objects. Our
laboratory has long been committed to researching reflective
PTZ camera systems and has achieved significant research
outcomes. In a recent paper, we propose a simultaneous
multi-objective zooming system using a galvanometer-based
PTZ camera [13]. This novel dual-camera system can simul-
taneously capture multiple zoomed-in images. However, due
to the significant delay in AI detection, this zooming system
exhibits considerable offset when observing multiple moving
objects.

In this paper, we aim to improve the system proposed in
[13] by introducing a HFR stereo camera. Correspond to
multiple moving objects based on high-synchronous motion
information. Then, the galvanometer-based reflective PTZ
camera can capture high-definition images at the spatial
position obtained through stereo correspondence. The map-
ping relationship between the control voltage and the spatial
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Fig. 1. Concept of ultrafast multi-object zooming system based on low-
latency stereo correspondence.

Target n

Target 1

Target 2

…
Target n

Target 1

Target 2

…
Target n

Target 1

Target 2

…

Motion-based stereo correspondence (3D position, etc.) 200 FPS

Galvanometer-based reflective PTZ camera 500 FPS

HFR stereo camera

Ultrafast PTZ camera
Obtain control info

2 ms 2 ms2 ms 2 ms 2 ms 2 ms2 ms 2 ms 2 ms2 ms 2 ms 2 ms

Fig. 2. Asynchronous architecture between multi-threaded gaze control
of simultaneous multi-object zooming and motion-based stereo correspon-
dence.

position of the galvanometer-based reflective PTZ camera
was proposed in our previous paper [14]. The remainder
of the paper is organized as follows. A detail algorithm
analysis and concept illustration will be presented in Section
II. Section III contains the fully experimental test platform
description, and specific experimental design and process,
followed by the discusssion of the experiments. Finally, the
conclusion will be offered in Section IV.

II. ULTRAFAST MULTI-OBJECT ZOOMING
SYSTEM BASED ON LOW-LATENCY STEREO

CORRESPONDENCE

A. Concept

In this section, we introduce the framework of ultrafast
multi-object zooming system based on low-latency stereo
correspondence. Figure 1 shows the concept of the pro-
posed hybird camera system. Unlike close-range, parallel-
fixed dual-camera systems, in this paper we consider a
more general scenario. There is a certain distance be-
tween the galvanometer-based reflective PTZ camera and

Fig. 3. CNN-based hybird template matching method.

the panoramic camera system and the their line of sight
is not parallel. In this case, it is difficult to determine the
rotation angle of the PTZ camera only by the 2D position
of the object in the image. Owing to our work in [14],
we can establish a mapping between spatial position and
galvanometer-based reflective PTZ camera’s rotation angle.
As shown in Figure 1, in order to detect multiple objects
and obtain their spatial positions, we add a HFR stereo
camera to the ultrafast multi-object zooming system. How-
ever, efficiently establishing correspondence for the same
moving object in stereo images poses a significant chal-
lenge. Traditional appearance-based stereo correspondence
algorithms are easily affected by lighting, noise, and viewing
angles, etc. The motion characteristics of different objects
vary, making it feasible to utilize object-specific motion
information for accurate correspondence. Figure 2 shows the
asynchronous architecture between multi-threaded gaze con-
trol of simultaneous multi-object zooming and motion-based
stereo correspondence. Among them, the high-speed tracking
and stereo correspondence of the objects are completed at
a speed of 200 FPS in the stereo camera, and the spatial
position of each object is updated with a delay of 5 ms. And
the galvanometer-based PTZ camera deflects the mirrors at a
speed of 500 FPS to observe different moving objects from
different angles. At the end of each observation period, the
PTZ camera will obtain new position information from the
HFR stereo camera.

B. CNN-based HFR tracking

While HFR stereo camera provides high frame rate and
low-latency images, it also brings a huge computational load.
In 2012, with the great success of AlexNet in the image
recognition competition [15]. Various deep learning models
based on convolutional neural network (CNN) have been
developed for target detection, such as YOLO [16], SSD [17],
RCNN [18], etc. These CNN-based algorithms have achieved
good performance in the detection of various objects, and are
very suitable for the detection of various objects. However,
due to the multi-level neuron structure of CNN, it can only
run at a speed of dozens of frames per second, which is
difficult to meet our high-speed needs.

As depicted in Figure 3, our laboratory has introduced
a CNN-based template matching method. Following each
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AI detection cycle, images of detected objects are captured.
These updated screenshots serve as templates for object
template matching. The hybrid template matching algorithm,
combining CNN and traditional methods, operates efficiently
at hundreds of frames per second.

C. Motion-based stereo correspondence

In this study, we employ motion characteristics of ob-
jects rather than appearance-based features to achieve stereo
correspondence. This approach reduces sensitivity to light-
ing and noise, and enhances the ability to distinguish be-
tween multiple objects with similar appearances. From the
previous section, we can track different objects O(t) =
{o1(t),o2(t), . . . ,oJ(t)} in the panoramic stereo camera at
5 ms intervals. For the j-th detected object ( j = 1, . . . ,J),
each detection result o j(t) is composed of the following
parameters:

o j(t) = {x j(t),y j(t),w j(t),h j(t)}, (1)

where x j(t),y j(t),w j(t),h j(t) represent the upper left corner
coordinates, width, and height of the object detection box at
time t, respectively. We calculate the velocity v j(t) of the j-
th object by taking the center c j(t) = {cx j(t),cy j(t)} of the
detection bounding box as the object’s position. We sample N
frames of images backward from the current moment. The
set of object motion velocities between frames during this
period is referred to as Short-Term Velocities (STVs). The
STVs Vj(t) of j-th object at time t is,

Vj(t) =
{

v j(t −N +1), . . . ,v j(t −1),v j(t)
}
(n = 0,1, . . . ,N −1), (2)

where v j(t −n) = [dx j(t −n),dy j(t −n)] is the velocity in x
and y direction at the pixel sacle before n frames.

Therefore, we can utilize the cosine distance between
objects’ STVs for stereo correspondence. Identical objects
exhibit higher cosine similarity. Since the cosine distance
only considers the directionality between vectors, in order to
increase the influence of the motion amplitude on the cosine
distance, we introduce the scale cosine distance s,

s =
A ·B

max(|A|, |B|)2 , (3)

where |A| and |B| are the modulo lengths of the vector A
and B. Therefore, the scale cosine distance S between N-
dimensional STVs lVi(t) and rVj(t) is,

S(i, j) =
1
N

N−1

∑
m=0

lvi(t −m) ·r v j(t −m)

max(|lvi(t −m)| , |rvi(t −m)|)2 . (4)

The higher the motion similarity of objects, the larger the
scale cosine distance between STVs, which is close to 1.
After completing the correspondence of moving objects, the
spatial positions Pw = {xw,yw,zw} of different objects can
be calculated by triangulation. Finally, based on the mixed
similarity of short-term velocities, a bipartite graph S can be
reconstructed for I targets in the left camera and J targets in

Fig. 4. Structure of galvanometer-based reflective PTZ camera.

the right camera,

S =


S(1,1) S(1,2) · · · S(1,J)
S(2,1) S(1,2) · · · S(2,J)
· · · · · · · · · · · ·

S(I,1) S(I,2) · · · S(I,J)

 . (5)

Using the Hungarian matching algorithm, identical targets in
stereo images can be quickly matched. Finally, spatial posi-
tions of different objects can be obtained through disparity.

D. Relationship between spatial position and PTZ camera’s
rotation angle

From the previous section, the spatial position Pw of
the object has been determined. However, the critical task
remains: how to convert Pw into the control voltages U =
{upan,utilt} for the galvanometer-based reflective PTZ cam-
era.

Figure 4 shows the structure of the galvanometer-based
reflective PTZ camera, in which the rotation axes of the pan
mirror and tilt mirror of the galvanometer are perpendicular
to each other. The camera was installed in a way parallel
to the tilt mirror rotation axis, while perpendicular to the
rotating axis of the pan mirror. When the galvanometer
is in the initial state, the galvanometer coordinate system
OgXgYgZg is established. The intersection of the optical axis
and the rotation axis of the tilt mirror is the origin Og, the
rotation axis of the tilt mirror is the Xg axis, and the rotation
axis of the pan mirror is the Zg axis.

First, we need to convert point Pw in the world coordinate
system to point Pg in the galvanometer coordinate system,
and Pg is,

Pg = R ·Pw +T. (6)

R and T is the rotation and translation matrix connecting the
world coordinate system and the galvanometer coordinate
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system. Next, the relationship between the point Pg in the
galvanometer coordinate system and the control voltage U =
{upan,utilt} is,  utilt =

1
2kt

arctan yg
zg

upan =
1

2kp
arctan xg

zgsec2θt+e .
(7)

Among them, kp and kt are the linear coefficients between
the control voltage of the pan mirror and the tilt mirror and
the deflection angle, respectively. In [14], we proposed a
flexible calibration method to solve the mapping relationship
between spatial points and control voltage. So we can use
the galvanometer-based reflective PTZ camera to capture the
moving objects at the specified position in real time.

III. EXPERIMENTS

A. System Configuration

We extend the ultrafast multi-object zooming system by
adding a panoramic HFR stereo camera. The system we
proposed was divided into 2 parts: HFR motion-based ob-
ject stereo correspondence and ultrafast pan-tilt zooming.
The two parts work asynchronously at different frequen-
cies. Motion-based object stereo correspondence is imple-
mented online on the HFR stereo camera at 200 FPS and
simultaneous multi-object zooming is implemented online
at the galvanometer-based reflective PTZ camera at 500
FPS. The HFR stereo camera system consists of 2 high-
speed camera USB 3.0 camera heads (DFK 37BUX273,
Imaging Source Corp., Germany). The camera has a com-
pact dimension of 36 × 36 × 25 mm, weights 70 grams,
without 6-mm lens, and can capture and transfer 10 bit
color images of 1440 × 1080 pixels to RAM at 238 FPS
via USB 3.0 interface. The galvanometer-based reflective
PTZ camera consists of a high-speed USB 3.0 camera head
(DFK37BUX287, Image Source, Germany), a 2-axis pan-tilt
galvano-mirror (6210H, Cambridge Technology, US), and A
D/A board (PEX-340416, Interface, Hiroshima, Japan) sent
control signals to the galvano-mirror. The PTZ camera head
attached with a 50 mm telephoto lens had a color CMOS
sensor of 720 × 540 pixels, whose sensor and pixel sizes
were 4.96×3.72 mm and 6.9×6.9 µm, respectively. It could
capture and transfer 8-bit RGB 720×540 images at 539 fps
to PC through a USB 3.1 interface. We used a powerful PC
for driving the whole system, which have following hardware
specifications: Intel Core i9-9900K @ 3.2 GHz CPU, 32
GB RAM, and a NVIDIA GeForce RTX 2080 Ti GPU.
Figure 5(a) shows its overview. Figure 5(b) shows the next
experimental environment. The distance between the person
and the multi-target zooming system is about 6 meters, and
they are doing different actions at the same time.

B. People in different actions indoors

We present the experimental results obtained when our
system multi-zoomed multi persons who were doing different
actions, such as shaking and jumping. Figure 6 shows the
correspondence result in HFR stereo camera for t = 20.50−
21.00 s. Among them, person 0 is shaking his body from left

(a) Ultrafast multi-object zooming system based on low-latency stereo
correspondence.

(b) Experiment environment for multi-object zooming.

Fig. 5. Overview of the experiment setup.

(a) Left image in HFR stereo camera.

(b) Right image in HFR stereo camera.

Fig. 6. The 1440 × 1080 input images and correspondence result.
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Person: Person: Person:

(a) 120×120 ROI images in HFR stereo camera

(b) 640×480 input images of galvanometer-based PTZ camera

Fig. 7. Blurred 120×120 images of the faces in the panorama image and
clear 640×480 images of the faces in the PTZ camera (t = 20.80 s).

time [s]

Fig. 8. Image centriods of faces in the left image of HFR stereo camera.

to right, person 1 is squatting, and person 2 is jumping. Based
on the stereo correspondence results, we draw rectangles of
the same color for the same person in the HFR stereo images.
Figure 7 shows the blurred 120×120 images of the faces
in the panorama image and clear 640×480 images of the
faces in the PTZ camera at time t = 20.80 s. We can clearly
observe the facial features of different characters through
the PTZ camera. The xy coordinate values of the image
centroids of different faces in the left HFR stereo video are
depicted in Figure 8. Figure 9 shows scale cosine similarities
between different persons in the HFR stereo camera. We
perform stereo correspondence by the scale cosine distance
of STVs of different persons. Obviously, between 27 and 30
seconds, the similarity between different people is rapidly
reduced, because different people stop moving at the same
time. At other times, better performance was maintained.
Figure 10 shows the 3D trajectories of different persons
for t = 20.50− 21.10 s. In the end, we show the control
voltages of the galvo-based PTZ camera when tracking
different people. The control voltage is completely driven
by the spatial position obtained from the calculation in the
previous step. The experimental results show that due to the
low-latency detection results of the stereo camera, we can

time [s]

(a) Similarities between person 0 in the left image and all persons in the
right image.

time [s]

(b) Similarities between person 1 in the left image and all persons in the
right image.

time [s]

(c) Similarities between person 2 in the left image and all persons in the
right image.

Fig. 9. Scale cosine similarities between persons in the HFR stereo camera.

Person: 0
Person: 1
Person: 2

Fig. 10. The 3D trajectories of different persons (t = 20.5-21.1 s).
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time [s]

Fig. 11. Control voltages of pan and tilt mirror when tracking different
persons.

complete the tracking and shooting of multiple objects in the
center of the field of view of the PTZ camera at an extremely
fast speed.

IV. CONCLUSIONS

In this study, we extend the simultaneous multi-object
zooming system by adding a high-frame-rate (HFR) stereo
camera. The newly proposed system can track and acquire
the spatial positions of multiple objects at a speed of
hundreds of frames per second, ultimately obtaining high-
definition images of multiple objects simultaneously. The
advantage of this system is that the galvanometer-based
camera and the panoramic camera can be positioned arbi-
trarily, requiring only calibration prior to use. Furthermore,
with the low-latency tracking provided by the high-frame-
rate stereo camera, the deviation in images captured by the
galvanometer-based camera is minimized.

However, due to the limitations of USB transfer speeds,
high-resolution images can currently only be transmitted
at approximately 200 FPS. We plan to consider a high-
speed FHD camera capable of 500 FPS in future iterations.
Additionally, to reduce computational load, the future system
will operate in a heterogeneous mode where the server
machine and the control machine are separated.
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