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Abstract—Today’s video surveillance devices are almost ubiq-
uitous and ready to collect data. Tracking targets in surveillance
applications can be a challenging task. However, the work of
manual surveillance is tiresome. A camera can only record
information within the area it records, and that area is quite
limited. Therefore, in order to monitor critical areas, it is
necessary to setup many cameras in different places. As a result,
personnel monitoring of all cameras remains a more difficult task.
By re-identifying individuals captured by several cameras, this
work presents a framework for tracking people in the presence of
many cameras, while giving some potential methods to achieve
fast people detection and tracking in multi-view cameras. By
employing spatial transformations to achieve real-time multi-
view tracking capability, the scheme is feasible and has been
implemented.

Index Terms—STN, Distribution, Mulit-View, Person Tracking

I. INTRODUCTION

Nowadays, CCTV has become a necessary distributed
technology and is ubiquitous. For security reasons, effective
monitoring of areas including colleges, industries, hospitals,
markets, etc. has become a challenging task for the appli-
cation. The requirement of multiple cameras for surveillance
because these places are widely distributed [1]. In practice,
it becomes difficult to monitor and track people in a multi-
view form two or more cameras in different local. We have
studied a framework to track some people through different
camera sequences and maintain the identity of that person
by re-identifying them in different cameras. According to
the literature, person detection is the feature function of a
tracking model, and the tracking model as a complete works
better if the person detection is successful. As a results, The
series of YOLO network models [2], [3], [4] are set of the
state-of-the-art model for object detection among the various
models available. The latest YOLOv4 had a mean average
precision of accuracy increase of 10.0%. For tracking, there
are two schemes for people re-identification: Centralized and
Distributed:

Centralized Tracking in a structured and easily searchable
single location connection is accomplished through
multiple forms of detection, and collaboration around
each central point.

Distributed Based on the spatial information of each
camera, the tracking task can be passed from the

current camera to the other cameras by applying a
spatial transformer, while enabling the detection of
people and then re-identifying the subject at the angle
of the other cameras.

In addition, the central point generated by the centralized part
can be projected directly into other cameras through the spatial
transformation matrix because the position of these CCTVs is
fixed, thus allowing faster tracking fusion to be generated.

For advanced purposes, a trajectory model was introduced
in [5] with the aim of learning color features, textures and
metrics combined into a tracking framework where they use
specified tensor states to generate relevant clusters after feature
extraction and post-processing using different color channels.
Furthermore, [6] proposed a symmetric structure consisting
of two sub-networks connected by sinusoidal layers, where
each sub-network contains two Convolutional Neural Network
(CNN) layers and one Fully Connected (FC) layer as classifier
for refinement of people re-identification. To deal with the
significant variations in the color images in the dataset, a
binomial distribution was used to evaluate the cost between
labeling and similarity, robust to outliers. In [7] and [8], the
authors point out that observing multiple views of a scene
allows dynamic occlusion and error management, which may
affect the sensor. The authors present an overview of multi-
camera object tracking and summarize and classify the most
common existing methods.

II. RELATED WORK

Object re-identification has long been a focus of computer
vision research. Various Object detection models are used to
recognize interested objects within images and video auto-
matically [9]. While they have been utilized in a variety of
situations, including pattern recognition in single image [10],
and object tracking in frames sequences [11]. In this work,
we present the use of object detection in multi-camera view,
and compare with the Faster R-CNN [12] in the tasks of
detecting objects. In practice, advanced YOLO consists of
multiple CNN layers and two Fully Connected (FC) layer [13].
The network receive the original image and map it into a grid
masks for further scaling and translating in a 2D domain, final
produced the bounding boxes that together with a confidence
weights/scores [14]. The confidence score reflects the model’s
confidence that the object is within the predicted bounding



box and how accurate the predicted location is compared to
the ground truth bounding box. Further, [15] introduces a
unified framework that as a pre-possessing aiming to learn the
color feature, textures of object, and metrics simultaneously.
This network is a symmetric topology composed of two sub-
networks linked by a sine-wave layer [16], [17]. Each subnet
is stacked of two CNN layers and FC layer for classification
output. In order to deal with significant variations in portrait
images in the dataset, it also makes use of the binomial dis-
tribution to evaluate the costs between labels and similarities
that are resilient to outliers [18].

According to [19] and [20], a novel technical perspective
is introduced to the seen scene, making possible dynamic
occlusion and error control, which allows the problem of
dynamic occlusion and damaged sensors to be solved. The
authors present an introduction to multi-camera object tracking
and describe and classify the most commonly used methods
today. Currently, a popular object detection method, Faster R-
CNN proposes a region suggestion layer and handles selective
search with a predefined bounding box [21], which outper-
forms R-CNN [22] and Fast R-CNN [12] effectively. The main
component of its selective search is the evaluation of regions
of interest (ROIs) that is observed in the image and are faster.
It aims to generate thousands of ROIs usually mapped to each
image to increase the chances of prefect predictions and can
be done in real time. In addition, researchers have studied the
development of feature extraction on ROI. This task is widely
considered as a classification problem and image recognition
techniques are applied in a multilayer CNNs [23] or RNNs
[24] model or complexity models for deeper learning [25].
The authors in [26] discuss feature extraction techniques that
can extract features from any object in applications dealing
with images or videos.

Inspired by the above model, we propose a distributed
spatial transformer-related model. It corresponds to a clas-
sification task in which the underlying objects are able to
identify which belong to the same object in different views.
At the interface, the converter model of the proposed training
model is used to extract unique embeddings of the test object
pairs. We calculate the similarity of the feature embeddings.
The test pair becomes an object of interest for tracking and
classification in multiple view if the weight/score is above
a threshold. A complete video is the result produced after
tracking and re-identification.

III. DISTRIBUTED SPATIAL TRANSFORMER

The proposed distributed spatial transformer extend the
standard Spatial Transformer Network (STN) model [27], [28],
but the transformation parameter is obtained by considering
the three sub-matrix of feature extraction, which is consisted
of translation, rotation and scaling matrix can be achieved by
[29]. Specifically, the extracted heterogeneous features will
first be concatenated to form a joint feature, thus a standard
transformation is given by:

x′

y′

1

 = R (θ) · S (sx, sy) · T (tx, ty)

xy
1

 (1)

where R, S and T performs rotation, scaling and transla-
tion respectively. Therefore, we propose to make use of this
constraint into the training processing. Although the structure
is similar to STN module, the five learning parameters in (1)
would be allocated for machine training as well. Besides, it
will be used to predict the transformation parameter by em-
ploying the localization network. To facilitate end-to-end train-
ing from the camera to each other, the localization network
can also be optimized by two CNN layers and a regression
layer, determined by a concatenate-designed classifier [30] to
produce better accuracy, where each STM module is followed
by a classifier and activation function layer. Another advantage
is that by training these five parameters, the spatial transformer
can be adapted by spatial adjustment. Since the Cartesian
coordinate representation can be easily derived from the input,
these methods increase the flexibility of the neural network in
handling spatial transformations.

A. Features of trainable parameters

The proposed model is a combination of the standard
transformation matrix and the STN model [27], but the
transformation parameters are obtained by considering the
three-component feature extraction in (1). Specifically, the
extracted features are first flattened to form a joint feature
with one-dimensional tensor projected from the input data.
H×W×C ∈ N, where H , W , C denotes the height, width and
color channels of the input image. In order to fit these flattened
features to (x, y), there are two CNN (3× 3) layers and one
Linear (∗, 2) is stacked before the proposed model, and
each convolutional layer is connected by a Maxpooling and
activation function layer. Next, to ensure spatial consistency
between CNN layers and transformer, warping is sampled
equally for each tensor. Therefore, the R, S and T in (1)
can be represented as below:

R (θ) =

cos θ − sin θ 0
sin θ cos θ 0
0 0 1

 (2)

S (sx, sy) =

sx 0 0
0 sy 0
0 0 1

 (3)

T (tx, ty) =

1 0 tx
0 1 ty
0 0 1

 (4)

To represent affine transformations with matrices, we can
use homogeneous coordinates for the combination with (2),
(4) and (4). They can be considered to compute its source
coordinates according to the five predicted transformation
parameters. Following the projective transformation as (1), the
projective projection can be combined and expressed by:



T =

[
sx cos θ −sy sin θ sxtx cos θ − syty sin θ
sx sin θ sy cos θ syty sin θ + syty cos θ

]
(5)

For the target point (x′, y′) in the output feature, all
ordinary linear transformations are contained in the set of
space definitions and can be described in the form of (affine)
transformation matrices. Thus, transformations in (5) can also
be represented by an ordinary transformation matrix, filling
the extra space with zeros, except for the lower right corner.
Especially, it also ensures the gradient is available when the
learning rate is a relatively small. This problem can also be
solved by simply setting the gradient of the burst point to
0, and one of gradient is given by the second order partial
derivative of θ:

∂2T

∂θ2
= −T (6)

This interesting result ensures that the use of the trans-
formed feature representation can effectively mitigate the
spatial inconsistency of the features until the training is
fully converged. Thereby, the proposed model can effectively
expand the field of view of the filter while reducing the number
of parameters, thus excluding useless background information.

IV. OBJECT RE-IDENTIFICATION FROM MULTI-VIEW

The task of correlating frames taken of the same person
at different angles in a multi-camera environment. Its main
purpose is to find features that represent a person. (1) allows
the re-identification of a person can be retrieved on various
cameras that have some overlap. When the target person leaves
the frame in an overlapping area in one camera, then it can be
detected in another camera’s frame after applying the spatial
transformation trained by (1). This method can be processed
in parallel for real-time achievement. Moreover, when the
target figure leaves the frame without any overlapping area, the
situation becomes a multi-view classification task. In practice,
since (1) only allows an input size of 3, a linear layer is needed
to project the size to the specified size. The size is projected
into 3 as Linear (∗, 3), and there is another linear used to
increase the feature size by Linear (3, ∗), for connecting
the subsequently used layers. Furthermore, a Chebyshev
Pooling [31] is used to optimize the predicted features. The
purpose of the predicted features is to project the features onto
the probability distribution used for the prediction. In addition,
there is a loss function SoftMax that is attached to the end of
our model for the generation of the output features. After that,
a threshold needs to be preset to determine if the pair is the
re-identified person. Otherwise, it is the other person. Once
the difference is determined, an identity switch is performed.
After tracking and re-identification, a complete model is thus
produced.

A. Object Tracking from Multi-View

In general, a R-CNN model [32] is required to faster
discover and detect all objects of interest (not only people),

and it employs a local network to generate region proposals
for object detection, which is to find some text-like objects
first. According to the R-CNN technique, the local of the
current region can be considered as the starting point of the
tracking path, and tracking can only be done by fusing many
camera sequence frames for person detection. Therefore, when
people are addressed in overlapping areas in the cameras,
their tracking path can also be detected by applying (1)
similar to the previous section. In this case, person detection
is performed first, followed by tracking, re-identification and
finally generating tracking fusion. From other perspectives,
single-person tracking and multi-person tracking are two types
of tracking. The goal of single-person tracking is to focus
on one person in the frame and follow them until they leave
the frame. This type of tracking is easier to use because it
avoids the greater difficulty of identifying people. When doing
multi-person tracking, we need to check each person in the
frame. The goal in this case is to identify each person in the
facility in a unique way and track them until they leave. If
we provide a video sequence, the person tracker must track
a specific person throughout the clip. Assuming the detector
detects three people, it must see all three people in the frame.
The people tracker must recognize three different detections
and use a unique ID to track them in all frames.

V. CONCLUSION

We introduce a framework for person re-identification in
multi-camera environments with models that track people as
they approach each other. An advanced method is proposed
to track projections between different multi-camera locations
using a spatial transformer with Chebyshev Pooling and
SoftMax for tracking optimization. We also give a multi-
person multi-view tracking scheme where we can only track
based on whether there are overlapping regions in the cameras.
The model is performed to correctly assign identities to several
people in the multi-camera.
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