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Resumo

A Re-Identificagao (Re-ID) de Pessoas ¢ um problema de Visao Computacional, cujo ob-
jetivo é procurar uma pessoa de interesse (query) em uma rede de cAmeras. No cenério
do Classic Re-ID a consulta é procurada em uma galeria pronta contendo imagens de-
vidamente segmentadas de corpos humanos inteiros. Recentemente foi introduzida uma
nova configuracao do Live Re-ID para representar melhor o contexto pratico de aplicacao
da Re-ID. Esta abordagem consiste na busca da consulta em videos curtos, contendo
quadros inteiros da cena. A base inicial que foi proposta para abordar o Live Re-ID
usou um detector de pedestres para construir uma grande galeria de busca a partir do
video, e aplicou um modelo classicc Re-ID para encontrar a query na galeria. Entretanto,
as galerias geradas eram muito grandes e continham imagens de baixa qualidade, o que
diminui significativamente o desempenho do Live Re-ID. Neste trabalho apresentamos
uma nova abordagem do Live Re-ID chamada TrADe, para gerar galerias pequenas e de
alta qualidade. TrADe primeiro usa um algoritmo de Tracking para gerar tracklets (se-
qiiéncia de imagens do mesmo individuo) na galeria. Em seguida, um modelo de Anomaly
Detection é usado para selecionar um tnico melhor representante de cada tracklet. Vali-
damos a eficiéncia do TrADe e Live Re-ID na dataset PRID-2011, e mostramos melhorias

significativas em relagao a base inicial.

Palavras-chave: Live Person Re-Identification, Tracking, Anomaly Detection.



Abstract

Person Re-Identification (Re-ID) is a computer vision problem, which goal is to search
for a person of interest (query) in a network of cameras. In the classic Re-ID setting,
the query is sought in a curated gallery containing properly cropped images of entire
human bodies. Recently, the live Re-ID configuration was introduced to represent better
the practical application context of Re-ID. It consists in searching for the query in short
videos, containing whole scene frames. The initial baseline proposed to address live Re-1D
used a pedestrian detector to build a large search gallery from the video, and applied a
classic Re-ID model to find the query in the gallery. However, the galleries generated
were too large and contained low-quality images, which decreased the live Re-ID perfor-
mance significantly. In this work, we present a new live Re-ID approach called TrADe,
to generate smaller high-quality galleries. TrADe first uses a Tracking algorithm to iden-
tify tracklets (sequences of images of the same individual) in the gallery. Following, an
Anomaly Detection model is used to select a single representative of each tracklet. We
validate the efficiency of TrADe on the live Re-ID version of the PRID-2011 dataset and

show significant improvements over the initial baseline.

Keywords: Live Person Re-Identification, Tracking, Anomaly Detection.
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1 Introduction

1.1 Context and Motivation

Video surveillance systems are now widely used in public places [1]. These systems consist
of a network of cameras strategically positioned to be monitored by human security agents

for public safety [2, 3].

The growing urbanization and the improvement of information channels (i.e., Telecom-
munications networks) are the most important phenomena influencing the shift in plan-
ning paradigms toward urban safety, the sustainable use of natural resources, and ade-
quate public spaces |1, 4]. Hence, the demand for real-time automated pedestrian tracking

systems is rapidly increasing.

Although human agents are able to analyze precisely any given scene, they lack the
possibility to monitor a large number of cameras simultaneously [5, 6]. Nonetheless,
Computer vision seeks to reproduce the human’s ability of analysis to build an automated

pedestrian tracking system to facilitate activities of monitoring.

This work deals with the Person Re-Identification (Re-ID) problem, consisting in
searching for a person of interest (query) in a network of non-overlapping cameras. The
goal of Re-ID is to tell whether the query was observed in one of the cameras during a

given period [7].

The most common setting for Re-ID uses datasets of cropped images of humans,
collected from such a network of cameras and manually curated to ensure that it contains
only clean full-body images. Then, the objective is to retrieve the images from the search
gallery that correspond to the same individual as the query image [8]. In this work, we

refer to this setting as classic Re-ID.

Recent works have shown that the classic Re-ID setting is not sufficient to implement
useful real-world applications of person re-identification. In our previous work, we have

examined the effects of object detectors and person re-identification to propose a novel
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setting called Live Re-ID [9] sets a clear and reliable baseline on Live Re-ID setting. This
technology has various potential applications, such as suspect searching [10], identifying
owners of abandoned luggage [11], and recovering missing children [12]. This new setting
considers constraints related to the implementation of Re-ID applications for use during
live operations. Live Re-ID systems are composed of two main modules: the gallery
generator, which extracts pedestrian bounding boxes, and the classic Re-ID module, which

tries to identify the query from the cropped images in the gallery (see Section 2 for more
detail).

1.2 Problem Statement

Although most Re-ID research has focused on the classic Re-ID module, our experiments
[9] demonstrated that small errors in the gallery generation process can lead to poor Live
Re-ID results. This is illustrated in Figure 1, which represents all the cropped bounding
boxes generated with the baseline Live Re-ID system proposed in our previous work [9].
In the baseline Live Re-ID setting, only a pedestrian detection model is used to generate

a massive search gallery (4,271 cropped images) containing every detected bounding box.

Furthermore, the main limitation identified in this previous work for successful Live

Re-ID implementations are:

1. the fact that the object detector used for gallery generation sometimes generates
bad bounding boxes; in other words, these bounding boxes correspond to incomplete

body parts (i.e., legs, arms, or torso) which not represent entire human bodies,

2. the fact that it generates massive galleries, containing many correlated bounding

boxes representing the same individuals, and

3. the fact that massive galleries, impact both the accuracy and execution time of the

subsequent Re-ID module.

On the other hand, approaches from the field of video-based Re-ID have shown that
using sequences of consecutive images of the same person can be valuable for Re-ID
performance [14]. Indeed, videos include much richer data than single images as we know
that bounding boxes close to each other in space and time are likely to represent the same
person. For example, in Figure 1 we can see that the standard gallery generation module

generates a large number of bounding boxes, including poorly cropped ones near the



1.3 TrADe Overview 14

it TSl m )
rb'. 1] 2] .:". K

-

i f g
L el l‘“t-::l ’r'ﬂl!'l_i.- o L

Figure 1: Gallery generated by standard Live Re-ID. We applied this approach to a ~ 2
minute video from the PRID [13] dataset

edges. However, using Tracking, we can gain information and recover tracks representing

the same individuals (Figure 6).

In order to solve the above problem, we propose a novel Live Re-ID approach to
considerably reduce the size of the gallery that is produced by the gallery generation
module. This approach is called TrADe (gallery filtering using Tracking and Anomaly
Detection).

1.3 TrADe Overview

TrADe, a new approach of Live Re-ID, uses an object tracking algorithm [15] to identify
tracklets (consecutive bounding boxes corresponding to the same individual as we shown in
Figure 6(a & b)), and an anomaly detection algorithm to select a single good representative

image of each tracklet (Figure 6(c)).

Figure 13 shows the steps involved in our proposed pipeline for Live Re-ID, which
uses the same version as our previous work, You Only Look Once version 3, YOLOv3 [16]
as an object detection model; a Real-Time Recurrent Regression, Re3 [15] as a visual

object tracking model; a Deep One-Class classification, DOC [17] as a one-class classifier
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for anomaly detection, and tests two different approaches for classic Re-1D.

By decreasing drastically the gallery size and removing bad images, TrADe allows us
to improve the accuracy of the whole Live Re-ID system, and reduce the execution time
of the Classic Re-ID module. We conduct experiments on the same Live Re-ID Dataset
as Sumari et al. [9] and show that TrADe outperforms both their baseline approach and

another simple baseline approach for gallery filtering.

1.4 Research Objectives

Sumari et al. [9] set a clear and reliable baseline on Live Re-ID (Section 1.1). In the
present research, we go a step further in the field of Live Re-ID. As we mentioned before,
Live Re-ID is composed of two main modules: the gallery generator and the classic Re-
ID module. We focus to improve the module of gallery generation of Live Re-ID and

optimization of the classic Re-ID module.

1.4.1 Main Objective

The main objective of this work is to decrease the gallery dataset size drastically and
remove bad images from the gallery generator of Live Re-ID. By doing this, we hope to
achieve two specific purposes that together achieve the overall goal of this dissertation, as

follows:

1. Improve the accuracy of the whole Live Re-ID system, and

2. Reduce the execution time of the classic Re-ID module.

1.4.2 Contributions

Our results were accepted in ICMLA (International Conference on Machine Learning
and Applications) [18|, where our main contribution is the proposal of a novel pipeline
for the Live Re-ID problem, called TrADe, decreasing drastically the gallery size and
removing bad images, and improve the accuracy of the whole Live Re-ID system in order

to implement and evaluate real-world security applications.

Furthermore, experiments are conducted to demonstrate the importance of TrADe to
tackle real situations. The evaluation of the TrADe pipeline is conducted with the same

dataset and evaluation metrics as Sumari et al. [9].
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This research does not claim to have solved the Live Re-ID, it is getting closer of a
solution in practical scenarios. We hope to inspire and motivate the community to focus
on the Live Re-ID systems, in order to develop algorithms that are better adapted for

real-world scenarios.

1.5 Dissertation Organization

The rest of this document is organized as follows: In Chapter 2, we present relevant
related work. Chapter 3 describes some important definitions to understand in detail our
proposal and comparison to the baseline, such as object detection, object tracking, One-
Class Classification, and Person Re-identification. In Chapter 4 we present a new Live
Re-ID approach called TrADe and justify its applicability to real situations. Also, this
chapter describes the architecture and components of the pipeline system. In Chapter 5 we
present results and discussion about our solution. Finally, Chapter 6 presents conclusions

and possible future work for this dissertation.



2 Related work

In this chapter we present and review the most relevant works that supports and relates to
our research, in order to generate a good comprehension of our novel Live Re-ID approach.
Also, we present the state-of-the-art about different topics that are used in this work. The

algorithms used in this document are based on Deep Learning.

In recent years, the rapid development of techniques based on deep learning [19],
played an essential role in achieving good results at various Computer Vision tasks that
deal with detection, tracking, and re-identification instances of visual objects of a par-
ticular class (e.g., pedestrians, cars, etc.). Thus, it has been widely used in many areas,
such as object detection, object tracking, anomaly detection, and person re-identification,

where some of them even achieved real-time applications.

2.1 Deep Learning in Computer vision

Computer Vision (CV) is a field of Computer Science allowing computer systems to con-
sistently extract information from digital visual inputs (i.e. images, videos). Computer
vision techniques provide computers with the ability to observe and understand in the
same way as humans do, so that they can achieve meaningful and coherent actions such

as detecting, localizing and classifying different objects.

Deep Learning (DL) is a subfield of machine learning methods that allows compu-
tational models learn representations of data with multiple levels of abstraction [19] to
build artificial intelligence systems based on a family of functions inspired by the human
brain, called Artificial Neural Networks (ANN). A DL architecture is commonly formed
by multiple layers of non-linear processing stages [20|, where the input of the lower layer
is fed with the output of immediate high layer and the first layer is the input data (e.g.
image, video). As a result, the lower-level features (from low layers) gradually merge to
form higher-layer features. A most representative of classic DL architecture is called Con-

volutional Neural Network (CNN) which uses intermediate layers, such as convolutional
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layers, pooling layers, Rectified Linear Unit (ReLLU) layers, and fully connected layers [21].

In recent years, Deep Learning has grown up quickly [22] and exhibited a strong
advantage in high-level abstractions over data. The current applications of Deep Learning
cover areas such as computer vision, natural language processing, and sound analysis.
Chai et al. [23| provides a review of advances in Deep Learning, and shows how Deep

Learning covered these domains.

Computer Vision and Deep Learning perform jointly to emulate human vision to create
computer vision systems in order to facilitate observing an area through surveillance
cameras, or security cameras. These computer vision systems aim to tell apart and

comprehend visual inputs to operate according to a particular situation automatically.

2.2 Object Detection

Object detection is a computer vision problem, which objective is to locate the instances of
an object of interest in digital images. It consists in answer the following question: "what
visual objects are there, and where are they?". Object detection was already discussed
extensively in recent surveys [24, 25|, presenting the most advanced and fastest methods
of detecting different types of objects to simulate human vision and cognition. These
instances can be divided into disjoint categories (e.g., person, car), and each of them is

represented with a bounding box.

In Figure 2, we show object detection results obtained from applying it to Oxford-
Town [26] Centre Dataset. Where the color boxes represent only the person class predic-
tions. For easier interpretation, we assign a number over each box and not a traditional
score. A bounding box (BB) detection is considered correct if the output bounding box
has a sufficiently large overlap with the ground truth bounding box. This is evaluated

with a metric called Intersection over Union (IoU).

In Figure 3, we illustrate how to apply IoU to evaluate any object detector algorithm,
for this purpose, we need: (1) The ground-truth bounding boxes (provided with labeled
dataset such as PASCAL VOC), (2) The predicted bounding boxes (outcome of the al-
gorithm. Additionally, in Figure 4, we include visual examples for some scores of IoU.
IoU’s score is a number from 0t0100% that determines the portion of overlap between
ground truth and the predicted bounding box. Where 0 means that there is no overlap
(Failure), and values near 1 means both bounding boxes are almost totally overlapping,

i.e., ground truth and predicted bounding boxes are almost the same (Very Good). For
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Figure 2: Object detection results where color boxes represent only the person class
predictions.

our purposes, we use only IoU’s values greater than or equal to 50% (Good).

As we mentioned above, IoU is an evaluation metric that is used in object detection
challenges such as PASCAL VOC [27|. Thus, IoU metric is used to measure the accuracy
of an arbitrary object detector algorithm, i.e., any algorithm that provides predicted BBs
as an outcome can be estimated employing IoU. Typically, we consider that a predicted

BB is correct if it has an IoU greater than 50%.

The current object detection methods can be divided into two predominant lines:
one-stage approaches (e.g. SSD [28], YOLO [29]) and two-stage approaches (e.g. Faster
R-CNN [30]). The one-stage detectors perform higher inference speed, while the two-stage

detectors have higher localization and object recognition accuracy.

In order to explain the two-stage approaches, we use the Faster R-CNN [30] architec-
ture as an example. The first stage proposes candidate object bounding boxes (BBs) called
Region Proposal Network RPN. The second stage processes each candidate by Region of
Interest Rol pooling layers. Each feature is processed for the following classification and

BB regression tasks [30].

Regarding the one-stage detectors, also called Unified Detectors, they refer to archi-
tecture that directly predicts class probabilities and bounding boxes from full images with

a single feed-forward over Convolutional Neural Network (CNN). For this reason, they
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are the fastest methods for detecting objects and assigning class categories. In particular,
You Only Look Once (YOLO) was proposed in 2015 by Redmon et al. [29]. Encapsulating
all computation in a single network. Additionally, Redmon has made improvements based
on YOLO and proposed its v2 [31] and v3 [16] editions.

In this work, we use object detection specifically for detecting persons. This problem

is called pedestrian detection.

Area of Overlap

Area of Union f}‘;{f

loU =

. Predicted . Ground-Truth ‘

Figure 3: Intersection over Union (IoU) formula.

2.3 Object Tracking

Object tracking is another problem within the field of computer vision. It seeks to enable a
computer to replicate the basic functions of human vision [32], such as motion perception
and scene understanding. Object tracking can be applied to many domains [33] such as

surveillance, human-computer interaction, etc.

The main task of object tracking is to establish the location of a target object over

the frames of a video sequence, starting from an initial bounding box [34].

In the literature, several surveys have proposed different classifications of object track-
ing approaches, e.g., single-camera vs. multi-camera Tracking [35], single-object vs. multi-
object tracking [36], specific vs. generic object tracking [24]. [37, 35| and state-of-art
challenges (e.g., Visual Object Tracking, Multi-Object Tracking) [38, 36, 3].

Furthermore, the majority of current object trackers are trained over known object
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types or specific object instances [39], i.e., pedestrians, cars, etc. However, sometimes it
is not feasible to pre-specify what kind of object needs to be tracked, and we simply want
a remote user to specify an object of interest by clicking on a single image frame. To

address these problems, a new task called Generic Object Tracking [24]) was developed.

In this work, we use an algorithm called Real-time, Recurrent, Regression-based
tracker (Re3) [15], which is an accurate network for Generic Object Tracking. Re3 uses
convolutional layers to embed the object appearance, recurrent layers to recall the appear-
ance and motion of the object information, and a regression layer to output the object
location. Re3 requires a bounding box around tracked objects at initial time-step Ty and

produces bounding boxes for the object in subsequent frames.

loU = 0% loU < 50% loU>50% loU~100%

Failure Very Poor Good Very Good

. Predicted . Ground-Truth

Figure 4: Intersection over Union Scores.

2.4 Anomaly Detection

Anomaly detection (also called outlier or novelty detection) refers to a wide research
problem of identifying data that significantly diverge from the patterns of expected data
instances 40, 41]. Anomaly detection can be applied in domains such as security, surveil-
lance, and Al safety [42, 43].

In recent years, deep learning approaches were used extensively to tackle anomaly
detection. Deep anomaly detection models can be split into supervised, semi-supervised,

hybrid, unsupervised, and end-to-end, as shown in recent surveys [42, 40, 43].

Additionally, anomaly detectors rely on the assumption that the model extracts good
abstraction features from data input, which keeps discriminative information that sepa-

rates anomalies from regular instances.

Anomaly detectors are composed of two networks, a feature extractor to retrieve
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discriminative information that separates anomalies from regular instances, and a clas-
sifier [17, 44]. And, the objective of the classifier is to detect all the non-native-class
data, resulting in incorrect class predictions [43]. In the context of this work, we called
a non-native class all classes that were not used for training. Thus, the non-native class

may be called a novel or abnormal class detection, depending on the application domain.

A subfield of Anomaly Detection technique is called One-Class Classification (OCC),
which consists in defining a classification boundary around the native class (normal in-
stances). At inference stage, an OCC model generates a “normality” score that can be

used to determine if it is an inlier or an outlier. In this work, we use an efficient recent

approach for OCC, called DOC (Learning Deep Features for One-Class Classification) [17].

DOC takes advantage of a CNN for feature extraction, using two loss functions for

training:

1. The compactness loss fosters low intra-class distances by evaluating the closeness of

the native class among the learned space features.

2. The descriptiveness loss aims at finding large inter-class distances.

This feature extraction network is trained on a dataset containing images from both native
and non-native classes. Then, DOC uses a second neural network to produce the final

classification score.

2.5 Person Re-identification

Person Re-Identification (Re-ID) is a fundamental problem to be solved in Re-ID sys-
tems for automated video surveillance due to a critical request for public safety and
the increasing number of surveillance network cameras [14, 45| at places such as streets,

squares, parks, among others.

Re-ID aims to re-identify a person of interest (Pol) across multiple non-overlapping
cameras [10], i.e., given a Pol that can be an image (or video) from one camera, Re-ID
has to search and mark the Pol across other cameras (or even the same camera) at a

different time, instant, and place.

In other words, Re-ID consists in retrieving instances of an individual, called the
query, within a set of complex multimedia content, called the gallery. The most popular

Re-ID setting, now denominated as classic Re-ID, consists of representing both the query
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and all the items in the gallery with well-cropped images representing a person’s entire

body (see survey [46]).

Re-ID methods can be categorized into two main threads according to [45, 10| closed-

world and open-world Re-ID settings:

1. The closed Re-ID setting is usually applied under the following assumptions [14,
45]: (1) Person appearances are extracted from a single modality visible camera.
(2) Training and testing based on bounding boxes that mainly contain a person’s
appearance information. (3) The bounding box annotations are generally correct

and must appear in the gallery set.

2. On the contrary, the open Re-ID setting works with heterogeneous data from multi-
ple cameras, bounding boxes taken directly from raw images/videos, and bounding

boxes usually bring a noisy annotation.

The person search setting uses galleries composed of whole scene images, to represent
the real-world application context of Re-ID better. Hence, a person search approach must
return both the index of the image where the query is present and its location in the image

(see survey [47]).

The open-set Re-ID setting extends classic Re-ID by adding the option that the query
is not present in the gallery (see survey [48]). Besides, in the video-based Re-ID setting,
the query and gallery images are replaced by sequences of consecutive images from a
video. Sequences contain clean full-body images representing the same individual (see

survey [8]).

2.6 Live Re-ID

More recently, the Live Re-ID setting was introduced by Sumari et al. [9] to represent

relevant aspects for deploying Re-ID in real-world applications:

1. During live operations, the entire raw stream of the video frames must be used as

input.

2. The predictions by the Re-ID system are then verified by a human monitoring agent.

To tackle these it was necessary to formalize a new setting between the Re-ID system

and the monitoring agent to ensure natural interaction. This setting combines elements
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Timestamps where
images frames. query appears

Figure 5: Live Re-ID flow.

from several of the Re-ID settings mentioned above and was further formalized in [49].
In practice, finding a query person during live operations requires processing whole scene
videos in near real-time. In Figure 5, we depict how Live Re-ID determines if the query

is present in the streaming video. And, when and where it appeared.

This way, the galleries for Live Re-ID contain whole scene video frames. In addition,
the probability that the query is present in a short video sequence from a given camera
is low, which means that the Live Re-ID setting is open-set. Finally, Live Re-ID also
accounts for the fact that Re-ID model predictions must be verified by human security
agents, who can trigger actions. Hence, new evaluation metrics were proposed to evaluate

two objectives:

1. High re-identification rate, i.e., enhance the results when it was successfully identi-

fied a person sought by Live Re-ID system, and

2. Low false alarm rate, i.e., reduce the case where operator agent is disturbed for

nothing.

In this work, we propose a new approach to generate better image galleries within a
Live Re-ID context. Our objective is to show that generating smaller galleries of higher-
quality images can substantially improve Live Re-ID results, even without changing the
classic Re-ID models used for final re-identification. In our experiments, two classic Re-ID

models are tested:
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1. The Bag of Tricks (BoT) approach is based on several neural network training tricks
(e.g., controlling hyperparameters, using both triplet and cross-entropy loss, using

the Adam optimizer) rather than Re-ID architectural choices [50].

2. The Siamese Improve Deep Learning (SiamIDL) approach uses a Siamese neural
network architecture to evaluate image similarity and predict whether two input

images represent the same person [51].



3 Background

In this chapter, we discuss the specific concepts used in this work. Section 3.1 introduces
the formal concept of tracklet. Section 3.2 introduces the concept of You Only Look Once
(YOLO). Section 3.3 introduces the main concepts of Real-Time Recurrent Regression
Network (Re3). Section 3.4 shows a Deep One-Class (DOC) classification method. Finally,
in sections 3.5 and 3.6 we introduce the main concepts of a person re-identification used

in this document.

3.1 Tracklet

The concept of a tracklet was discussed in several areas of interest for this work, such as
object detection, tracking detection, and person re-identification. Intuitively a tracklet
can be defined as a short track or part of a complete track. We illustrate both a complete

track in Figure 6(a) and tracklets in Figure 6(b).

This definition of tracklets has been used in different works, such as:

1. The necessity to gather detections corresponding to the same individuals from a set
of detections from consecutive frames to produce tracklets was discussed by Brendel,

Amer, and Todorovic [52].

2. Brendel, Amer, and Todorovic [52] used tracklets based on a graph to take advantage

of graph properties to find complete trajectories.

3. Wang et al. [53] used tracklets to produce effective and complete trajectories even

if they are spatially close or occluded.
4. Zhang et al. [54] used clustering over set of tracklets to generate entire trajectories.

5. Cheng et al. [55] discussed how to find associations to complete full trajectories from
tracklets. They generated a gallery of tracklets from videos from non-overlapping

uncalibrated cameras.
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(a) Example track generated by the Re3 tracking (b) The track is divided into small fixed-size
algorithm. tracklets.

(¢) One candidate is selected for each tracklet

Figure 6: Track and Tracklets. (a)The entire trajectory of a person is found using the
Re3 tracking algorithm. Then, (b) the full track is divided into small fixed-size tracklets.
(c)Finally, we apply DOC over each tracklet to select a good representative image.

Also, it is common for people to walk through areas where there are cameras present,
such as in public spaces, retail stores, and office buildings. As a consequence, thousands of
unlabeled Re-ID public videos are generated everyday. Li, Zhu, and Gong [56] proposed
that each video can be used to generate new Re-identification datasets using tracklets to

conduct more comprehensive evaluations and analyses.

In this work, the concept of tracklet works under the following assumptions:

1. It is very likely that each tracklet in the same video represents a different person.

2. Each tracklet is unique even if the same person is in different cameras due to such
things as adverse weather and illumination conditions (e.g, rain, low-light, night-

time, and shadows or pathways ).
3. Each bounding box of tracklet contains mostly the same person.
We understand a tracklet as a list of object bounding-boxes, as we illustrated in Fig-

ure 6(b), which has three tracklets that belong to the complete trajectory of a person,

this example illustrates how tracklets can come together to form a complete track.
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Furthermore, a tracklet can be defined as a short-term trajectory of one target object

across frame sequences on batch video:

T(k:N) = {b§> bf—&—l? bf—i—Qa e 7b7]f€+(]v_1)} (31)

Where k represents the ID number label for all bounding-boxes that compose a tracklet,
t is a ID number of frame within the video, IV is the maximum allowed field length for

the fulfillment tracks (note: T can contain fewer elements than V).

Also, we characterize a simple bounding-box within in specific frame as follows:

b, = (X07}’07X1;Y1)7 (3-2)

where the first pair (X, yo) represents the top-left and the second pair (x1,y1) the bottom-

right coordinates in the frame.

Moreover, we can denote a set of bounding boxes that belong to the same frame (t),

as follows:

Bt:{btlab?>b?a >b;n}:Dt (33)

For this example, we can take an initial frame, ¢ = 0, that represents initial bounding

boxes at the beginning of the video (Dy).

3.2 You Only Look Once (YOLO v3)

Object detection is a computer vision problem, which was already discussed in Section 2.2,
where the goal of all methods is to reduce the efforts of humans to locate objects in images

or videos [57].

In this section, we present You Only Look Once (YOLO), which first version was
proposed in 2015 by Redmon et al. [29]. YOLO encapsulates all computation in a single
network. Additionally, all following versions apply incremental improvements based on
it. YOLO aims to locate object instances that belong to predefined categories in digital
images, such as a person, a cat or a dog. With the aim of providing answers to the

following questions:

e What visual objects are there?

e Where are these objects in the image?

YOLO is a Unified Detector framework, also called one-stage detector, that refers to
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architectures that directly predict bounding boxes and class probabilities from full images,
with a single forward pass over a Convolutional Neural Network. YOLO is powerful to
identify even small objects from image inputs. Also, these advantages make it one of the

most advanced and fastest methods to detect different types of objects to date.

YOLO divides an image input into S x S grids where each grid cell is responsible
for the detection of objects. And also, each grid cell predicts a set of C' conditional class
probabilities, B bounding box locations, and confidence scores. We express these variables

as one tensor, as follows:

SxSx(Bx*xb+C) (3.4)

Where S is the number of grid cell divisions, B represents the number of bounding
boxes predicted by each grid cell, and C' is a confidence score that indicates the probability
that the bounding box contains an object. It can be calculated by Equation 3.5.

C = Pr( Object ) x ToU™™b (3.5)

p

Where Pr( Object ) > 0 indicates the probability that objects exist and [ oUggfih
indicates the IoU score between predict and ground-truth bounding boxes. Accordingly,
C is zero if the grid cell does not contain an object because Pr( Object ) = 0, otherwise, C
is equal to ToUMu" . Additionally, YOLO predicts a set of C' conditional class probability
(each conditional class probably belongs to only one object class) as was described by

Redmon et al. [29].

In Figure 7, we illustrate how processing images with YOLO works with a single
forward pass. YOLO divides an image input into S x S grids where each grid cell is
responsible for the detection of objects. In other words, each grid cell predicts B bound-
ing box (see Equation 3.2) locations, confidence scores for each of them, and C class

probabilities. Finally, They are all part of a tensor, as we can see in Equation 3.4.

An important reason why we choose YOLOvV3 [16] for our experiments is its enhanced
multi-scale prediction capability compared to previous YOLO versions. This way, this
third version can detect small objects even better. Additionally, the chosen backbone
for YOLOv3 is Darknet-53, which uses 53 convolutional layers with 3x3 kernels in the
beginning and 1x1 in the end (see Figure 8).
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S x S grid on input Final detections

Class probability map

Figure 7: Yolo Flow, we adapted this image from [29].
3.2.1 Training Details

Multiple bounding boxes are predicted in each grid cell, as illustrated in Figure 7. Besides,
at the training stage, each of the bounding boxes predicted is responsible for a unique
object. To achieve this we use an IoU metric between a ground-truth and predicted

bounding boxes, as illustrated in Figure 3. We only take the best IoU score.

The loss function used by YOLO is the sum of the Classification loss, the Localization
Loss, and the Confidence Loss. We detail each of them:

1. Classification Loss (Lciassif): Each grid cell have a Classification Loss that is the

squared error of the conditional probabilities for each predefined class on YOLO:

sz B
Eclassif - Z Z ]]-%]‘aj (Cz - C’z)Q (36)

i=0 j=0

2. Localization Loss (Lj,c): It measures the errors between the location and size of
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Figure 8: YOLOvV3 architecture. Network Architecture of YOLO version 3.

each responsible bounding box for detecting the object:

s? B
ﬁloc :Acoord Z Z ﬂ%bj [(xz - i‘z)Z + (yz - gz)2:|

=0 ;j” . . (3.7)
+ Acoord ZZH?}“ [(\/U— \/5)2 + (\/h_i— \/;> ]

3. Confidence Loss (Lconf): it measures the probability that an object exists in

each grid cell:

S? B S?
»Cconf = )\noobj Z Z ]]-Z‘OObj (Cz - éz)Q + Z ]]-(z‘)bj Z (pz(c) - ﬁz(c))2 (38)
=0

i=0 7=0 c€ classes

In the above equations, each grid cell is presented with the index ¢ and grid ¢ is defined
by (xi,yi),(wi,hi). Both wi and hi represents width and height, respectively, in relation
to image size. The confidence score is represented by Cj, ]l;’;’ ] represents if an object
appears or not in cell i (i.e, takes 1 or 0) and ]l?;Obj is the complement of ]l?;’ 7. And
besides increasing the loss from the bounding box coordinate predictions and decreasing
the loss from confidence for boxes that do not contain objects. Redmon et al. [29] uses

two parameters. These parameters, Acoora and Anoojp , are both set up by default to 0.5.

The final loss £ that YOLO uses during training is the sum of Leassif, Lioe and Leon -



3.3 Real-Time Recurrent Regression Networks 32

3.2.2 Test Details

At testing stage, the confidence score of each bounding box needs to be multiplied by

conditional class probability, as we can see in Equation 3.9:

Pr( Object ) x JOU™™ ™ 5 Pr( Class ; | Object )

pre

= Pr(Class;) * IOU™"

p

(3.9)

Pr(Class;) * [ OUSE&h represents a class-specific confidence scores for each box. Red-

mon et al. [29] give us a good illustration to understand it at Figure 7.

3.3 Real-Time Recurrent Regression Networks

For our purpose, we focus on an algorithm called Re3 (Real-time, Recurrent, Regression-

based) [15]. It is an accurate and efficient network for tracking generic objects in real-time.

Re3 is extremely fast and computationally cheap during inference due to shifting the
computational burden offline. This shifting origin by the direct embedded in the network
of the transformations caused by the change over time of the tracked object. In other
words, Gordon, Farhadi, and Fox [15] trained Re3 to learn from many examples offline.
Also, it quickly updates the appearance and motion models online when tracking a specific

object and improves temporary occlusion compared to other trackers.

In detail, this network was trained over ILSVRC 2016 [58] Object detection from
Video Dataset (Imagenet Video) and the Amsterdam Library of Ordinary Videos (ALOV)
300++ dataset [59]. It was proposed in Tensorflow over CaffeNet’s pre-trained weights
for its convolutional layers, which have skip-connection layers after layers: norm1, norm2,
convh. Each of them with 16, 32, and 64 channels, respectively. Also, each skip layer
has a PReLu nonlinearity and the embedding fully-connected layer has 2048 units, and
finally, the LSTM (Long Short-Term Memory) layers have 1024 units each.

The formulation in Equations (3.10 ~ 3.15) shows how the two-layer factored LSTM
with peephole connections is able to capture complex object transformations and remem-

ber longer-term relationships.

=h (szt + R,y + bz) (3.10)

i'=o (Wixt + Ry + Pt + bi) (3.11)
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fl=0 (W' +Rpy'' + Py~ +by) (3.12)
d=i"od+flod! (3.13)

o=o (Woxt + Ry T+ Pt + bo) (3.14)
y' =0 oh() (3.15)

Where ¢ represents the frame index, 2t is the current input vector, '~ is the previous
output (or recurrent) vector, b is the bias vector, h is the hyperbolic tangent function,
o is the sigmoid function, and ® is point-wise multiplication. Also, Gordon, Farhadi,
and Fox [15] described weight matrices for the input as W, and described recurrent and
peephole connections as R and P respectively. Both output vector(y') and cell state(c)
are producted by forward pass. Output vector is used to regress the current coordinates,
and the cell state holds important memory information. Finally, y* and ¢ are fed into

the subsequent forward pass to propagate forward in time.

So, this strategy allows convolutional layers to embed the object appearance, recurrent
layers to recall the appearance and motion of the object information, and a regression layer
to output the object location. In other words, Re3 requires a bounding box around any
object at time T'. After that, Re3 produces bounding boxes for the Object in consecutive

frames.

3.4 Learning Deep Features for One-Class Classification

The majority of Deep Learning models are susceptible to non-native class training data
that it is resulting in incorrect class predictions [43]. In the context of this paper, we
called a non-native class all classes that were not used for training. Thus, the non-native
class may be called a novel or abnormal class detection, depending on the application
domain [17].

Learning Deep Features for One-Class Classification (DOC) [17] takes advantage of
the feature extraction network of CNN. Each feature vector that was extracted from input

data represents and keeps a low intra-class variance that is embedded in a feature space
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Figure 9: (a)Training and (b)Testing architecture of DOC. Figure adapted from [17].

for the given class. For that purpose, Perera and Patel [17] introduced two loss functions
are used to assess the quality of the learned deep feature, are called compactness loss and

descriptiveness loss which work together into a parallel CNN model.

Also, DOC uses a compactness-loss to evaluate the closeness (compactness) of the
native class among the learned space features, e.i. Different images of the same class have
to contain a similar feature representation, and it has to allow finding a lower intra-class
distance. Moreover, Perera and Patel [17] uses an external non-native multi-class dataset

to evaluate a descriptiveness-loss where its objective is to find large intra-class distances .

Perera and Patel [17] highlight that these two important characteristics of features
for one-class classification, compactness and descriptiveness, must be satisfied collectively
thus making it possible to learn a more effective representation to achieve a useful feature.

Formally, this optimization objective is by Perera and Patel [17| stated as follows,

g=minlp(r) + Mc(t) (3.16)

g

where [ is compactness loss and [ is descriptiveness loss, and r and ¢ are the training
data corresponding to the reference dataset, and to the given class, respectively, and A is

a positive constant.

In addition, Perera and Patel [17] consider the general case of the supervised deep
learning-based classification model split into two main parts. A feature extraction (g)
network and classifier (h.) network. Furthermore, g is divided into feature-shared networks

(g9s) and learned features networks (g;).

1One objective of multiple-class is maximizing inter-class and minimizing intra-class distances [17].
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In Figure 9 depict DOC proposes two architectures. (a) In training, we use both
target and reference datasets, which are in fed into the network simultaneously. We thus
need to consider two losses, compactness and descriptive loss. Also, Perera and Patel [17]
start their formulation from a pre-trained model. For their purpose during training, they
freeze the (gs) network, and the (g;) as well as (h.) network learns. (b) During testing

phase, we only use the sub-network ¢ to obtain feature extraction.

Finally, DOC initializes two networks with identical weights to aim compactness and
descriptiveness loss are evaluated based on the output of each network. In other words,
Perera and Patel [17] use two kinds of image batches (from native class and non-native
class datasets) for fed networks, respectively, where the native class network is predomi-

nance.

3.5 SiamIDL

To conduct our experiments, we perform classic Re-ID using the same Siamese neural
network by Sumari et al. [9] called SiamIDL. The architecture of SiamIDL is composed as
follows: layers of tied convolution with max-pooling (in which weights are shared across
the two views), cross-input Neighborhood Differences (computes differences in features
values), patch summary convolutional image features (to create a holistic representation
of neighborhood difference maps), across-patch features, higher-order relationships (to
learn relationships across neighborhood differences), and finally, a softmax function to
estimate (score of similarity) whether the two input images are of the same person or
not [51]

1. Tied Convolution: The first two layers of the network are convolution layers that
are used to compute, on each input image, the higher-order features separately. The
layers perform tied convolution in order for the features to be comparable across the
two images in later layers. The shared weights across the two views ensure that the
same filters are used to compute features. As shown in Figure 10, the first input
pairs of RGB images are passed to the first convolution layer through learned filters,
resulting in feature maps being passed through a max-pooling kernel; this halves the
width and height features. Finally, these features are passed through another tied
convolution layer, followed by a max-pooling layer that again decreases the width
and height of the features by a factor of 2. As a result, each input image represented

by 25 feature maps is obtained.
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Figure 10: SiamIDL architecture. Image adapted from [51].

2. Cross-Input Neighborhood Differences: For each input image, a set of 25
feature maps is obtained from the two tied convolution layers, in which is possible
to learn relationships between the two views. A cross-input neighborhood difference
layer produces a set of 25 neighborhood difference maps by computing the differences

in feature values in the two views around a neighborhood of each feature location,

3. Patch Summary Features: A patch summary layer summarizes the neighbor-
hood difference maps (these maps express the rough relationship among features
from the two input images) into a holistic representation of the differences of each
block.

4. Across-Patch Features: The feature outcomes of the learn spatial relationships
across neighborhood differences are computed by convolution layer with 25 filters.
Next, these features are passed through a max pooling kernel to reduce the height

and width by a factor of 2. Similarly, is obtained across-patch features.

5. Finally, a fully connected layer is applied to capture the higher-order relationships
through: a) combining information from patches that are far from each other and b)
combining information from both features. The 500 outputs, the resultant feature
vector, are passed through a ReLu non-linearity, which contains 2 softmax units that
represent the probability that the two images of the pair are of the same person or

of different people.

Also, we use the same implementation by Sumari et al. [9], which used CUHK-03

dataset [60] as a training set containing 7239 images.
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3.6 Bag of Tricks

Recently Luo et al. [50] proposed The Bag of Tricks approach. It has been collected from
the observation of effective training tricks. This approach according resulted from the
observation that most 370 improvements for Re-ID baselines come from neural network
training tricks rather than Re-ID approaches themselves. As a result, Luo et al. [50]
design a strong baseline for person Re-ID. They sum up simple sheep tips to achieve a
successful train of the standard Re-Id model. The backbone used in our training was
ResNet-50 [61].

We use the following parameters to conduct our experiments here. It was initial-
ized the ResNet-50 model with pre-trained parameters on ImageNet, softmaz weight=1.0,
triplet loss weight=1.0, center loss weight=0.0005, and finally, Adam optimization was
adopted. A train was done with the Market-1501 dataset with epochs=200, batch size=64,
and images were resized to 256x128 pixels. Market-1501 contains 12937 images to train

and 19733 images to test.



4 TrADe Re-ID Methodology

In this chapter, we introduce a novel Live Re-ID approach called TrADe, which intends
to improve the performance of practical Re-ID applications. This section presents the
different components of our proposed method and further information about the TrADe

implemented pipeline, i.e., pipeline, dataset, metrics used, and experiments conducted.

4.1 Overview of the Approach

A Live Re-ID pipeline receives as input a short video sequence and a query image. It must
return whether the query is present in the video, as well as information regarding where
and when it appears, as we illustrate in Figure 5. The baseline Live Re-ID pipeline pro-
posed by Sumari et al. [9] uses an object detection model (YOLOv3) to locate pedestrians

in every frame of the video.

The bounding boxes predicted by the model are used to build a search gallery, in which
the query is sought. To do this, a classic Re-ID model is used (SiamIDL by Ahmed, Jones,
and Marks [51]). The issue with this approach is that it generates very large galleries,
containing some very bad images due to errors of the object detector. Search gallery is
graphically depicted in Figure 11, where baseline Live Re-ID was applied to a 2 minutes
segment video from the PRID [13| dataset when is applied the baseline Live Re-ID. Also,
we highlight both correct and wrong cropping bounding boxes that are represented with
white and red colors, respectively. Thus, we can see 764 red-bad bounding boxes (errors)

and 3,507 well-white bounding boxes.

Here, we introduce an approach called TrADe, which is able to reduce the gallery size
and improve the quality of its images. It relies on using a Tracking algorithm to identify
bounding boxes representing the same individual in consecutive frames.Such a sequence
of bounding boxes is called a tracklet. Then, an Anomaly Detection algorithm is used
to select a single good image to represent each of these tracklets. This process generates

smaller search galleries, containing images of better quality. Lastly, a classic Re-ID model
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Figure 11: Errors of search gallery in baseline Live Re-1D.

is applied to the images of the gallery to compute their corresponding similarity scores

with respect to the query image.

In Figure 12. TrADe repeats its process every N video frames input, i.e., over the
first frame TrADe applies an object detection algorithm with the intention of achieving
the initial bounding box (bounding boxes are highlighted), and subsequent N — 1 TrADe
applies a tracking detection algorithm in order to identify the same person in N — 1
consecutive frames (bounding boxes are colorless). Before started again a TrADe’s actions,

it saves IN cropping outcomes as a short track called tracklet with a global identifier.

This figure illustrates the general view of our proposal: (1) and (2) compose the

gallery generation module, and (3) is the classic re-identification module of Live Re-ID.

Figure 13 proper a general overview of TrADe proposal. In the same manner, as
baseline Live Re-ID uses two modules that are composed of two main modules the gallery
generator and the classic Re-ID module. TrADe takes the same address, (1) and (2)
encapsulates the gallery generator module, and (3) classic Re-ID module. Also, the whole
pipeline uses a raw video and a query image as inputs and returns the list of the most
similar detections and their corresponding scores, which are used to decide whether the

query is present in the video. Orange shapes indicate that deep neural networks are used
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Figure 12: Initial bounding boxes for each tracklet. We illustrate an example of a complete
track extracted from 25 consecutive frames where the person’s path inits on the bottom-
right to go up on the top-left.

for the modules.

The gallery generator module is composed of two submodules (1) the frames of video
stream are fed to the object detector, to find the initials bounding boxes that feed follow
step. After, initials bounding boxes are fed to object tracking to generate tracklets of
maximum length N. (2) Anomaly Detector feeds with tracklets generated in (1) in order
to find the best candidate for each of them, thus forming a search gallery. In the classic
Re-ID module (3), the query image of a person is searched in the gallery previously
generated, which outputs a list of images similar to the query, shorted from most similar

to least similar.

4.2 Generating the Tracklets
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Figure 13: Overview of TrADe Live Re-ID.

The first step in TrADe consists in generating short tracklets of consecutive bounding
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Figure 14: Generate tracklets.

boxes representing the same individual. To do this, the first frame of the search video is
processed by the object detection model in order to generate initial bounding boxes. If
no pedestrian is detected in this frame, we keep searching in the following frames until we
have at least one initial bounding box. Then, the detected bounding boxes are provided
to the object tracking model for initialization. The tracker keeps running in the following

frames to generate a sequence of consecutive bounding boxes, called a tracklet.

In order to illustrate this, we present Figure 14 and as we mentioned above TrADe
applies an object detection (YOLOv3) algorithm with the intention of achieving the initial
bounding box, we then use these bounding boxes to input TrADe’s object tracking (Re3)
algorithm on the following N —1 consecutive frames. Besides, we highlight initial bounding

boxes at beginning of each tracklet, and each tracklet is represented by same color box.

One of the main issues with modern tracking algorithms is known as the label-
switching problem. It happens when people cross (bounding boxes overlap), or when
one goes out of the frame and another enters a few frames later at a nearby location.
This can lead to very long tracklets, containing different persons, which is an undesirable
property for TrADe. Indeed, as TrADe only selects a single bounding box to represent
an entire tracklet, if several persons appear in the same tracklet, some might not be rep-
resented in the final gallery. To address this issue, we force TrADe to generate small
tracklets by fixing their maximum size. We define as N the maximum tracklet length,
which is a user-defined parameter. In practice, whenever a tracklet contains N frames,
it is stopped. Then, the object detection model is run every N frames to initialize new
tracklets, representing people who entered the camera field of view during the video. The

influence of the parameter N on Live Re-ID results is evaluated in our experiments.
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4.3 Selecting a Single Image to Represent a Tracklet

Once short tracklets have been generated by the above module, we want to select a single
good image for each tracklet to enter the search gallery. A good image is defined as a
properly cropped image containing the entire body of a single human being. By doing
this, we aim to remove badly cropped images that were shown to decrease Live Re-1D
performance by [9]. In other words, we want to generate galleries that contain images

belonging to the same domain as most classic Re-ID training datasets.

To select the representative image for a tracklet, we use an anomaly detection approach
called DOC [17]. It is a one-class classifier that is trained to distinguish good images for
Re-ID from bad ones. The DOC anomaly detector is composed of two parts, a feature
extraction network that produces a representation adapted to identify bad human images,
and a classifier network, which produces a score representing the “goodness” of the input
image. This score is then used to select the best image of the tracklet, i.e., the one with

the highest score.

In Figure 15 clearly shows the outcome over a simple trajectory from consecutive
frames of video segments. We depicted, after once having tracklets generated, to apply
TrADe’s anomaly detection (DOC) algorithm of each tracklet. We highlight best bounding
boxes chosen by DOC at each tracklet, and everyone else in each tracklet is represented

by same color box.

4.4 Practical Implementation Choices

Here, we present the practical implementation details to reproduce our results. The

complete code is available on GitHub https://github.com/luigy-mach/TrADe.
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4.4.1 Pedestrian Detection

For our proposes, we prepared the model with the following settings:

1. The network only uses a class corresponding to the person (pedestrians) and

2. A limited threshold of Intersection Over Union.

Intersection Over Union (IoU) helps us benchmark the accuracy of the model predictions.
During our evaluation (Section 4), we established the IoU by 0.5 to generate bounding
boxes of pedestrians in a specific frame, as we can see in Figure 4, scored above 50%

considered the threshold for good detection.

Henceforth, we refer to the detection under specific application scenarios, i.e., pedes-
trian detection. Inside our TrADe pipeline, YOLOv3 acts like a detector pedestrian to
initialize bounding boxes to lead pedestrian tracking. As we can see in Figure 13, YOLOv3
is called in three main cases.

1. When is the frame, T' = 0, in the sequences of video,
2. Whether in the current frame, T, does not have any bounding box of a pedestrian.
3. If either some tracklet is full (N) or the iteration pipeline according to a frame (V)

is complete.

We use the pre-trained version of YOLOv3 proposed in TensorFlow, which was trained
on PASCAL VOC 2012 [27], containing 20 classes. The backbone for YOLOv3 is Darknet-
53.

We prepared the model as follows:

1. the network only uses the “person” output class,

2. all bounding boxes with classification score below 0.5 are rejected.

4.4.2 Pedestrian Tracking

For tracking, we used the pre-trained Re3 model from the official repository!. It was
trained using ImageNet Large Scale Visual Recognition Challenge (ILSVRC) 2016 [58|

https://github.com/danielgordonl10/re3-tensorflow
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Object detection from Video Dataset (Imagenet Video) and the Amsterdam Library of
Ordinary Videos 300++ [59]. It is a Tensorflow implementation over CaffeNet’s pre-

trained weights.

4.4.3 Anomaly Detection

To be able to train the DOC classifier, we need sufficient example images of the target
class (good images for classic Re-ID), as well as non-target class (representing non-class
person images). To build this DOC training dataset, we use a subset of the CUHKO03 [60|
Re-ID dataset as a class target, and the non-target class is collected from the VOC2012

dataset [27| (all classes except person class).

4.4.4 C(lassic Re-ID

We experimented TrADe with two different classic Re-ID approaches. The first one is
SiamIDL [51], and we use the same implementation as [9], trained on CUHK-03 [60]. We
also use a more recent approach called BoT (Bag of Tricks) [50]. The backbone used in
our training was ResNet-50 [62]. We used ImageNet pre-trained weights for initialization

and fine-tuned the BoT Re-ID model using the Market-1501 [63] dataset.

4.5 Experimental Evaluation

In this section, we describe the details of the experimental evaluations conducted in this

work.

4.5.1 Dataset

To the best of our knowledge, today there is only one public dataset that can be used
to evaluate complete Live Re-ID pipelines, which was introduced in [9]. It is a modified
version of the PRID-2011 dataset [13], based on the raw video footage and the original

annotations that were used to create the official version of PRID2011.

The PRID-2011 videos were collected from two non-overlapping cameras located in
Graz, Austria. The live PRID dataset was extracted from two cameras (cam A and cam
B). Cam A has a duration of 1h 0Im 52s and cam B has 1h 06m 39s. Furthermore,
It contains 385 identities for the first camera and 749 for the second, with 200 shared
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Figure 16: PRID 2011 dataset. Adapted from [13]

identities across both cameras. The modified PRID (live PRID) dataset contains several
two minutes videos (63), and for each short video, it has a ground truth file associated
with information about each individual it contains. For evaluation, we consider 73 queries

in total.

In Figure 16 shows the scenarios where videos are taken to generate PRID2011 dataset.
(a) The dataset consists of two videos recorded multiple-person trajectories recorded from
two different cameras. Both cameras contain a viewpoint change and stark differences
in illumination, background, and camera characteristics. (b) PRID2011 contains 385
identities for camera A and 749 for camera B, both have 200 shared identities, i.e., a

person with ID 001 in camera A corresponds to a person with ID 001 in camera B.

To evaluate TrADe, we apply the same evaluation methodology as [9]. We select
ten videos of two minutes from each camera. Between each pair of videos, we select
the persons who appear in both cameras. Approximately the first four query images for
each video were selected and exchanged between each video by ensuring that each query

appears at least in one frame. In total, our evaluation consists of 20 videos and 73 queries.

Using the notations from [9], we use the following parameters for our Live Re-ID

pipeline:

e The number of frames for video splitting (7) is set to 1000, which was the best value

from [9] experiments.

e For 3, the threshold on Re-ID scores for generating an alert to the monitoring agent,
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we use values between 0 and 1 with a step size of 0.02.

e The number of candidates shown to the monitoring agent (n) is set to 20, which

was also the best value in [9].

4.5.2 Evaluation Metrics

We use the following evaluation metrics [9):

e The Finding Rate (FR) is the proportion of short videos such that the query was
present and presented to the monitoring agent. A low FR occurs when the query is

missed frequently.

e The True Validation Rate (TVR) is the proportion of alerts raised to the agent such
that the query was among the presented candidates. A low TVR occurs when the

monitoring agent was frequently unjustified disturbed.

The next equations, 4.1 and 4.2, define the metrics FR and TVR, respectively:

TC

Fh= TC +TMC + FS (4.1)
TC

TVE= TC +TMC + FC (42)

To better present the results, we use the following two metrics to ease the interpreta-
tion of TrADe Re-ID results:

e Similarly to the mean Average Precision (mAP) for standard object detection ap-
proaches, we compute the area under the TVR wvs FR curve and call it mAP by
analogy. This allows to present results that are independent of the threshold .

e Similarly to the F-score computation, as shown in Equation 4.3, for precision and

recall, we compute the Fi score for FR and TVR as their harmonic mean.

FR-TVR
(72 -FR) + TVR

F,=(1+7%) - (4.3)

However, each value of the threshold 3 involves a different value of F}. To address this

problem, we use the optimal configuration for F} and call it F}* (see [64]). In other words,
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it corresponds to the highest value of F; among all possible values of 5. An F} of 1 means
that there exists a Re-ID threshold  such that the Live Re-ID pipeline works perfectly.
When single values of FR and TVR are reported, they are the ones corresponding to the
optimal F} threshold. Equation 4.4 describe a F} formula.

FR-TVR
Fr =(1+1%)-
== 1) G pRy S VR
FR-TVR
FR + TVR

(4.4)

4.5.3 Comparison with Other Approaches

Our TrADe Re-ID approach for Live Re-ID is compared against the baseline presented
in |9], which corresponds to the limit case when the maximum length of the tracklet (V)
is set to one. To evaluate if the benefits of TrADe are only due to the reduced gallery
size, we also compare TrADe against a simpler approach for gallery size reduction, which
we call Skip. It consists in simply running the YOLOv3 object detector once every N
frames, where N is the maximum tracklet size for TrADe. This simple approach generates
galleries of the same size as TrADe and allows us to evaluate the impact of the anomaly

detection component of TrADe.



S Results

In this chapter, we present and discuss the results obtained with TrADe. To evaluate
TrADe method we use live-PRID dataset (see Section 4.5.1) proposed in order to validate
the effectiveness of our new strategy for Live Re-ID deployment. The evaluation process
includes F-score, and mean Average Precision (mAP) metrics (described in Chapter 4).
Furthermore, we display the results over live-PRID dataset in order to compare both
TrADe and classic Live Re-ID proposed by [9].

For experimental results, we test all values of N between 1 to 80 with a multiplication
step size of 2, where the immediate value after 1 is 5, i.e., N € {1,5,10,20,40,80,...}. In
addition, we use a Skip notation to reference to Live Re-ID that was applied to every
N frame in order to compare with our proposal(see Section 4.5.3). And finally, we use
two different Classic Re-ID models in order to reach our assumptions. We use two classic
Re-ID models, SiamIDL and BoT.

Our results demonstrate that the TrADe proposal represents a significant improvement

in state-of-art and is sufficient to draw our conclusions.

5.1 Qualitative Observations

Figure 20 clearly illustrates the process of TrADe methodology. TrADe aims to improve
the performance of Live Re-ID systems, and intuitively reduce the time processing in
classic Re-ID module, because performs a drastic reduction of search gallery. We observe

in the contrast between Figures 20(a & b).

So, Figure 20(a) denoted massive bounding boxes from a short video segment, that
was observed in baseline Live Re-ID, which takes more effort and delays to classic Re-ID
module. Also, this approach is prone to errors as the generated galleries are very large
and contain a large quantity of poorly cropped human bodies. We illustrated these bad

bounding boxes in Figure 11 where highlight error with red boxes.
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Also, Figure 20(b) describes the outcomes of object detector and object tracking in
order to create tracklets. It is a core behind TrADe approach because we need to group
(e.i, link between sequence frames) bounding boxes to connect short tracks (tracklets),
i.e., consecutive boxes displaying the same person, represented by adjacent boxes with the
same color. And finally, Figure 20(c) shows a dramatically reduced search gallery because
TrADe uses an Anomaly Detector to select a single, good, and representative bounding
box of each tracklets and, consequently, improve the quality and reduce the number of

items in search gallery.

5.2 Performance of TrADe

FR  TVR F;  mAP
Baseline [9] 0.544 0.196 0.289  0.104

SiamIDL  Skip 0.792 0.500 0.422 0.258
TrADe 0.823 0.500 0.439 0.279
Baseline [9] 0.506 0.188 0.268  0.095

BoT Skip 0.835 0.387 0.463 0.302
TrADe 0.886 0.372 0.481 0.317

Table 1: live-PRID results. Results obtained with different Live Re-ID approaches
(including TrADe) on the live-PRID dataset. These results are for N = 20.

The results obtained with different approaches are reported in Table 1. The results
presented are for N = 20, which produces a good trade-off between gallery size reduction

and loss of information.

We can see that for both classic Re-ID approaches (SiamIDL and BoT), it is generally
a good idea to reduce the gallery size. Indeed both the simple approach (Skip) and TrADe
perform significantly better than the baseline from [9]. This means that galleries generated
by simply using the object detector on every frame are too large to be processed correctly

by the classic Re-ID models and generate noise.

We can also see that TrADe performs almost always better than Skip. This means
that using the Anomaly Detection module for selecting good images to represent tracklets
is a good idea for Live Re-ID. Overall, these results confirm that TrADe is a promising
approach to address the Live Re-ID problem, leading to significant improvements over

the current state-of-the-art baseline proposed in [9].
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5.3 Influence of the Maximum Tracklet Size N

Method cam Aypp cam Bypp
Skip 138190 96559
TrADe n—5 27849 20102
TrADe n—10 14006 10299
TrADe n—29 7094 5315
TrADe N=40 3610 2371
TrADe n—go 1935 1536

Table 2: Influence of N in size of search gallery. We use raw videos of PRID [13] dataset.
Video length in camera A is 1:01:52 hours and in camera B during 7:06:39 hours..

0.8 ot -
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Figure 17: Influence of N on mAP and Fy. These graphs show the values taken by two
important metrics (mAP and F}) for different values of the hyperparameter N. We do
not forget that TrADe methodology sets value N = 1 to represent a Skip methodology.

Here, we discuss the influence of the hyperparameter N, which is the maximum length
of a tracklet on the Live Re-ID results obtained with TrADe. We test different values of
N on a log-scale: N € {1,5,10,20,40,80,...}, in both classic Re-ID algorithms(i.e., SiamIDI
and BoT), and the curves representing the evolution of F}', mAP, and the time required
to run classic Re-ID on the generated gallery. For this purpose, both raw videos of Live
PRID are fed to TrADe in order to generate search galleries We must not forget that
TrADe methodology sets value N = 1 to represent a Skip methodology.

Figure 17 shows that increasing N helps to improve the TVR (True Validation Rate).
This makes sense as larger values of N lead to smaller galleries, containing less misleading

images, which in turn generate fewer false alarms. On the other hand, we can see that this



5.3 Influence of the Maximum Tracklet Size N 51

0.0100

—— BoT
- - SiamIDL
2£0.0075
2.0.0050
9
£ 0.0025
0.0000{ ¥ ‘.
1 5 10 20 40 80

Maximum tracklet size (N)
Figure 18: Influence of N in time of reidentify.

pattern is less clear for the FR (Finding Rate), which starts decreasing for BoT when N is
above 20. This also makes sense, because when we allow very long tracklets, some persons
will not appear in the final gallery due to the label switching problem (see Section 4.2).

For these reasons, we used a value of N = 20 in the experiments of Section 5.2.

The second result is that the classic Re-ID processing time appears to decrease dras-
tically as we increase the size of the tracklet N (Figure 18). This makes intuitive sense,
as when N increases, the size of the gallery decreases, and by extension the classic Re-ID
module needs to process fewer images. We also note that the time decreasing effect is less
pronounced when N exceeds 20. This is because most images in the gallery can already

fit in a single batch for GPU processing at that point.

In order to highlight a drastic reduction size of the search gallery we present a Table 2.
For our purpose, we use the two raw videos of Live PRID that were extracted from two
cameras (A&B). Video length in camera A is 1:01:52 hours and in camera B during
1:06:39 hours. In this Table, we observe that as the value of N increases, the size of the
search gallery decreases, which means that the classic Re-ID module has to process fewer
images. This relationship makes intuitive sense, making us think that the best value is
the highest of N. However, as shown in Figure 19, the Average precision does not increase

in the same proportion of V.

Additionally, we present a curve of Average Precision in the same manner as our
previous work [9] in order to evaluate whole performance pipeline of Live Re-ID. So, the
influence in N becomes an appropriate indicator for emphasizing in the improvement of

AP metric, as we can see in Figure 19.
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Figure 19: Influence of N in Average precision of TrADe pipeline.
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(a) YOLOv3 gallery

(b) After Tracking

(c) TrADe gallery

Figure 20: Intuition behind TrADe Live Re-ID



6 Conclusions and Future Works

In this work we addressed the Live Re-ID problem, which uses raw videos as search
galleries instead of manually cropped full-body images. A first baseline approach for Live
Re-ID was proposed in our previous work [9], using object detection to generate a search
gallery, and classic Re-ID to find the query in the gallery. A major issue with this baseline
is the fact that the galleries obtained are too large, and contain outlier images, which do

not represent human bodies.

Our proposal is to use a tracking algorithm to identify when successive bounding
boxes are of the same individual, and group them as tracklets. Following, an anomaly
detection model is used to select the “most normal” image of each tracklet. This approach
is called TrADe and generates lower galleries than the baseline, with fewer outliers. Our
experimental results confirm that TrADe performs much better than the baseline, TrADe

is a significant step toward building better Re-ID applications.

We also present two ideas that could be explored in the future. First, our pipeline uses
several deep neural networks that were all pre-trained on ImageNet (initial layers). Hence,
we could speed up the pipeline considerably by building a single architecture and sharing
the generic first layers of the neural network, used among the four modules based on
deep learning. A second promising idea would be to consider not only a single image per
tracklet, but rather several good quality images that are complementary, i.e., representing
different poses of a person. The good results obtained recently on the video-based Re-1D

setting [7] suggest that this could have a positive impact on Live Re-ID results.
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