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Abstract Multi-Target Single Camera Tracking limits the target tracking range to the field of
view of a single camera, which is difficult to meet the needs of complex application scenarios.
Multi-Target Multi-Camera Tracking (MTMCT) fuses the information from multiple cameras to
realize the feature transfer and trajectory correlation between multiple cameras, which can jointly
track multiple targets across multiple cameras in multiple monitoring areas. which is of great
significance to the real-time monitoring of real-time complex scenarios. It has become a research
hotspot in the field of Multi-Object Tracking. This paper introduces the basic concepts of
MTMCT and classifies the tracking models into three categories, including overlapping view,
non-overlapping view and mixed view, and the MTMCT model with an overlapping view is
analyzed and introduced in detail in five subclasses: network flow optimization-based method,
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homography constraints method, reinforcement learning method, hypergraph method and
transformer method. subclasses are analyzed and introduced in detail. The network flow
optimization method is a special Bayesian network model to solve the MTMCT task by calculating
probabilities from binary images detected by multiple cameras. Methods based on network flow
optimization can cause the phenomenon of false targets to affect the detection results, so the
homography constraint method appears. The homography constraint defaults to all targets being
of the same height, and the detection results of all views are projected onto the same ground plane
after adding the constraint, and the intersection point formed is the position of the target. With the
continuous development of deep learning methods, methods based on reinforcement learning
appear, which mainly use hierarchical combination models to track the target. Most of the
reinforcement learning methods are offline, and the algorithm parameters are large and difficult to
train. In order to solve this problem, hypergraph-based methods have emerged, which introduce
weighted hypernet work into the MTMCT task, and the weighted hypernet work can reduce the
number of parameters and redundancy by sharing parameters across layers. The current
transformer-based method can be realized to achieve online tracking with good performance at the
same time. MTMCT with non-overlapping viewpoints is divided into two types of two-stage
trajectory association and single-stage trajectory association for detailed analysis and introduction.
MTMCT based on two-stage trajectory association refers to outputting multi-target tracking
trajectories within a single camera first, and then carrying out multi-camera trajectory
associations; MTMCT based on single-stage trajectory association refers to directly considering
all trajectories globally to be associated. Different from the overlapping and non-overlapping
views, the mixed view MTMCT method can be used on both overlapping and non-overlapping
view datasets with a good balance of algorithmic performance and accuracy. In addition, we also
compare the advantages and disadvantages of overlapping view, non-overlapping view, and mixed
view approaches and their applicability scenarios. Finally, this paper analyzes the commonly used
datasets and evaluation indexes for MTMCT, and summarizes the problems of MTMCT. We
also look forward to the future trends of MTMCT technology, such as more MTMCT datasets,
end-to-end models, richer evaluation metrics, higher crowd density, visual Transformer, and

lightweight models.
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PETS09 $2-1.1°1 Outdoor 7 2009 pedestrian 19 B Yes 1 min
NLPR_MCT 17 Mixed 3 2015 pedestrian 235 L No 20 min
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NLPR_MCT 3™ Indoor 4 2015 pedestrian 14 A Yes 4 min
NLPR_MCT 47 Mixed 5 2015 pedestrian 49 5 Yes 25 min
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LMGP* ) K B 5 . 76 T & AL/ A9 PETS09 S2-
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Background

The research of the Multi-Target Single Camera Tracking
method is becoming more and more mature, but the single-
camera multi-target tracking task can only recognize a single
region, and with the advancement of video surveillance
technology. the method can no longer meet the needs of the
surveillance system. With the advancement of video surveillance
technology. this method can no longer meet the needs of the
surveillance system. It has become the main demand of the
intelligent surveillance system to open up the recognition area
between cameras and to extend the single camera area to the
whole area recognition.

In recent years, in order to solve the problem of full-area
recognition and tracking has prompted many researchers to
address Multi-Target Multi-Camera Tracking, and some results
have been achieved. However., there is no comprehensive article
on the Multi-Target Multi-Camera Tracking task to summarize
the field, and most of them are used as a complementary
description of Multi-Target Single Camera Tracking, which does

not have a very clear and more detailed classification and

introduction of the task. and there is also a clear collection and
organization of related datasets and metrics.

In view of the current situation of Multi-Target Multi-
Camera Tracking, this paper classifies the task in detail by
combining with the practical application requirements, and divides
the Multi-Target Multi-Camera Tracking task into overlapping
view, non-overlapping view and mixed view. The advantages
and disadvantages of these methods and their applicable scenarios
are compared; the current commonly used datasets and evaluation
criteria for Multi-Target Multi-Camera Tracking are analyzed;
and finally, the problems of Multi-Target Multi-Camera
Tracking are summarized and outlook is given.
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