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Sunlight bright upon my pillow

Lighter than an eiderdown

Will she let the weeping willow

Wind his branches round

Julia dream, dreamboat queen, queen of all my dreams

Every night I turn the light out

Waiting for the velvet bride

Will the scaly armadillo

Find me where I’m hiding

Julia dream, dreamboat queen, queen of all my dreams

Will the misty master break me

Will the key unlock my mind

Will the following footsteps catch me

Am I really dying

Julia dream, dreamboat queen, queen of all my dreams

Pink Floyd - Julia Dream
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Abstract

One of the most challenging problems in automated surveillance in

large camera networks is how to integrate information coming from

different cameras; in particular the most recent topic to generate inter-

est in surveillance is People Re-identification in images and video

archives. People re-identification can be defined as the task of as-

signing the same identifier to all the instances of the same object or,

more specifically, of the same person, by means of the visual aspects

that have been captured and extracted from multiple images or videos

from different cameras.

In this thesis two novel approaches to people re-identification are pre-

sented: SARC3D, based on non-articulated 3D body models, and its

extension to articulated 3D body models. The adoption of 3D body

models is quite new for re-identification and has not been explored

much as a solution in the past. 3D body models allow to spatially map

and locate appearance descriptors on a 3D surface. People matching

and view integration are directly handled on the 3D body model, re-

ducing the effects of occlusions, partial views or pose changes which

normally afflicts holistic 2D descriptors.

Additionally, in the following chapters a thoroughly examination of

the state of the art of re-identification algorithms and datasets is given

and a novel approach to people orientation estimation is presented,

a fundamental step for the correct alignment of 3D models and 2D

surveillance images.

A complete experimental evaluation of the proposed methods is re-

ported.
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Chapter 1

Introduction

Traditional CCTV networks are today quite diffuse and pervasive in our everyday

life; especially since 9/11 security issues have become one of the top priorities for

governments around the world, so much so that most city-wide CCTV networks of

today have grown to enormous size, and are composed by thousands of cameras

or even more. Famous are the cases of London and New York, in which the

numbers of active CCTV cameras has reached the millionth mark. Even smaller

towns, like Modena, feature more than a thousand CCTV cameras.

In traditional CCTV systems, video streams are transmitted to a central lo-

cation, displayed on one or several video monitors and recorded. Security per-

sonnel observe the video to determine if there is ongoing activity that warrants

a response. Given that such events may occur infrequently, detection of salient

events requires focused observation by the user for extended periods of time.

However, the volume of information generated by large, modern, CCTV net-

works is so large, that humans alone cannot process anymore the data they gen-

erate. Computer vision offers some of the tools necessary to offload most of the

surveillance tasks onto computers; as an example latest commercially available

video surveillance systems attempt to reduce the burden on the user by employing

video motion detectors to detect changes in a given scene, or to detect trespassing

into secured areas.

In the last decade the computer vision research field has witnessed impres-

sive advancements in pattern recognition and machine learning techniques. These

advancements have resulted in the production of more effective systems and appli-
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cations for both surveillance and forensics industries, and consequentially an ever

increasing demand for these products. Systems and tools for forensic analysis of

faces, fingerprints and other biometric parameters along with smart surveillance

of people and urban environments are spreading; illustrating their relevance to

the security industry. This expanding market is a strong catalyst for new research

to solve unresolved problems concerning video and multimedia data. Most of the

challenges stem from the need to understand the content of an enormous amount

of visual data.

We can generally speak of people analysis in terms of its relevance to security,

which has embraced many topics deeply rooted in the field’s research over the last

decade. Some of these topics include: moving target detection; which has been

dealt with in surveillance using background subtraction techniques [168]; people

tracking; which exploits time coherency to follow the same object/person along

time and space [212]; and people detection by appearance; which adopts machine

learning techniques for object (and in particular human and pedestrian) detection

[61, 97, 196]. Finally, many studies regarding action and behavior classification

that aim to recognize the posture (static), action (short term) or global behavior

(long term) of monitored individuals are drawing great interest; as highlighted

by Gorelick et al. [93].

One of the most challenging problems in automated surveillance in large cam-

era networks is how to integrate information coming from different cameras; in

particular the most recent topic to generate interest in surveillance is People

Re-identification in images and video archives.

1.1 People Re-Identification

People re-identification can be defined as the task of assigning the same identifier

to all the instances of the same object or, more specifically, of the same person, by

means of the visual aspects that have been captured and extracted from multiple

images or videos from different cameras.

With this premise, people re-identification aims to answer questions such as

“Where have I seen this person before?” [215], or “Where has he gone after

being caught on this surveillance camera?”. In order to understand the role of
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people analysis for security, let us first define the terms “detect, classify, identify,

recognize, and verify” as provided by the European Commission in EUROSUR-

2011 [85] for surveillance:

• Detect : to establish the presence of an object and its geographic location,

but not necessarily its nature.

• Classify : to establish the type (class) of object (car, van, trailer, cargo ship,

tanker, fishing boat).

• Identify : to establish the unique identity of the object (name, number), as

a rule without prior knowledge.

• Recognize: to establish that a detected object is a specific pre-defined unique

object.

• Verify : Given prior knowledge on the object, can its presence/position be

confirmed.

In agreement with the EUROSUR definition, re-identification lies in between

identification and recognition. It can be embraced in the identification task as-

suming that the goal of re-identification is to match people’s aspects using an

un-supervised strategy without prior knowledge. One application is the collec-

tion of flow statistics and extraction of long-term people trajectories in large-area

surveillance. Re-identification allows a coherent identification of people acquired

by different cameras and different points of view, merging together the short-term

outputs of each single camera tracking system.

Re-identification can also be associated with the recognition task whenever a

specific query with a target person is provided and all the corresponding instances

are searched in a large database. Multimedia forensics searching for a suspect

within the database of videos from a crime associated neighborhood or a visual

query made in an employer database are practical examples of its application

as a soft-biometric tool. This is suitable in cases of low resolution images with

non-collaborative targets and when biometric recognition is not feasible.

Re-identification works on the exterior appearance usually acquired by noisy

cameras, which makes impossible to extract and associate precise measurements
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such as biometric features. For this reason, re-identification methods have to

address various hard challenges associated with illumination variability, differ-

ent video hardware, pose variations, different viewpoint and even changes in

the clothing appearance. Figure 1.1 shows some examples of the challenges re-

identification methods are faced with: all images shows the same person viewed

by different cameras, under different light condition over several days.

Figure 1.1: Different snapshot of the same pedestrian viewed by different cameras,
under different light condition over several days

Thus, people re-identification by visual aspect is emerging as a very interesting

field and future solutions could be exploited as a tool for soft-biometric technology,

long term surveillance, or support for searching in security-related databases.

1.2 Similarities and dissimilarities between Re-

Identification, Tracking and Biometric Recog-

nition

Most methodologies of people re-identification are shared with two other well-

known approaches; people tracking and biometric recognition. These both re-

quire matching multiple instances of the same person in a video sequence but

are characterized by different aims. People tracking (and, more generally, object
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tracking) mainly focuses on “maintaining an accurate representation of the ob-

ject state and position given measurements” [84]. On the contrary, biometry is

devoted to find the exact identity of each piece of evidence. Different conditions

and hypotheses on the spatio-temporal continuity allow us to recognize specific

differences between the three themes. If the frame rate is sufficiently high, image

patches containing people from consecutive frames of a video sequence will satisfy

four different continuity conditions, with exception to small variations in:

• Position, both in the 3D space and in the 2D camera image plane;

• Point of view, even if the camera is moving;

• Appearance, mainly in reference to clothing style, texture and color;

• Biometric profile, which is constant and discriminative for each person.

Commonly, tracking algorithms are based on all the previous hypothesis of con-

stancy and they try to solve additional challenges such as illumination changes,

noise, occlusions and so on.

Different from people tracking, the re-identification task aims to match people

instances during a time delay and/or a change in point of view. These invalidates

the first two continuity constraints, while the global appearance, in addition to

the biometric profile, are preserved (See Table 1.1).

Thus, re-identification becomes a suitable approach for providing data associ-

ation when different images of people are captured without a sufficient temporal

or spatial continuity. This works best in a scenario with a relatively short time

period, guaranteeing the constraint of a similar visual appearance. In reality,

re-identification cannot be applied to find similarities among people after several

days due to likely alterations in their visual appearance, i.e. a change of at-

tire. Biometric recognition can overcome these constraints by working on highly

discriminative and stable features computed on the face, iris and fingerprint.

The distinction between tracking, re-identification and biometry are slowly

fading, leaving behind a plethora of methods which fall in-between the two classes.

Examples include soft-biometry [109] and tracking algorithms by data associa-

tion. Some tracking algorithms designed to handle occlusion issues relax temporal
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Table 1.1: Continuity constraints imposed by people tracking, re-identification
and biometric recognition

People tracking People re-identification Biometric recognition
Continuity of:

Position   
Point of view   
Appearance   
Biometric profile   

continuity constraints and resemble re-identification in the way that they share

similar methodologies. In addition, the recent“tracking-by-detection” approaches

[9] that aims to link the detections of the same individual without requiring the

prediction steps of position or appearance, alleviate the restriction of the first two

continuity constraints.

1.3 Thesis Overview

In this thesis a novel 3D based re-identification method and its evolution are

presented. Chapter 2 presents a detailed survey of the state of the art in People

Re-identification, the chapter gives a detailed description of the characterizing

aspects and main issues concerning the methods specifically designed for Peo-

ple Re-identification, categorized through a novel multidimensional taxonomy.

Chapter 3 presents the datasets, the evaluation metrics and benchmarks for peo-

ple re-identification algorithms. It also details two new datasets developed by the

author of this thesis, namely the ViSOR dataset and the 3DPeS dataset,

two novel datasets specifically designed for people-reidentification algorithms test-

ing. Chapter 4 presents in great details the main proposal of this thesis, a novel

re-identification method based on non-articulated 3D human body models called

SARC3D, all the necessary steps leading to the model creation and usage in

re-identification are given, together with a thoroughly experimental evaluation

on the newly developed dataset 3DPeS. The new system has been extended to

articulated 3D human body models as detailed in Chapter 5. A full experimental
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evaluation of the proposed methods is reported in Chapter 6.

7



Chapter 2

Re-Identification: State of The

Art

This chapter gives a detailed description of the state of the art, the characterizing

aspects and main issues concerning the methods specifically designed for People

Re-identification. A conceptualization of the re-identification task is provided,

by describing in detail the different dimensions of the current problems and pre-

viously proposed solutions through a novel multidimensional taxonomy All the

issues and challenging aspects of people re-identification are tackled, describing

the solutions proposed in the past, starting from the first attempts with holistic

descriptors to the more recent 2d body model based approaches.

2.1 Re-identification: a multidimensional overview

Research in surveillance and people analysis for security has been thoroughly

focused on people re-identification during the last decade which has seen the

exploitation of many paradigms and approaches of pattern recognition. Despite

best efforts, no consistent or conclusive results have been published.

To better understand the similarities and commonalities of the approaches

at hand, a multidimensional taxonomy of the problem is exploited. Instead of

adopting a hierarchical taxonomy where a classification criteria is placed at each

level (such as in the work by Aggarwal and Cai [1]), Re-Identification approaches
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are categorized through a multidimensional space as illustrated in Figure 2.1. Re-

identification approaches can be characterized by differences in Camera Settings,

the Sample Set cardinality, the Signature (or feature set), the adoption of a Body

Model, the exploitation of Machine Learning techniques, and the Application

Scenario.
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Figure 2.1: Multidimensional taxonomy for people re-identification algorithms

The first relevant dimension is the Camera Setting, which defines the type

of recorded visual data and the global layout of the available cameras being ex-

ploited. The capabilities of a re-identification solution depend on the assumptions

made about the known fields of view (FoVs) and the acquisition system. Hold-

ing information about the camera setting means the re-identification task can

exploit many geometric and temporal relations while also examining color and

spatial constraints from different views. We can distinguish four main situations

that usually arise: same camera, overlapping cameras, calibrated disjoint cameras

and uncalibrated disjoint cameras. The last case includes contexts without any

knowledge of the camera placement or device setting and incorporates all possible

datasets acquired from private image collections, mobile devices, web providers,

social networks or any other possible data source.

The second dimension is the cardinality of the Sample Set. Depending on

the application, scenario and the data availability; the re-identification process

can amalgamate multiple samples of the same person. However, the most frequent
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cases present us with a single shot of the targeted individual. This situation is

typical of current forensics applications of people recognition where the visual

aspect is extracted from a single picture or video frame. In the context of video

surveillance, the input data produced is a video with known camera settings using

a tracking system capable of capturing more images of the same person. The

increased availability of shots means it can be utilized as an effective tool in video

surveillance. In this dimension, re-identification solutions can be accordingly

divided into Single Shot and Multiple Shot approaches.

One of the most important space dimensions is the Signature, which specifies

the set of features collected from the samples and used to provide a discriminative

profile for each person. Re-identification algorithms are required to extract a

compact and representative signature of each detected instance. The feature

composing the people signature is one of the most distinctive aspects of all pattern

recognition problems. A signature can be based on a single or a combination

of features that include Color, Shape, Position, Texture, and Soft-biometry ; all

specific to the human form.

Partially related to the previous dimension, the fourth dimension is the spa-

tial level mapping on a Body Model. Extracted features can be computed on

different spatial levels, varying from holistic features computed on and describing

a Region of Interest, to local descriptors extracted from local patches. In the last

case, the local descriptors can be grouped in a global set or mapped to a body

model, preserving the spatial location of each descriptor. Prior knowledge of the

generic human shape and structure can be exploited to localize the extracted

visual features. Model-based localization provides a more coherent and accurate

representation of the image and grants the correct comparison of corresponding

body parts. Problems that arise from occlusions and segmentation errors can be

minimized. For instance the straightforward ambiguity of “white shirt and black

pants” versus “black shirt and white pants” can be solved. While simplified 2D

models have traditionally been the most commonly used, recent years have seen

the introduction of few proposals using paradigms based on 3D body models.

More precise body models and signatures usually call for more accurate input

data (Region of Interest, RoI). This usually comes from a simple Bounding box

(BB) obtained with a people detector, to a pixel-wise Silhouette (SIL) obtained
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by a precise foreground segmentation, to a set of Body parts (BP) segmented and

classified from the person silhouette in a deterministic, fixed or learned manner

(see examples in Fig. 2.2).

The fifth dimension corresponds to the exploitation of Machine Learning al-

gorithms during the re-identification process. In the past, this approach has been

used in three different steps; learning the color transformation among different

cameras, creating a more discriminative signature and tuning the distance met-

ric among samples. Supervised or semi-supervised Machine Learning algorithms

greatly improve re-identification performance, but require a fully representative

training set.

The specific Application Scenario is the case where the re-identification

task is exploited and does happen to define some constraints and peculiarities. For

example, in outdoor surveillance the image resolution is usually insufficient for the

computation of biometric features or the adoption of a detailed 3D body model.

At the same time, real-time processing in surveillance may guarantee sufficient

frame synchronization for the management of multiple overlapped cameras.

Fig. 2.1 summarizes the six dimensions which provide us with over a thousand

different combinations of parameters and solutions. However, not all the combi-

nations are significant and feasible. In the following sections we provide a review

of the literature that is consistently classified with the proposed six dimensional

space.

Figure 2.2: From left to right: Region of Interest: bounding box by people de-
tection, complete pixel-wise silhouette from foreground segmentation, face/body
part segmentation and classification. Examples of body models: three horizontal
fixed slices [5, 123, 160], ten slices [34], symmetry based parts [80], five human
body parts [19]
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2.2 Fifteen years of research in re-identification

Since the paper by Cai and Aggarwal [41] first described an attempt to follow

the same person using a multi camera scenario, roughly one hundred papers on

the subject have been proposed, which have been classified and summarized (see

Tab. 2.1). Instead of providing a detailed description of each proposed method,

our discussion focuses on the peculiarities, requirements, and advantages of the

various techniques using the reference multidimensional taxonomy introduced in

the previous section.

Ref. CAMERA

SETTING

SAMPLE

SET

SIGNATURE BODY

MODEL

DATASET

RE-IDENTIFICATION FOR TRACKING

[121] Same

Med-res.

Indoor/Outdoor

Single Color [RGB], Shape, Texture

HOG and Covariance

none Caviar,

Trecvid08

and ETH

[39] Same

Med-res.

Single Color [RGB], Shape

RGB Histogram, Gradients

and Optical Flow

none ETHZ

Central,

TUD

crossing,

i-Lids,

UBC

Hockey,

ETHZ

Soccer

[122] Same Calib.

Disj.

Med-res.

Multiple Color [RGB], Shape, Texture

RGB Histogram, Covariance

Matrix, HOG

none CAVIAR,

TRECVID08

[188] Calib. Disj.

Med-res.

Single Shape

RGB Histogram

none CAVIAR,

Vide-

oWeb

[90] Calib. Disj.

Med-res.

Indoor

Single Color [RGB]

RGB Histogram

none p.v.

[30] Overlapping

Med-res.

Single Color [RGB]

RGB Histogram

none p.v.

[198] Same

Indoor/Outdoor

Single Color [n.a.], Texture

Head appearance

none p.v.

[209] Same

Indoor

Single Color [rg]

Color histogram, face and

voice

none p.v.

continued on next page
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continued from previous page
Ref. CAMERA

SETTING

SAMPLE

SET

SIGNATURE BODY

MODEL

DATASET

[65] Same Un-

cal. Disj.

Calib. Disj.

Hi-res.

Single Color [HSV]

bag of soft biometric features:

Eye, hair, skin and clothes

color, eyeglasses, beard and

mustache presence, weight

none p.v. ,

Caviar,

ViPER

[4] Uncal. Disj.

Hi-res.

Indoor

Multiple Color [RGB]

Bodyprints

3D - 90

stripes

p.v.

[144] Uncal. Disj.

Med-res.

Indoor

Single Color [RGB,YCbCr,HSV],

Texture

Color, Schmid and Gabor

texture features

none i-LIDS

(MCTS)

[141] Overlapping

Med-res.

Outdoor

Multiple Color [HSV], Position

Color histogram and feet po-

sition

none PETS2009,

Caviar

[56] Uncal. Disj.

Med-res.

Outdoor

Multiple Color [RGB]

Appearance mask

none PETS2010

[114] Uncal. Disj.

Med-res.

Indoor

Multiple Texture

SIFT and ISM

none CasiaA

[115] Same

Med-res.

Indoor

Multiple Texture

SIFT on infrared images

none Casia

Infrared

dataset

[3] Calib. Disj.

Lo-res.

Indoor/Outdoor

Single Color [several], Shape, Tex-

ture, Position

2D - grids Viper,

p.v.

[132] Overlapping

Hi-res.

Outdoor

Single Position

Adaptive homographies at dif-

ferent levels

none p.v.

[55] Uncal. Disj.

Hi-res.

Indoor

Multiple Color [RGB]

Color-position histogram

2D - LTH

with fixed

slices

p.v.

[203] Calib. Disj.

Lo-res.

Outdoor

Single Color [RGB], Position

Color histogram and position

none ViSOR

[12] Overlapping

Hi-res.

Indoor

Single Color [n.a.], Position

Position on the ground plane

and image appearance

none Sport

videos

[129] Overlapping

Hi-res.

Indoor

Single Position

Vertical axis and homography

projections

none p.v.

[206] Overlapping

Lo-res.

Outdoor

Single Color [RGB]

Color histogram

2D - body

parts

p.v.

continued on next page
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continued from previous page
Ref. CAMERA

SETTING

SAMPLE

SET

SIGNATURE BODY

MODEL

DATASET

[112] Overlapping

Lo-res.

Outdoor

Single Position

Feet position

none PETS2001

[95] Uncal. Disj.

Lo-res.

Outdoor

Single Color [RGB, HSV, YCbCr],

Texture

Mean values

rectangular

stripes

ViPER

[105] Same

Med-res.

Indoor

Single Color [RGB], Texture

SIFT and color autocorrelo-

gram

none Caviar

[108] Overlapping

Med-res.

Outdoor

Single Position

Feet position and body height

2D rectan-

gular with

fixed height

p.v.

[111] Calib. Disj.

Hi-res.

Outdoor

Multiple Color [RGB], Position

Feet position and brightness

transfer function

none Online

cameras

[44] Overlapping

Lo-res.

Outdoor

Single Shape, Position

Feet and head position, verti-

cal axis

none ViSOR

[52] Uncal. Disj.

Med-res.

Indoor

Single Color [YCbCr], Texture

Mean color, cov. matrix and

others

none Torino

metro

station

[49] Uncal. Disj.

Calib. Disj.

Med-res.

Single Color [RGB]

RGB histogram + cali-

brazione + camera network

topology

none p.v.

[140] Uncal. Disj.

Med-res.

Indoor

Multiple Color [RGB]

MCSHR: color clusters

none p.v.

[214] Uncal. Disj.

Med-res.

Indoor

Multiple Color [RGB], Shape

Color path-length profile

none Honeywell

[220] Overlapping

Med-res.

Outdoor

Single Position

Feet position

none PETS2001

[136] Calib. Disj.

Outdoor

Single Shape, Position

Width, height, motion and

position

none p.v.

[106] Overlapping

Med-res.

Outdoor

Single Position

Principal axis

none PETS2001,

p.v.

[86] Uncal. Disj.

Med-res.

Indoor

Multiple Color [n.a.]

Appearance Map

3D - Cylin-

der - PAM

p.v.

continued on next page
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continued from previous page
Ref. CAMERA

SETTING

SAMPLE

SET

SIGNATURE BODY

MODEL

DATASET

[165] Uncal. Disj.

Med-res.

Indoor

Single Color [RGB]

Color histogram

none p.v.

[5] Uncal. Disj.

Med-res.

Indoor

Single Color [n.a.], Texture

Spatial and spectral distribu-

tion of dominant colours

2D - LTH Online

cameras

[215] Same

Med-res.

Indoor

Single Color [RGB]

Mean color

2D - LTH

with fixed

slices

Icra05

[118] Overlapping

Med-res.

Outdoor

Single Position

Feet position

none PETS2001,

p.v.

[35] Overlapping

Calib. Disj.

Outdoor

Multiple Position

Feet position

none PETS2001,

p.v.

[47] Overlapping

Lo-res.

Indoor

Single Color [HSV], Position

Feet and head position, color

GMM, height

none Online

cameras

[120] Same

Med-res.

Indoor

Multiple Color [RGB]

Color histogram for each re-

gion of the scene

none Online

cameras

[117] Calib. Disj.

Lo-res.

Indoor

Single Color [HSV], Position

Colour, speed and spatio-

temporal camera model

none p.v.

[43] Overlapping

Lo-res.

Indoor

Single Position

Feet position and mean inten-

sity

none Online

cameras

[157] Same Un-

cal. Disj.

Med-res.

Outdoor

Single Color [YUV]

Color histogram

none p.v.

RE-IDENTIFICATION FOR RETRIEVAL

[29] Uncal. Disj.

Med-res.

Indoor/Outdoor

Multiple Color [HSV], Texture

Histogram Plus Epitome

2D - LTH

plus simme-

try based

vertical

splits

i-LIDS,

ETHZ,

CAVIAR4REID

[134] Uncal. Disj.

Med-res.

Indoor/Outdoor

Single Color [RGB, YCbCr,HSV],

Texture

Color, Schmid and Gabor tex-

ture features

2D - 6

stripes

i-LIDS

(MCTS),

ViPER

[124] Uncal. Disj.

Hi-res.

Indoor/Outdoor

Single Color []

High level attributes

none i-LIDS

(MCTS),

ViPER,

ETZH

continued on next page
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[104] Uncal. Disj.

Med-res.

Indoor/Outdoor

Single Color [HSV, Lab], Texture

Mean color and LBP his-

togram

2D - Grid ViPER,

ETZH,

Prid2011

[64] Uncal. Disj.

Hi-res.

Indoor

Single Color [HSV], Texture

Texture and color

none Feret

[23] Uncal. Disj.

Med-res.

Indoor/Outdoor

Multiple Color [HSV]

Color histogram

3D model ViSOR,

Sarc3D

[207] Uncal. Disj.

Hi-res.

Indoor

Single Color [RGB]

Color histogram

2D - upper

and lower

part

p.v.

[18] Uncal. Disj.

Med-res.

Indoor

Multiple Color [RGB], Shape

MRCG - Mean Riemaniann

Covariance Grid

none i-LIDS,

ETHZ

[218] Uncal. Disj.

Med-res.

Indoor/Outdoor

Single Color [RGB, YCbCr,HSV],

Texture

Color, Schmid and Gabor tex-

ture features

2D - 6

stripes

i-LIDS

(MCTS),

ViPER

[27] Uncal. Disj.

Lo-res.

Indoor

Multiple Texture

SIFT, SURF, SC, GLOH

none Caviar

[83] Same

Hi-res.

Indoor

Single Texture

DCT-based facial appearance

2D - face p.v.

[15] Uncal. Disj.

Hi-res.

Indoor

Single Texture

SIFT, SURF, Spin

2D - LTH p.v.

[80] Same Un-

cal. Disj.

Indoor/Outdoor

Multiple Color [HSV], Shape, Texture

Weighted color histograms,

MSCR, recurrent high struc-

tured patches

2D - LTH

plus simme-

try based

vertical

splits

ViPER,

i-LIDS,

ETHZ

[40] Uncal. Disj.

Med-res.

Indoor/Outdoor

Single Color [RGB, HS,YCbCr],

Texture

Color, Schmid and Gabor

texture features

2D - 6

stripes

i-LIDS

(MCTS),

ViPER

[19] Uncal. Disj.

Med-res.

Indoor

Single Color [RGB], Texture

Haar based and DCD based

signature

2D - body

parts

i-LIDS

(MCTS)

[146] Uncal. Disj.

Lo-res.

Outdoor

Single Color [Several], Shape

Color Histogram

none ViPER

continued on next page
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[6] Uncal. Disj.

Lo-res.

Single Color [RGB, YCbCr,HSV],

Texture

RGB, YCbCr,HSV his-

togram, Schmid and Gabor

filters responses

none ViPER

[217] Uncal. Disj.

Hi-res.

Indoor

Single Color [RGB], Texture

CRRRO descriptor: SIFT

and color

none i-LIDS

(MCTS)

[150] Overlapping

Uncal. Disj.

Lo-res.

Indoor

Single Color [CIEluv]

Mean Color

2D - LTH

with fixed

slices

Online

cameras

[66] Uncal. Disj.

Lo-res.

Indoor

Single Color [modified HSV], Tex-

ture

SURF

none Caviar,

Weiz-

mann

[135] Uncal. Disj.

Med-res.

Indoor

Multiple Color [YCbCr], Texture

Bag of siftch - color SIFT

none Caviar,

ViPER

[133] Uncal. Disj.

Calib. Disj.

Med-res.

Indoor

Multiple Color [rgb]

Color rank

none Honeywell

dataset

[101] Uncal. Disj.

Lo-res.

Indoor

Multiple Texture

Set of SURF-like descriptors

none Caviar

[183] Uncal. Disj.

Indoor/Outdoor

Single Color [YCbCr], Texture

SIFT and MPEG7 color lay-

out

none TRECVID

[167] Uncal. Disj.

Med-res.

Outdoor

Single Color [RGB]

Weighted color histogram

2D - stan-

dard human

mask

Online

cameras

[88] Uncal. Disj.

Med-res.

Outdoor

Single Color [modified HSV, RGB],

Texture

Appearance Map

2D - spa-

tio tempo-

ral appear-

ance model

p.v.

[160] Overlapping

Uncal. Disj.

Calib. Disj.

Med-res.

Outdoor

Single Color [HSV], Shape, Position

Mean color, feet position,

height, bodybuild ratios

2D - LTH

with fixed

slices

p.v.

[34] Same

Med-res.

Outdoor

Single Color [HSL]

Median color

2D - 10

horizontal

slices

p.v. - bus

stop

continued on next page
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[123] Uncal. Disj.

Med-res.

Indoor

Single Color [HSV], Texture

Dominant color, histograms,

edge energy

2D - LTH

with fixed

slices

p.v.

[151] Uncal. Disj.

Lo-res.

Indoor

Single Color [RGB, rgb], Shape

Color histogram and shape

features.

none p.v.

[219] Uncal. Disj.

Med-res.

Indoor/Outdoor

Single Color [RGB, HS,YCbCr],

Texture

Color, Schmid and Gabor

texture features

2D - 6

stripes

i-LIDS

(MCTS),

ViPER,

ETZH

[69] Same Un-

cal. Disj.

Med-res.

Indoor

Multiple Color [RGB]

Height of the LTH parts and

color histograms

2D - LTH PETS2006

Table 2.1: Examples of re-identification methods classified with the multidi-

mensional taxonomy (grouped by main application scenario and in chronolog-

ical order)

2.2.1 Camera Setting

Apart from some initial experiments of people re-identification as a particular case

of shape classification (e.g. the seminal work by Cai and Aggarwal [42]), most of

the proposals come from surveillance and forensics scenarios where assumptions

can be made about the camera settings. Additionally, some algorithms have been

previously proposed that automatically reveal the topology of available cameras

and thus can recover the setting parameters. For example, Niu and Grimson

[154] present a statistical method to learn the environment’s topology using a

large amount of tracking data;Calderara et al. [44] and Khan and Shah [118]

proposed the use of camera hand-offs of people walking to detect and estimate

the camera overlapping. For additional details on the automatic discovery of the

camera network topology, please refer to the survey by Radke [174].

According to the previous taxonomy, re-identification proposals can be divided

on the basis of knowledge or assumptions on camera topology.

Same camera: in this setting, the goal of re-identification is to be able to
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identify the same individual repeatedly using the same camera after he/she is ini-

tially detected [34, 83]. The main constraints relate to the point of view, which

is considered unchanging. The proposed approaches are similar to the ones for

disjointed cameras but assume a single acquisition source. This simplifies the

matching task since challenges of view point discrepancies and color distortions

are neglected. However, this is not a limitation since several applications are

based on this specific setting, such as the control of a set of entrance gates or an

indoor environment that is monitored by a single camera. The work by Bird et al.

[34] describes an application in public transportation areas, while the recent work

by Jungling and Arens [115] designs re-identification on the basis of infrared cam-

eras. Finally, re-identification could be very useful as support for single camera

tracking where excessive occlusions of extensive time periods frequently occur. In

these cases, a model of the scene and the occluding obstacles could improve the

matching performances as described by Gong et al. [91].

Overlapping cameras: in this scenario, re-identification can be considered

as a part of a long-term tracking process over enlarged fields of view. This problem

is also called consistent labeling [42, 44, 106, 118]. Geometrical properties and

relations among cameras can be exploited after a full or partial calibration of the

system. Overlapping cameras operate under the assumption that the detections

being matched are captured at the same instant by different cameras. If this

fails to occur, the overlapping property comes out to naught. When several

cameras are capturing the same region, the re-identification process can even

operate in crowded scenarios where multiple individuals are occluding one another

[119]. The first work on people matching and re-identification was proposed by

Cai and Aggarwal [41] fifteen years ago and assumed the presence of a layout

composed by overlapping cameras. The original proposal has been successively

improved and formalized [42, 43], and now relies on the geometrical relations

and constraints intrinsically embedded in multiple views of the same object or

scene [102]. Implementing the epipolar relationship largely utilized in stereo

vision, it is possible to reduce the number of potential matches. For people

surveillance and forensics, the primary assumption made is that people’s feet

maintain permanent contact with the ground while walking and thus the position

of the feet in each view can be analytically mapped to all other views. More
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specifically, the coordinates of a person’s feet in different views are related by

homography transformations which are defined for each couple of static cameras.

. An initial manual or automatic [44, 118] estimation of the homography matrix

allows the re-identification problem to be reduced to geometric based matching

of the feet coordinates. A plethora of systems based on this assumption and

relationship have been proposed; [12, 42, 78, 106, 108, 119, 125, 150].

Calibrated disjoint cameras: this setting is oriented toward large area

surveillance with known camera layout. Even if the cameras’ fields of view are

non- overlapping, some geometrical information can still be useful[3, 35, 111, 117].

Using a homography transformation to obtain feet position on a common ground

plane [125], the temporal gap between two corresponding views can be bridged

[142]. This is made possible by means of predictive filters such as the Kalman

filter [78] or the particle filter [203]. In addition, temporal relations could be used

to refine the selection of candidates based on the time gap between captures as

proposed by Mazzon et al. [144].

Uncalibrated Disjoint cameras: this is the most general, yet complex case.

No assumptions or predictions are made by virtue of the cameras position. They

can be installed over a wide range in a multitude of diverse settings and conditions;

indoor/outdoor, wide/narrow, field of view, etc. featuring non-homogeneous ca-

pabilities and technologies. In this case the re-identification task is sometimes

referred to as re-acquisition, as suggested by Cong et al. [54]. A large number of

proposals have addressed the a-posteriori color calibration and/or transformation

of inhomogeneous cameras. The color distribution of a person can vary signifi-

cantly when captured by different cameras. Section 2.2.4 provides more details

on this problem and proposed solutions are included. With no limitations on the

camera setting, images and videos can be collected by unknown devices (typi-

cal of available web video) or by unconstrained mobile devices. Re-identification

by aspect similarity can be considered a form of soft-biometry for people iden-

tification which has been a useful person recognition tool for social networking

applications. In this case, geometrical information is not available and only the

person’s appearance can be used as a matching feature [55, 88]. As illustrated in

Table 2.1, the majority of works submitted in recent years fall into this category

and address re-identification without any setting limitations.
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Additional aspects of the camera setting, such as the point-of-view (viewing

angle), image resolution (number of pixels), and the image quality (compression,

noise, etc.) strongly affect the re-identification framework such that they limit

the remaining dimensions of the taxonomy. For instance; a low image resolution

could prevent the adoption of soft-biometric features or a top-view camera setting

could make the mapping of appearance features on 3D body models more difficult,

and so on. More details are reported in the following.

2.2.2 Sample Cardinality

The re-identification efficacy is related to the amount of information available

in terms of both image resolution and number of available samples. Single shot

methods associate pairs of images only, with each pair containing a single shot

of an individual’s appearance. Methods of the second class (multiple shots) take

advantage of information coming from multiple frames depicting the same person

[29]. Single shot techniques are more general and can be applied to a wider range

of applications. Conversely, multiple shot algorithms reach a more complete and

invariant signature which is potentially more promising. However, multiple shot

algorithms lack in the sense that they require additional tasks, and are often

computationally severe for both data alignment and dimensionality reduction.

While the majority of the algorithms belong to the Single Shot class (e.g.,[5, 19,

123, 160, 167]), information below describes some examples of the multiple shot

strategies designed recently to overcome single shot limitations.

Temporal sampling: A number of key-frames are selected from the individ-

ual’s history, for instance; Cong et al. [55] selected ten key frames. The feature

sets computed on each frame are concatenated before a spectral analysis step is

applied to reduce the final signature dimensionality. A similar approach has been

proposed by Yu et al. [214] that’s based on a video key-frame selection.

Set of signatures: If more than one view of the same person is available, a

suitable signature is computed and stored for each of them. The classifier works

by considering the entire set of available signatures, as suggested by Farenzena

et al. [80]. When more than one view of the same person is available at the

same time (i.e., the layout is composed by more overlapping cameras), camera
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switching and/or best view selection strategies can be used in order to select the

most distinguishable view [43]. The best view selection is also effective in the

presence of occlusions [119].

Set of specialized signatures: a set of signatures is computed and stored for

each person. Differently from the previous case a custom signature is computed

for each value of a selected parameter and added to the set. For example, the

parameter could be the distance from the camera, the person’s orientation or the

camera tilt. During the classification step, the value of the parameter is measured

or estimated and used to retrieve the coherent signatures. It is possible to store

a specific signature for each person’s orientation from various angles or positions

in space. The method proposed by Krumm et al. [120] computes a different

training signature for each (discretized) person’s position in the scene and each

time considers the subset of appearances extracted from the that position.

Set of local descriptors: a global set of descriptors computed on local

feature points (such as SURF or SIFT) is generated from all available views.

The person’s signature is defined as the set of descriptors or codebook based

histograms (e.g., [101, 115, 135]).

Body-model based signature: the final signature directly integrates more

contributions (e.g. [21, 50, 86]). For example, the PAM appearance map devel-

oped by Gandhi and Trivedi [86] is obtained by updating the visible part of the

signature.

2.2.3 Signature

As with most pattern recognition problems, re-identification efficacy is directly

affected by the type of adopted signature. Works proposed until now have

exploited different features which can be grouped approximately by: (a) color,

(b) shape, (c) position, (d) texture, and (e) soft-biometry. Recently, Doretto

et al. [75] provided a valuable review of different appearance signatures.

The selection of the adopted feature is determined by different factors. On one

side, the signature should be unique or as distinctive as possible which can lead the

selection toward biometry or soft-biometry features. On the other side; camera

resolution, computational load and other implementation issues can prevent or
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(a) (b)

(c)

Figure 2.3: Examples of proposed solutions: (a) SPIN, SURF and SIFT local
features [15], (b) Interest operator matching in 2D body models [75], (c) 3D
Panoramic map with overlapped cameras [86].

limit their usage and more generic features are required.

Color: Even if it depends on external illumination, camera technology and

setting, color is the features exploited the most. Plain means, histograms [140,

151, 206, 207] and Gaussian models [52] are some of the possible descriptors on

classical color spaces (e.g., RGB, rgb, HSV). The color spaces adopted in numer-

ous studies are illustrated in Table 2.1. In some works, more color descriptors are

mixed or compared, such as that found in the works of [199], [95], [40], and [218].

Shape features including width, height, width/height ratio [107], vertical axis

[44, 106], moment invariants [148], and contours [213] have been proposed.

Position: The position in the image or on the ground plane is commonly

adopted to match people in setups with overlapping cameras [44, 106, 118].

Texture: Covariance matrices [19], SIFT [105, 217] and SURF [101] descrip-

tors are some examples of texture based features (see Fig. 2.3). More recently,

HoG like descriptors [156, 184] and LBP features [104] have been proposed.
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Mixed descriptors: combination of features have been evaluated with the

goal of integrating color, shape, and texture contributions [3, 80, 95, 146] in

the same signature. de Oliveira and Pio [66] were able to improve the base

SURF descriptors using HSV color information to create an integrated color and

texture feature set. Ali et al. [6] computed Schmidt and Gabor texture filters

on different color spaces. Kang et al. [116] defined an invariant descriptor that

integrates both color and edge contributions. Given a detected moving blob, a

reference circle is defined by the smallest circle containing the blob. This circle

is uniformly sampled into a set of control points, and for each control point, a

set of concentric circles of various radii defines the bins of the appearance model.

Inside each bin, a Gaussian color model is computed to model the color properties

of the overlapping pixels of the detected blob. The normalized combination of

distributions obtained from each control point defines the appearance model of

the detected blob. The spatiograms adopted by Birchfield and Rangarajan [33]

are a generalization of histograms that includes higher order spatial moments.

For example, the second-order spatiogram contains in histogram bin the spatial

mean and covariance. A detailed list of adopted features is illustrated in Table

2.1.

Soft-biometry: Iris scanning [149], Palm-Vein images [221], fingerprints,

hand appearance [77] and other hard biometric identifiers [67] are expressly ex-

cluded from this survey, but intermediate soft-biometric features [109] such as

gait [103, 186], facial features [64, 83, 161], body size [69] and body weight [201]

are included. These features can be effectively analyzed for re-identification if the

image resolution is sufficiently high [63] or if a RGBD sensor is available [26]. Dif-

ferent from hard biometric signatures, soft-biometry lacks the distinctiveness and

permanence to identify an individual with high reliability. Soft-biometry depends

on physical or behavioral traits typically described as labels and measurements

that can be more easily understood. In some cases, soft-biometry allows retrieval

and recognition based solely on human descriptions [124, 177, 181].

An overview of the general topic of soft biometry and a new refined definition

of the field has been provided by Dantcheva et al. [65], who also propose two

novel soft biometric traits, namely based on weight and dress color.

Current research has a particular leaning toward the adoption of “out-of-
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the-box” machine learning techniques, which are used to select and integrate

simple features into a more complex signature (see Section 2.2.4). Following

the aforementioned, recent proposals have shown no desire for a manual feature

selection and provide the above mentioned features to the learning module [104].

Despite the fact that re-identification still performs with some level of mediocrity,

great improvements could be made with the incorporation of new view invariant

descriptors.

2.2.4 Machine Learning

Machine learning techniques can be put into use to automatically discover rela-

tions, behaviors and models directly from the data. In re-identification, machine

learning algorithms have been adopted on three different levels: at the image

level for color correction, at signature level for dimensionality reduction or gener-

ating codebook-like descriptors, and at matching level to learn a specific distance

measure.

Color correction.

Under the conditions of different camera types or where the illumination is

not uniform, people matching using color based signatures can be affected by sys-

tematic variations in the input signals (see Fig. 2.4(a)). Several techniques have

been proposed to help learn and apply color transformations between different

cameras, some using color patterns similar to those reported in Fig. 2.4(b).

A way of matching appearances using different cameras is by finding a trans-

formation that maps colors in one camera to those in the other cameras. With

this in mind, linear algebraic models [178] as well as more complex non-linear

approaches [89] have been implemented. Despite dependence on a large number

of parameters, Javed et al. [111] proved that all such transformations lie in a low

dimensional subspace for a given pair of cameras and they propose to estimate

the probability that the transformation between current views lies in the learned

subspace.

Black et al. [36] used a non-uniform quantization of the HSV color phase to

improve illumination invariance, while Bowden and KaewTraKulPong [37] and

Gilbert and Bowden [90] exploited the “Consensus - Color Conversion of the
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Munsell color space” (CCCM), a coarse quantization based on human perception.

Porikli [170] adopted a non linear transformation function for each set of cameras

that is learned during a training phase. The transformation is applied to each

pixel color or directly to the color histogram bins during matching.

Colombo et al. [52] propose a method for estimating the appropriate transfor-

mation between each camera’s color space using the covariance of the foreground

data collected from each camera; thus applying a second order normalization of

both the chromaticity and intensity. Instead of finding a transformation func-

tion to be computed, stored and applied for each camera pair, Metternich et al.

[146] and van de Sande et al. [199] present us with a set of descriptors and color

spaces which appear invariant to the illumination conditions. When illumination

changes are solely responsible for the incoherence of the colors among cameras,

Brightness Transfer Functions can be an invaluable tool learned and applied ini-

tially, as suggested by Porikli [170] and improved by Javed and Shafique [110]

and Gilbert and Bowden [90].

Signature computation: An important consideration should be taken on

the role of machine learning in the signature computation. Recently, sets of local

features have taken precedence over holistic or region-wise descriptors, calling

for the implementation of feature selection and space dimensionality reduction

algorithms. With this in mind, different machine learning based techniques can

be applied depending on the computational constraints imposed by the applica-

tion, which usually require online real-time processing or offline batch learning.

Examples can be collected from the tracking field where the exploitation of ma-

chine learning is brisker. Kuo et al. [122], Babenko et al. [16], Mei and Ling [145]

(a) (b)

Figure 2.4: A common problem of multi-camera systems: a. different views have
different colors; b. Patterns used for the color calibration.
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create and update the object model using online learning algorithms which do

not require any previous training. Conversely, Grabner et al. [94] and Pellegrini

et al. [163] exploit previous knowledge of the object model or surrounding context

to improve the tracking reliability. If a batch data process is permissible as in

most forensic applications, time consuming algorithms such as CRF models [208]

could be applied. Teixeira and Corte-Real [194] introduced an on-line learning

step using a bag-of-features model based on SIFT descriptors. Similarly, Babenko

et al. [16] proposed creating the appearance model of each person using a Mul-

tiple Instance Learning (MIL) algorithm derived from MIL-Boost by Viola et al.

[205].The main drawback of these techniques is the requirement of multiple source

images required to adopt a specific “class” that corresponds to a specific person

in re-identification. Another inconvenience is that off-line computations do not

usually permit a fast automatic update mechanism when new examples are pro-

vided. Bazzani et al. [29] proposed a novel descriptor for person re-identification

that condenses multiple shots into a highly informative signature called the His-

togram Plus Epitome, HPE. An image epitome is the result of an image or a set of

images collapsing into a small collage of overlapped patches through a generative

model that ultimately embed the essence of the textural, shape and appearance

properties of the data [113]. A completely different approach has been adopted

by Satta et al. [182]. Each individual is represented as a vector of dissimilarity

values from a set of learned visual prototypes. Even if the re-identification accu-

racy is lower than other approaches, particularly when the number of prototypes

is low; the trade-off between processing time and accuracy is still advantageous.

This presents us with an application for real-time scenarios.

Distance learning: In the past, machine learning has been frequently ne-

glected by re-identification as the majority of reviewed papers seemingly apply

common distance metrics and nearest-neighbor approaches to re-identify the same

person (e.g., [19, 21, 86]). The focus was traditionally on the actual feature

vectors, targeting descriptors as invariant and general as possible. The Bhat-

tacharyya or the Euclidean distance functions are usually adopted depending on

the specific feature type. Occasionally, a linear combination with suitable weights

has been defined to merge different contributions(e.g., [80].) Recently, more at-

tention has been devoted to learning a good metric. Dikmen et al. [72] proposed a
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SVM framework to obtain an optimized metric for nearest neighbor classification

called Large Margin Nearest Neighbor (LMNN). Zheng et al. [218] introduced a

novel Probabilistic Relative Distance Comparison (PRDC) model, which differs

from most existing distance learning methods in that, rather than minimizing

intra-class variation whilst maximizing inter-class variation, it aims to maximize

the probability of a pair of true match having smaller distance than that of a

wrong match pair. An extension of the original method has been presented by

the same author in [219]. Kuo et al. [122], Li et al. [131] designed boost learning

frameworks to generate an affinity model that is exploited for people’s tracklet

association. Similarly, Yang et al. [208] handled the association problem using

a CRF model. In [104], a distance matrix M is estimated automatically from a

training set and then used during the matching steps, similar to the Mahalanobis

distance function. Through M , the body parts considered to have the highest

priority are selected and assigned higher weights. This approach is called Relaxed

Pairwise Metric Learning (RPML) and it has proven to be a highly efficient and

effective metric learning approach. RPML aims to compute a pseudo-metric M

similar to the Mahalanobis distance; providing a dissimilarity score between two

feature vectors. Machine learning approaches have undoubtedly improved re-

identification performance in recent years, opening a plethora of new ways to

solve surveillance problems. They constitute the most active topic within people

re-identification.

2.2.5 Spatial level mapping on a Body Model

People re-identification is a matching problem among “objects” having the same

or similar elements of shape and structure. For the most part, appearance based

techniques adopt color and texture features more than other geometrical fea-

tures, which are usually shared by many individuals. At the same time, since

body shape can be easily generalized, the adoption of a more simplified body

model is normally very effective and useful. A body model can be exploited to

spatially map the extracted visual features and thus obtain a more coherent and

representative feature set that can be correctly compared.

With an available body model, extracted local descriptors can be mapped
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directly to the model while preserving their spatial location within the body

(Mapped local features [80, 123]). Contrarily, in the absence of a body model;

Global Features such as global color histograms and shape are the descriptors most

often computed and exploited [157]. These holistic features have the advantages

of all aggregated measures: reduced sensitivity to noise, low computational cost

and no alignment or segmentation steps are required. However, in many instances

their ability to discriminate is limited and the specific information embedded in

the appearance details cannot be fully exploited.

Hybrid solutions have been proposed which adopt Unmapped local features

where local descriptors are initially computed on patches or blocks having been

collected without preserving any spatial reference (e.g., Bag-of-Words with SIFT

descriptors [135]).

Among others, the cylindrical shape and the legs-torso-head structure are the

most widely utilized body model in surveillance and forensics. By modeling a

person as a cylindrical shape (or more generally as a solid of revolution), the

horizontal variations of a person’s appearance can be neglected as color or tex-

ture distribution along the vertical axis contains the most significant data. For

instance, Bird et al. [34] divided the person’s silhouette into ten horizontal stripes

with the mean color of each stripe being stored as representative feature.

The reason for the legs-torso-head model is primarily due to traditional west-

ern style clothing. The targeted silhouette is divided into three horizontal parts,

which ideally correspond to legs (and thus to the pants/skirt appearance), torso

(i.e., shirt or jacket) and head (i.e., hair). This segmentation can be accomplished

using fixed sizes [5, 91, 123, 150, 160]. Albu et al. [5] placed the cuts at 30% and

80% of the total height, while Monari et al. [150] opted to make cuts at 15% and

70% mark respectively. Other methods did not divide the RoI into fixed parts but

propose alternative solutions. Farenzena et al. [80] automatically computed the

cut points from profile histograms and split the torso and legs into two parts us-

ing symmetry based algorithm. Cheng et al. [50] adopted the Pictorial Structure

technique proposed by Andriluka et al. [10] where parts are localized, and their

descriptors are extracted and matched. When multiple images of an individual

are available, they proposed an algorithm (Custom Pictorial Structure - CPS) to

customize the fitting of the pictorial structures on a specific person. Finally, Bak
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et al. [19] adopted a body part detector to extract the position of the head, torso

and each limb. This case requires a high quality data source and a body part

detector involving extensive computation. Figure 2.2 provides an illustration of

examples mentioned above. The body models are also reported.

Over the last few years, 3D models have been largely neglected for the re-

identification task. One of the few attempts to incorporate a 3D body model

was done so by Gandhi and Trivedi [86], where a cylindrical surface (Panoramic

Appearance Map) maps local color descriptors. Since then, different graphi-

cal models have been reviewed in the literature for 3D people tracking, motion

capture, and posture analysis [11, 53]. These models are frequently complex, re-

quiring fine fitting techniques in order to obtain a perfect match between a 3D

model posture and the real model.

2.2.6 Application scenarios

The last dimension of the taxonomy regards the application scenarios, which

mainly belong to two different areas: surveillance and forensics.

Long-term Tracking. Time constraints are one of the main issues in au-

tomatic video surveillance, which differs from the basic CCTV recording by the

off-hand detection of events and alarms. In this context, the re-identification task

has been used for long-term tracking : people should be tracked as long as possible,

using one or more cameras. Thanks to the short (or null) temporal gap between

samples, geometric and positional features are usually enough and the require-

ments on the camera quality and resolution are loose. Video sequences are usually

available as input and processed using the common surveillance chain composed

by background/foreground segmentation and intra-camera object tracking. Data

is collected and merged in a “late-fusion” like manor rather than being integrated

before the tracking. Consistent labeling approaches proposed by Khan and Shah

[118], Calderara et al. [44] and more recently Lian et al. [132] and Madrigal and

Hayet [141] belong to this category, as all methods require at least a partial

overlapping among the camera fields of view.

Image retrieval. In forensics, the real-time constraint is no longer prob-

lematic since the computation is bordering being off-line and human interaction
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is permissible. Given a query item, all the frames/images corresponding to the

same person should be retrieved. The re-identification task is thus employed for

image retrieval and usually provides ranking lists, similarly related items, and so

on. Complex features and heavy learning algorithms are employed to generate a

model for the query item and for the database of eligible candidates. Increasing

complexity of both features and matching algorithms enumerates additional con-

straints on the cameras quality, image resolution and zoom ability. Color based

approaches like that of [34, 146] can be applied to any resolution. The method

of Farenzena et al. [80] requires medium resolution to find symmetry axes and

texture patterns while the work of Fischer et al. [83] based on soft-biometry usu-

ally requires more defined source images to capture details and perform precise

measurements.

Short-term tracking. Finally, the more recently proposed “tracking-by-

detection” approach [9] tries to link the provided detections of the same person

by means of re-identification algorithms. In this case, the re-identification task

works in terms of short-term tracking, similar to a “pure” re-identification ap-

proach that requires a feature based signature for each detection. Breitenstein

et al. [38] compared a set of different color (RGI/RGB/HS/Lab) and texture

(LBP/Haar) features while Brendel et al. [39] adopted a PCA projected vector of

HOG descriptors and HSV color histograms. The detections are then connected

by means of data association algorithms such as the greedy Hungarian algorithm

[164], network flow [216], or spectral clustering [57]. However, the view or tem-

poral gap assumed by the definition of re-identification (see chapter 1) should be

null or at least limited. This application scenario is very close to tracking and so

the following section and Table 2.1 illustrates some specific examples. We also

refer the reader to specific surveys on the topic, such as the work by Yilmaz et al.

[212].

2.3 Re-Identification in Today’s Research

The goal of this section is to analyze the direction research has tended toward

in the last few years. As highlighted in Fig. 2.5, many proposed methods share

common templates. Firstly, the camera setting affects the choice of signature and
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Figure 2.5: Histogram of the features used in the reviewed approaches

the methods of similarity assessment. The geometric position is most reliable

if the camera’s fields of view are overlapped or partially overlapped (see lower

histogram in Fig. 2.5). Instead, for disjoint cameras or unknown single cameras,

view-dependent appearance features based on color and texture are adopted more

than shape and size.

If the computational resources are limited or the image resolution is low (as in

most of the current surveillance videos), holistic features are most often adopted.

Holistic features such as color histograms were initially proposed by Javed and

Shafique [110]. Some improvements have been made more recently, an exam-

ple being the introduction of more sophisticated matching criteria between his-

tograms and color correction functions for compensating differences between cam-

eras and views [140, 173].

Only recently have more complex signatures based on texture been proposed

and with very promising results, more so with SIFT [19, 194] or SURF [101]

descriptors (see Fig. 2.3(a)). They do require a moderately high image resolution

and the same resolution requirement holds with methods handled by a body

model.

The most promising solutions postulated in recent years based on human mod-
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els have been proposed by Farenzena et al. [80],Doretto et al. [75], and Gandhi and

Trivedi [86]. Farenzena et al. [80] takes advantage of human vertical symmetry to

subdivide the appearance images into five regions. For each region, three features

describing complementary aspects of the human appearance are extracted: the

overall chromatic content, the spatial arrangement of colors into stable regions,

and the presence of recurrent textures. A nearest neighbor matching schema is

then applied.

The work by Doretto et al. [75] reviews several appearance descriptors and

proposes a part-based signature which in testing outperformed holistic descrip-

tors.

The dependence on people orientation is the main drawback of 2D models

(i.e., the rotation angle with respect to the vertical axis) since the reasonable

assumption of standing postures permits the division of the human model into

horizontal segments only. The cylindrical model based Panoramic Appearance

Map proposed by Gandhi and Trivedi [86] allow a fully view-invariant appearance

description. As previously stated, these methods are generally more time con-

suming, requiring an evaluation of the orientation of the people moving within

the space. New solutions in this area (see for instance the paper by Odobez and

Bouthemy [155]) should be very useful to improve both accuracy and speed.

Over the last few years, the role of machine learning has become a central

component in the computer vision field. People re-identification is in align with

this trend and current research is primarily devoted to the learning aspects of

this area. As described in section 2.2.4, specific feature sets like SDALF [80] have

been replaced by a set of standard color and texture descriptors [6, 40, 134, 144,

218, 219]. The selection of important features are then processed by machine

learning algorithm in an explicit [134] or implicit way [130, 219].

In addition to machine learning, the diffusion of high resolution cameras and

low cost range sensors like the Microsoft Kinect have paved new avenues to the

surveillance and forensics research fields, including that of re-identification. Lim-

itations mentioned previously that past researches have failed to overcome can

now be eradicated. Articulated motion capture addressed in the past on color

images [71, 169, 180] and, more recently, the use depth streams [185, 193] are

nowadays feasible in real time. In exploiting this information, new methods for
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re-identification will be available. Soft- biometry features can be extracted from

the tracked skeleton stream and used to generate a person signature. For example,

Barbosa et al. [26] defined a set of ratios of joint distances as a person signature.

Albiol et al. [4] took advantage of the body model to generate a color histogram

for each vertical stripe. Differently to the methods presented in the past [34] and

described in section 2.2.5, the stripes relate to the real body model and not to

the captured image, which depends on the camera point of view. However, the

current noise level on the estimation of joint position do not allow yet acceptable

performance. These methods still require extensive research.

Finally, the recent work of Layne et al. [124] proposing an attribute based

approach is worthy of mention. Taking inspiration from the operating procedures

of human experts [200], they moved the re-identification from low-level features to

medium or high level attributes. It would now be closer to the human description

yet more difficult to define in an unambiguous way. This attribute based signature

can be also used when a description is provided as a verbal identikit.
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Chapter 3

Datasets and Evaluation Metrics

Evaluation is a foundational problem in research. We should capitalize on the

lessons learned by decades of studies in computer architecture performance evalu-

ation, where different benchmarks are designed, such as benchmark suites of real

programs, kernel benchmarks for distinct feature testing and synthetic bench-

marks. Similarly, in computer vision and multimedia, benchmark datasets are

defined to test the efficacy and efficiency of code and algorithms. The purposes

are manifold.

Although such kernel benchmark exists for famous and assessed problems in

computer vision, such as tracking, shadows detection or face recognition, to date

kernel benchmarks designed specifically for re-identification are not available.

This chapter includes an exhaustive treatise of the available datasets (Sec. 3.1)

and evaluation metrics (Sec. 3.4) for the benchmarking of people re-identification

algorithms.

Two new publicly available datasets developed by the author and specifically

designed for testing re-identification methods are presented: the ViSOR dataset

(Sec. 3.2) and the 3DPeS dataset (Sec. 3.3).

3.1 Datasets

While several datasets are publicly available for testing camera tracking, action

classification systems, or for surveillance (see a short review by Vezzani and Cuc-
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chiara [202]) and multimedia [158]; no dataset has been designed specifically for

testing and benchmarking of re-identification algorithms, and few can actually be

adopted for re-identification evaluation, especially for multiple shot techniques or

3D body models.

The following paragraphs highlight some of the datasets that have been adopted

in the literature analyzed in the previous chapter (see chapter 2.2).

ViPER Currently, one of the most popular and challenging datasets to test

people re-identification as image retrieval is ViPER [96]; which contains 632

pedestrian image pairs taken from arbitrary viewpoints under varying illumi-

nation conditions (see Fig. 3.1(a)). The data set was collected in an academic

setting over the course of several months and each image is scaled to 128x48 pix-

els. Due to its complexity and the low resolution images, only a few researchers

have published their quantitative findings on ViPER. In actuality, some matches

are hard to identify by a human, an example being the third couple in Fig. 3.1(a).

Currently, the best results on this dataset have been obtained by Farenzena et al.

[80] on a subset of the dataset and Gray and Tao [95] who are the dataset’s orig-

inal authors. VIPER can’t be fully employed for evaluating methods exploiting

multiple shots, video frames, or 3D models since only pairs of bounding boxes

of the same person have been collected. The performance of several proposals in

reference to this dataset is summarized in section 6.1.

I-LIDS. The I-LIDS Multiple-Camera Tracking Scenario (MCTS) [153] was

captured inside a busy airport arrival hall. With an average of 4 images for each

person, it contains a total of 476 shots of 119 people captured by multiple non-

overlapping cameras. Many of these images undergo large illumination changes

and are subject to occlusions. The I-LIDS dataset has been exploited by Bak

et al. [18], Brosser et al. [40], and Zheng et al. [218] for a performance evaluation

of their proposal.

CAVIAR4REID. This is a small dataset specifically designed for evaluating

person re-identification algorithms by Bazzani et al. [28]. It derives from the

original CAVIAR dataset, which was initially created to evaluate people tracking

and detection algorithms. A total of 72 pedestrians (50 of them with two camera

views and the remaining 22 with one camera only) are captured in a shopping

center scenario. The ground truth has been used to extract the bounding box
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(a)

(b)

Figure 3.1: Shot examples from (a) ViPER [96] and (b) ETZH [184]. ViPER
contains a couple of cropped images for each person, while ETZH is composed
by full frames (left) and the bounding box annotation to crop the person images
(right).

of each pedestrian. For each pedestrian, a set of images from each camera view

(where available) is provided in order to maximize the variance with respect to

changes in resolution, light, occlusions, and body position; so as to maximize the

challenge for re-identification.

ETHZ. The ETHZ dataset for appearance-based modeling was generated by

Schwartz and Davis [184] from the original ETHZ video dataset [79]. The original

ETHZ dataset was used for human detection and is composed of four video se-

quences. Samples of testing sequence frames are shown in Fig.3.1(b). The ETHZ

dataset presents the additional challenge of being captured by moving cameras.

This camera setup provides a range of variations in people’s appearances, with

significant changes in pose and illumination.

TRECVid 2008. In 2008, the TRECVid competition released a dataset for

Surveillance applications captured inside an airport. Roughly 100 hours of video

surveillance data was collected by the UK Home Office at the London Gatwick

International Airport (10 days * 2 hours/day * 5 cameras). Approximately 44

37



individuals were detected and matched through the 5 cameras.

PETS2009. The dataset presented by the 2009 edition of the International

Workshop on Performance Evaluation of Tracking and Surveillance has been ac-

quired by a multi-camera system and contains sequences with different crowd

activities in a real-world environment. Each sequence involves a subset of eight

available cameras and up to approximately forty actors.

Videoweb Activities Dataset [68]. The Videoweb Activities Dataset is

composed of roughly 2.5 hours of video footage taken by multi-camera systems in

realistic scenarios and contains people performing numerous repetitive and non-

repetitive tasks. Data was collected over four days using a subset of 37 outdoor

wireless cameras from the VideoWeb camera network. Each day is represented by

a varying number of scenes containing actions performed by multiple individuals.

ISSIA Soccer dataset:. While not specifically designed for re-identification

purposes, this dataset presents us with six synchronized views acquired by six

Full- HD cameras during a soccer match [74]. The high similarity among players

of the same team makes the intra-view tracking and the re-identification tasks

very challenging.

Other datasets proposed by single authors not available for public access have

not been referenced in this section and they are rather mentioned in the last

column of Table 2.1. For additional references to surveillance datasets, please

refer to [202] or the Cantata Project repository [172].

The main benchmarks for re-identification are summarized in Table 3.1.

Name & Ref Image/Video People Additional info

ViPER
Still

Images
632

Scenario: Outdoor

Place: Outdoor surveillance

[96]
People Size: 128x48

vision.soe.ucsc.edu

I-LIDS
Video

[fps=25]

5 cameras

PAL

1000

Scenario: Outdoor/Indoor

Place: Collection from different scenarios

[153]
People Size: 21x53 to 176x326

www.ilids.co.uk

I-LIDS-MA Still

Images

PAL

40

Scenario: Indoor

Place: Airport

[153]
People Size: 21x53 to 176x326

www.ilids.co.uk

I-LIDS-AA Still

Images

PAL

119

Scenario: Indoor

Place: Airport

[153]
People Size: 21x53 to 176x326

38

vision.soe.ucsc.edu
www.ilids.co.uk
www.ilids.co.uk


www.ilids.co.uk

CAVIAR4REID Still

Images

384x288

72

Scenario: Indoor

Place: Shopping centre

[28]
People Size: 17x39 to 72x144

www.lorisbazzani.info

ETHZ
Video

[fps=15]

1 cameras

640x480

146

Scenario: Outdoor

Place: Moving cameras on city street

[184]
People Size: 13x30 to 158x432

http://homepages.dcc.ufmg.br/~william/

ViSOR dataset Still

Images

704x576

50

Scenario: Outdoor

Place: University Campus

[23]
People Size: 54x187 to 149x306

www.openvisor.org

3DPeS dataset
Video

[fps=15]

8 cameras

704x576

200

Scenario: Outdoor

Place: University Campus

[24]
People Size: 31x100 to 176x267

www.openvisor.org

TRECVid 2008
Video

[fps=25]

5 cameras

PAL

300

Scenario: Indoor

Place: Gatwick International Airport - London

[187]
People Size: 21x53 to 176x326

www-nlpir.nist.gov/projects/tv2008/

PETS2009
Video

[fps=7]

8 cameras

768x576

40

Scenario: Outdoor

Place: Outdoor surveillance

[166]
People Size: 26x67 to 57x112

www.cvg.rdg.ac.uk/PETS2009/

Videoweb

Activities Dataset

Video

[fps=30]

8 cameras

640x480

16

Scenario: Outdoor

Place: Courtyard and intersections

[68]
People Size: 32x62 to 86x170

www.ee.ucr.edu/~amitrc

ISSIA Soccer

dataset

Video

[fps=25]

6 cameras

1920x1080

25

Scenario: Outdoor

Place: Soccer match

[74]
People Size: 42x82 to 57x130

www.issia.cnr.it/soccerdataset.html

Table 3.1: Datasets available for people Re-identification

3.2 The ViSOR dataset

The interest of the research community in creating reference datasets for per-

formance analysis is always very high. Although new datasets, collecting large

amounts of video footage are spreading in surveillance and forensics, few bench-

marks with annotation data are available for testing specific tasks like re-identification

and 3D/multi-view analysis. For this reason the ViSOR dataset1 was introduced,

1The ViSOR dataset is available here: http://www.openvisor.org/sarc3d.asp

39

www.ilids.co.uk
www.lorisbazzani.info
http://homepages.dcc.ufmg.br/~william/
www.openvisor.org
www.openvisor.org
www-nlpir.nist.gov/projects/tv2008/
www.cvg.rdg.ac.uk/PETS2009/
www.ee.ucr.edu/~amitrc
www.issia.cnr.it/soccerdataset.html
http://www.openvisor.org/sarc3d.asp


as a means of testing multiple-shot/multiple-view re-identification methods. The

dataset contains shots of 50 people and consists of short video clips captured

with a calibrated camera. To simplify the model-image alignment; four frames

for each clip corresponding to predefined positions and postures of the people

that were manually selected. The annotated data set is composed by four views

for each person, 200 snapshots in total. Additionally, a reference silhouette is

provided for each frame (some examples are shown in Fig. 3.2). The dataset was

firstly introduced in [23]. Although useful for initial testing of multi-view meth-

ods, the presence of only four fixed views and only 50 different peoples limits the

benchmarking capabilities of the dataset.

Figure 3.2: Sample silhouettes from the ViSOR re-identification dataset [23]

3.3 The 3DPeS dataset

Given the limitations of the datasets previously mentioned the author recently de-

veloped and released to the public, the 3DPeS1 dataset[24]. 3DPeS was developed

specifically for testing re-identification algorithms, with the aim of overcoming the

1The 3DPeS dataset is available here: http://www.openvisor.org/3dpes.asp
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limitations and constraints of the available datasets. 3DPeS provides a large vol-

ume of data that, in addition to people re-identifications, allows to tests all the

usual steps in video surveillance; segmentation, tracking, etc.

Figure 3.3: Sample frames from 3DPeS [24]

The dataset is captured by a real surveillance setup and is composed of 8

different surveillance cameras (Fig.3.3) monitoring an area of the University of

Modena and Reggio Emilia’s (UNIMORE) campus. Data was collected over the

course of several days. The illumination between cameras is almost constant,

but people were recorded multiple times during the course of the day, in clear

light and in shadowy areas, resulting in strong variations of light conditions in

some cases. The quality of the camera hardware is in line with current standards

in visual surveillance, all cameras were from the same vendor and are partially

calibrated (position, orientation, pixel aspect ratio and focal length are provided

for each one of them). The quality of the images is mostly constant, uncompressed

images with a resolution of 704x576 pixels. Depending on the camera position

and orientation, people were recorded at different zoom levels. Multiple sequences

for 200 individuals are available, together with reference background images, the

person bounding box at key frames and the reference silhouettes for more than

150 people.

Table 3.2 reports some quantitative characteristics of the dataset. Annota-

tion comprises: camera parameters, person IDs and correspondences across the

dataset, bounding box of the target person in the first frame of the sequence,
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Figure 3.4: Sample images from the 3DPeS dataset

preselected snapshot of people appearances (see Fig. 3.4), silhouette for each

person snapshot, orientation and bounding box for each person snapshot and a

coarse 3D reconstruction of the surveilled area (Fig. 3.5). Each video sequence

contains only the target person or a very limited number of people.

Figure 3.5: 3D Reconstruction of 3DPeS Surveilled Area
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Nf videos 612
Nf frames (average, per video) 291
Nf peoples 200
Total Nf frames 178429
Resolution 704x576
Nf video sequences (average, per per-
son)

3

Nf cameras (average, per person) 2

Table 3.2: Quantitative characteristics of the 3DPeS Dataset

3.4 Metrics for Performance Evaluation

In addition to the selection of the testing data, performance evaluation requires

suitable metrics depending on the specific goal of the application. According

to the definitions introduced in Section 1.1 [85], different metrics are available

that relate the specific implementation of re-identification as identification or

recognition.

3.4.1 Re-identification as Identification

Since the goal is finding all the correspondences among the set of people instances

without prior knowledge, the problem resembles data clustering. Each expected

cluster is related to one individual. Differently from content-based retrieval prob-

lems, where there are relatively few clusters and very large amount of data for

each cluster, here the number of desired clusters is very high with respect to the

number of elements in each one. However, the same metrics adopted for cluster-

ing evaluation could potentially be introduced [8]. Purity is one of the widest

accepted metrics and is computed by taking the weighted average of maximal

precision values for each class. It penalizes the noise in a cluster in instances

where one person is wrongly assigned to another individual, but it does not re-

ward grouping together different items from the same category. Inverse Purity

focuses on the cluster with maximum recall for each category. In other words, it

aims to verify all the instances where the same person is matched together and
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correctly re-identified.

The performance evaluation of re-identification algorithms is usually simpli-

fied, taking into account a group of items at any given moment. The system

should state if two items belong to the same person (similarly to the verification

problem). In this case, Precision and Recall metrics applied to the number of hit

or miss matches have been adopted [101].

Tasks of re-identification in long-term tracking also fall in this category, espe-

cially in surveillance with a network of overlapped or disjoint cameras. With a

tracking system, the re-identification algorithm should generate tracks for as long

as possible, avoiding errors such as identity switch, erroneous split and merge of

tracks, over and under segmentation of traces. For detection and tracking pur-

poses, the ETISEO project [152] proposed some metrics that could potentially be

adopted in re-identification. ETISEO was a project devoted to performance evalu-

ation for video surveillance systems, studying the dependency between algorithms

and the video characteristics. Sophisticated scores such as the Tracking Time and

the Object ID Persistence have been proposed. The first one corresponds to the

percentage of time during which reference data is detected and tracked. This met-

ric gives us a global overview of the performance of the multi-camera tracking

algorithm but a problem exists where the evaluation results depend not only on

the re-identification algorithms but on the detection and single camera tracking.

The second metric regards the re-identification precision, evaluating how many

identities have been assigned to the same real person.

Finally, let us cite the work of Leung et al. [127] about performance evaluation

of re-acquisition methods specifically conceived for public transport surveillance.

Their method takes into account prior knowledge of the scene and normal people

behavior in an attempt to estimate how the re-identification system can reduce

the entropy of the surveillance framework.

3.4.2 Re-identification as Recognition

In this category the re-identification task aims to provide a set of ranked items

given a query target, with the main hypothesis being one and only one item

of the gallery can correspond to the query. This is typical of problems faced
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by forensics analysts during an investigation where large datasets of image and

video footage must be evaluated. The overall re-identification process could be

considered a ranking problem [96] where the Cumulative Matching Characteristic

(CMC) curve is the proper performance evaluation metric, showing how perfor-

mance improves as the number of resulting images increases. The CMC curve

represents the expectation of finding the correct match in the top n matches.

From the CMC another common performance measure can be extracted, the

AUC (Area Under Curve), defined as the area under the CMC curve. Since

the adopted definition of re-identification as recognition given by [85] recalls the

definition of identification for biometrics, the evaluation metrics defined in bio-

metrics could be taken into account. Two biometric elements are associated with

the same source if their similarity score exceeds a given threshold. Accordingly,

the measures of false-acceptance rate (FAR), false-rejection rate (FRR) [115], and

the decision-error trade-off (DET) curve can be evaluated, whether or not two

snapshots are associated to the same person.

3.4.3 Re-identification in forensics

The precision/recall, FAR, FRR, and DET metrics are now standard and widely

accepted in the academic and industrial setting for biometrics and content-base

image retrieval. They are yet to be accepted by the legal system in which the

court incidentally encounters them on a regular basis. While image analysis is

widely adopted during an investigation, final legal judgment comes down to the

traditional use of an expert’s verbal decision.

Great efforts are being made to improve this practice by adding an objective,

quantitative measure of evidential value [147]. With this aim, a likelihood ratio

has been suggested for solving different forensics problems like speaker identifi-

cation [92], DNA analysis [20], and face recognition [7].

The likelihood ratio is the ratio of two probabilities of the same event with

different hypotheses. For events A and B, the probability of A given that B is

true, divided by the probability of event A given that B is false gives a likelihood

ratio. In forensic biology, for instance, likelihood ratios are usually constructed

with the numerator being the probability of the evidence if the identified person
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is supposed to be the source of the evidence itself, and the denominator being the

probability of the evidence if an unidentified person is supposed to be the source.

Similar discussions were introduced in a survey for face recognition in forensics

[7].
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Chapter 4

Non-Articulated 3D Body

Models for People

Re-Identification: SARC3D

In this chapter a novel 3D based approach for People Re-identification is

presented. It is designed for typical real surveillance settings, where multiple

cameras, often with disjoint fields of view (FoV), can catch the presence and the

appearance of many people walking and crossing a monitored environment. This

method was previously reported in [21] and [23].

4.1 Introduction: Why 3D Body Models?

People Re-identification is a fundamental task for the analysis of long-term activ-

ities and behaviors of specific people. It is becoming one of the major challenges

in visual surveillance and forensics due to its intrinsic difficult: the appearance

of a person can vary a lot across a distributed network of surveillance cameras

because of widely varying camera viewpoints and orientations, illumination con-

ditions, human poses, rapid changes in part of the clothes appearance, occlusions

and more: the co-occurrence of many people, crowded scenes, the presence of

artifacts or internal and external furniture which occlude the view, the different

unideal field of views and the unpredictable motion of people. What can be surely
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acquired with the state of the art of computer vision algorithms is, just in some

frames, the silhouette of pedestrians, by means of people detectors [98, 196] fol-

lowed by segmentation [31, 211] algorithms or with some background suppression

based [58, 60] people trackers. In this context, a new, robust approach based on

people appearance and 3D geometry is proposed.

The adoption of 3D body models is quite new for re-identification and has not

been explored much as a solution to this problem, differently from other computer

vision fields, such as motion capture and posture estimation [11, 53]. Three basic

assumptions are given:

• The frames are acquired by cameras with similar color response (thanks to

color calibration, see section 2.2.4, or similar hardware) and the different

views are taken under similar illuminants. Since the matching is based on

colors, if the cameras behave very differently in color response or have an

insufficient color resolution the accuracy will degrade noticeably.

• The people shape, more or less precisely segmented from its background,

is available. In this manner specific aspect features of the person appear-

ance can be extracted. The approach accepts possible under-segmentation,

which commonly arises with background subtraction methods, and over-

segmentation (such as shadows) which are normally neglected.

• Some geometric information about the camera setting, as a simple camera

calibration, is available to set the parameter of the 3D model correctly

(namely position, height of the model and its pitch and roll angles, as

highlighted by fig. 4.1).

The first assumption is implicitly accepted by all re-identification algorithms:

since people shapes are actually very similar each other, color is the one most

discriminant features and it must be assumed to be somewhat reliable. The same

person with the same clothes acquired by the same point of view by two cameras

should have the same color. This assumption is ideal since normally cameras

have different color responses and people can be filmed under very different light

conditions during the course of a day or multiple days, thus colors must be con-

strained to remain similar and so as to be sufficiently discriminant. The different
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Figure 4.1: 3D model parameters obtained from camera calibration a) position
and height, b) pitch and roll angles

response to color not only because of the cameras hardware but also because of

the scene luminance is one of, if not the main reason of errors in re-identification

systems.

The second constraint is commonly required by most state-of-the-art re-identification

algorithms [5, 19, 34, 80], since working on the silhouette and not on the image

window (as more generic content-based retrieval algorithms do) reduces the pres-

ence of outliers in the extracted features.

The third is peculiar to the method proposed in this chapter, since working

in the 3D space requires at least the possibility to have a more or less precise

estimation of the orientation, position and scale factors of a standing pedestrian.

If not available, camera calibration can be estimated by statistical normalization

[138] or vanishing points estimation [126].

The main strength of the proposed model is to have:

• A punctual description of the appearance, that allows to exploit details

of the person appearance in the re-identification process and to be robust

against miss-segmentation,

• A description independent from the point of view very robust to changes of

the cameras FoVs,

The overall framework consists of three different layers: (1) appearance and geo-
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Figure 4.2: Schema of the proposed system

metric features extraction from the 2D images, (2) feature mapping on a 3D body

model, and (3) model storage and query manager. A sketch of the system layers

and internal modules is reported in Fig. 4.2. At the first stage, the set of video

frames or still images containing different views of a person are provided to a seg-

mentation module. If the samples are extracted from a video sequence captured

with a still camera, a pixel-wise foreground mask of the person is estimated, oth-

erwise a people detector [98, 196] is adopted possibly followed by a segmentation

algorithms [31, 211] to select the person appearance Region of Interest (RoI).

On the selected RoIs, a set of geometrical (e.g., feet position, person orientation,

symmetries) and appearance (e.g., color histograms or texture) descriptors is then

computed. These tasks are basically included on all the re-identification methods

proposed in the past, with the aim of generating a signature for each person. Our

specific choices will be discussed in the following sections.
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(a) (b) (c) (d)

Figure 4.3: (a) a human 3D model, (b) average silhouettes used for the model
creation, (c) our simplified human model, (d) Different sampling densities of the
SARC3D model used in our tests

The second layer is devoted to the construction and update of 3D model,

which constitutes the main novelty of the proposed framework. The geometrical

information are used to align the current view with respect to a 3D body model

on which the appearance descriptors are mapped (see Sec. 4.2). The model allows

a view independent representation of a single shot as well as the correct fusion of

multiple views.

In the last layer, each computed model is stored and/or matched against all

the reference items previously computed.

4.2 3D model based re-identification: the SARC3D

Model

SARC3D is a vertex-based body model specifically developed for person re-

identification. It is inspired by mesh models commonly used in computer graphics.

The model has a fixed geometry and the relative vertex positions have been pre-

viously defined from a generic human shape manually constructed from real data.

To this aim, side, frontal and top views of generic people were extracted from var-

ious surveillance videos; thus, an average silhouette has been computed for each

view and manually transferred on a graphical 3D body model (see fig. 4.3(b)) ex-

ploiting standard 3D modeling tools and computer graphics techniques.The final

product is a sarcophagus-like (fig. 4.3(c)) body hull.

A vertex set v = {vi}, i = 1 . . . Nv is regularly sampled from the sarcophagus
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surface, where the number Nv of vertices should be selected accordingly to the

required resolution. This vertex set represents the final SARC3D model. The

sampling is performed using a regular recursive sampling algorithm: the bounding

box of the 3D object is recursively partitioned in an octree style, the center of each

subdivided bounding box is considered, if it’s distance to the surface is smaller

than a given threshold, it’s projection on the model surface is retained. The

regular sampling guarantees that each triangle of the mesh has similar area, thus

the same geometric weight for each vertex can be used when computing distances

among models.

In several tests on real surveillance setups the surface was sampled obtaining

a set of Nv vertices; small variations in the number of samples do not vary the

performances of the model. Larger variations, instead, led to worse performance

due to over or under fitting issues, as shown by preliminary tests. The tested

samplings are shown in Fig.4.3(d), the four sampling corresponds respectively

(from left to right) to sets of Nv = 153, Nv = 628, Nv = 2026 and Nv = 10018 ;

Tests on the four samplings were performed on the ViSOR dataset. The lowest

and highest densities (Nv = 153 and Nv = 10018) achieved very low accuracies

(58% and 61% respectively), sampling the model withNv = 2026 vertices achieved

better performance (81%), while sampling Nv = 628 vertices produces the best

results in terms of accuracy, resulting in 92% correct matches. Additionally,

Nv = 628 is a good trade-off between speed and efficacy.

For each vertex vi , the direction of the vector ~ni normal to the 3D surface

has been computed and it’s stored together with the model1.

The appearance part of the model is specific for each person. Instead of pro-

viding a texture definition for each triangle as in computer graphics approaches,

a visual descriptor Ξi
p is assigned to each vertex vi of the p-th model and it

is composed by color and/or texture features, as described in the section 4.2.1.

Each person p is then characterized by a representative signature Γp defined as:

Γp = {[vi], [ñi], [Ξi
p],hp,xp, θp} (4.1)

Where vi and ~ni (respectively the vertices set and corresponding vertex nor-

1The SARC3D model is available at http://imagelab.ing.unimore.it/3DPeS/SARC3D.dae
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mal) are the same for every instance of a SARC3D model, up to geometric trans-

formation of rotation, translation and scale. Ξi
p the visual descriptor, one for

each vertex vi and specific to each instance p of the model. hp is the height of

a person, used as scale factor for the SACR3D model, while xp and θp are the

position and orientation of the SARC3D model instance relative to the person p.

4.2.1 Color and Texture Feature Set

The visual descriptor Ξi
1. of each vertex vi is computed and updated by pro-

jecting the 3D vertex onto the 2D appearance image, after an adequate 2D to

3D alignment. Appearance information are then extracted from the image and

stored.

The content of the vertex descriptor Ξi directly influences the re-identification

performances. Two opposite requirements guide the selection: from one side, the

vertex descriptor should be discriminative enough to avoid false matches; from

the other side, over-fitting issues could arise due to noise and errors in the model

alignment. For this reason, firstly as many descriptors as the model vertices are

provided in order to obtain a punctual and localized description of the person

3D appearance, accounting to the discriminant details of each individual, on

the opposite side the visual information of the vertexes neighborhood region is

integrated at vertex level in order to avoid over-fitting.

Different types of descriptors have been tested, from mean colors to covari-

ance matrices, but only histograms have produced meaningful results, which are

reported in Section 6.2.1. Among the others, the following features and their

combination have been tested as vertex descriptors for SARC3D:

• HSV color histogram; normalized histograms with 8 bins for the H channel,

4 bins for the S and V ones;

• RGB color histogram; normalized histograms with 8 bins for each channel

have been adopted;

• HoG (Histograms of Gradients); normalized histograms with 9 bins;

1Superscript p will be omitted from now on for the sake of clarity
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(a) (b) (c) (d)

Figure 4.4: Extraction of color and texture features, a) original frame, b) vertices
projection, c) highlighted region Ri of a random vertex, d) features extracted
from region Ri

4.3 From 2D images to 3D models

To initialize and update the SARC3D model a suitable mapping from 2D image

to the 3D model and vice versa is required. Lets assume that the pedestrian

2D shape has been segmented and the precise ground position and orientation

is computed or estimated (see section 4.5), it is then possible to overlap the

SARC3D model to the 2D appearance image of a walking person(see Fig. 4.8).

The descriptor Ξi of each visible model vertex vi is the initialized or updated

with a set of appearance features (in our case, histograms Hi) computed on a

corresponding region Rias depicted in Figure 4.4(c), following these steps for each

vertex vi of the model (also depicted in Fig. 4.4):

• The vertex vi is projected on the image plane by exploiting the camera cal-

ibration, the estimated pedestrian orientation and perspective projection,

obtaining the projected pixel position v′i.

• A region of interest Ri is defined as the image patch centered on the vertex

projected position v′i of fixed size sR (sR = 10 in all our tests).

• Features are computed on the selected region Ri and assigned to the vertex

descriptor Ξi.

The uniform sampling used to generate the vertex set guarantees that each

descriptor corresponds to body surface areas of roughly the same expanse and
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thus can be treated equally (i.e. with the same weight). However, since the 3D

model is created from a single 2D image, some of the visual descriptors have seen

the body surface from a frontal point of view, others from a lateral position and

some of them are completely hidden (see Fig. 4.5).

For this reason a reliability value ρi is computed and stored for each computed

appearance feature. The reliability value takes into account how well and precisely

the vertex descriptor has been captured from the data and it is computed as

ρi = ~ni · ~pI , where ~pI is the normal vector of the camera image plane.

The reason behind the adoption of the dot product is that data from front-

viewed points of the body surface and their surrounding surface are more reliable

than that from lateral viewed ones. This reduces the drawbacks, due to errors in

the model positioning and orientation, since stronger weights are assigned to the

centrally-viewed points of the people appearance and lower weights to laterally-

viewed ones, which are the most hit by misalignment.

The vertices belonging to the occluded side of the person are also projected

onto the image and are initialized in the same way as the ones on the frontally-

viewed side of the model, but their reliability has a negative value, due to the

opposite directions of ~ni and ~pI . In such a manner each vertex of the model could

be initialized even with a single image: from a real view if available or using a

sort of symmetry-based hypothesis in absence of information.

The vertices having no match with the current image (i.e. the vertices pro-

jected outside of the person silhouette) are also initialized: The vertices set is

divided into 20 bands along the model height (see fig. 4.5(a), where the differ-

ent bands are colored differently). After each model initialization or update, an

average feature vector is computed for each band combining only the vertices cor-

rectly initialized via direct measure or symmetry. The vertices projected outside

of the person silhouette (i.e. the vertices colored in light blue in the example in

fig. 4.5) are then initialized with a copy of the average feature vector of their

corresponding band and their reliability values are set to the minimum value (i.e.,

ρi = 0).

By means of the reliability value, vertices directly seen at least once (ρi > 0),

vertices initialized using a mirroring hypothesis (−1 ≤ ρi < 0) and vertices

initialized from its neighborhood (ρi = 0) are distinguishable.
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(a) (b) (c) (d) (e)

Figure 4.5: (a) SARC3D projection, (b) Color feature extraction, (c) Vertex
reliability, (d,e) Left right views of the vertex reliability

The described steps of the initialization phase are depicted in Fig. 4.4.

4.4 Multi-view integration

As previously shown the model can be initialized and stored starting from a single

person image, but as more images and views of the same person are available it can

become more accurate and complete. As described in chapter 2 many recent re-

identification methods exploit multiple views, often integrating them in a single

multidimensional descriptor or averaging their values. Here thanks to the 3D

model all the visual information available from multiple views can be exploited

in a single reliable model at vertex level.

If multiple cameras are available or if the short-term tracking system provides

more detections of the same person, the 3D model can be further refined and up-

dated by integrating all the available frames. Two different integration methods

have been adopted and tested: histogram averaging and bag-of-histograms.

Let vi
p and vi

s be homologous vertices of two SARC3D models (p and s)

constructed from different views that need to be integrated into a new model q.

Each vertex contains the feature sets Ξi
p and Ξi

s respectively, that will be fused

into a new feature set Ξ̂i.
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(a) (b) (c) (d) (e)

Figure 4.6: Various models created with the corresponding source images

In the first approach, each visual descriptor Ξi contains a single feature vector

for each type of feature exploited (i.e. Ξi = {Hi, ρi }), each merged feature set is

computed as the weighted average of the source ones as in Equation 4.2:

Ĥi =
ρi
pHi

p + ρi
sHi

s

ρip + ρis
, ρ̂i

p =
ρi
p + ρi

s

2
(4.2)

Where Hi
p and Hi

s are HSV, RGB or HoG histograms of the visual descriptors

Ξi
p and Ξi

s respectively, and the absolute values of the vertex reliabilities (ρi
p

and ρi
s) are used as weights.

In the second case, instead, each visual descriptor contains multiple instances

of each feature, Ξi = [Hi,j, ρi,j, ti,j] with j = 1...nΞi , where ti,j is a time-stamp

assigned to the visual feature Hi,j and nΞi is the number of fused views, the new

visual descriptor Ξ̂i is then simply the union of the feature sets of Ξi
p and Ξi

s.

Fig. 4.6 shows some example SARC3D models generated integrating multiple

views by averaging the feature vectors.

4.4.1 View selection

Not all views should be used for the initialization and update of the model. Errors

in the tracking step, noise and bad calibration could lead to degradation of the

model. Additionally in the case when each visual descriptor contains multiple

instances of each feature a “forget” mechanism need to be defined, in order to

prevent the visual descriptors dimension to grow excessively. To this aim a rule

based approach was implemented, composed by the following five rules,
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(a) (b) (c)

Figure 4.7: Occlusion detection: (a) the input frame, (b) the aligned 3D models
and (c) the mask generated by the rendering system. Since the blue and green
objects are connected, the corresponding models are frozen and not updated
during the occlusion

Occlusion check: In addition to 2D occlusion detection algorithms [204], a

computer graphic based generative approach is used: for the selected camera view

and for each person p visible from that camera, a binary image mask Îp is rendered

using standard computer graphics techniques. Each time two model masks are

overlapping or connected an occlusion is detected. To avoid false pixel to model

assignments, both the occluding and the occluded models are not updated. A

visual example of the 3D occlusion detection is shown in Fig. 4.7.

Model to foreground overlapping: The reliability of the model positioning

could be evaluated considering the overlapping area between the 2D foreground

mask F̂p and the rendered images Îp. For each person, the overlapping score op

is computed as the ratio between the number of foreground pixels that overlap

with Îp with respect to the total number of silhouette pixels. If op is higher than

a strong threshold (e.g., 95% in our experiments) the selected view is marked

as good. Otherwise the alignment is not precise enough or the person is not

assuming a standing position compliant with the sarcophagus model.

Orientation reliability: The reliability of the orientation estimation is eval-

uated twofold: First the score of the orientation estimation (see Sec. 4.5.2) is

considered. If higher than a predefined threshold the orientation estimated is

considered reliable. Secondly, the sequence of the estimated orientations is evalu-

ated: if the distribution of the differences between consecutive orientations has a

high variance, the trajectory is not stable and the orientation becomes unreliable.

If both conditions hold true, the estimated orientation is considered reliable.
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Information gain: In order for the new view to be used, it should add

meaningful informative content to the model. This is evaluated by considering

the number of updated vertices vi. A vertex vi is considered updated if a new

feature vector {Ĥi, ρ̂i} is added to it. The feature vector is added to the visual

descriptor Ξi of vi if either ρ̂i of the new vector is greater than the optical relia-

bility of each other feature vector in Ξi or the distance between the new feature

vector and each other feature vector in Ξi is greater than a given threshold (see

Sec. 4.6 for the definition of distance between feature vectors).

If all these conditions hold true, the estimated orientation and position is consid-

ered reliable and the selected view can be exploited to initialize (or update) the

model.

Forget rule: A fifth rules has been defined that implements a “forget” mech-

anism in order to prevent the visual descriptors dimension to grow excessively. A

feature vector [Hi, ρi, ti] of Ξi is forgotten if the time distance between its time-

stamp ti and the current date is great enough and if it’s deletion do not reduce

the informative content (as measured in the previous rule) of the model too much.

4.5 Model Alignment

The alignment of the 3D model on a camera image is the most critical step of the

approach. Let us assume that the set of cameras are fixed and calibrated, as in

many surveillance systems. Under this hypothesis, the model alignment can be

split into two independent steps, i.e., model placement and orientation estimation

(see Fig. 4.8).

4.5.1 Model Placement

The model placement is obtained by estimating the position of the person feet on

the ground plane and it is provided by means of a homography transformation

[44] of a selected image point. The person is also assumed to be in a vertical

standing posture, which also defines two of the three angles required for the model

alignment thanks to the camera calibration. Usually a background segmentation

step is exploited in order to detect and extract the bounding box of a person
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Figure 4.8: Positioning and orientation of the SARC3D model

silhouette and the silhouette itself from a single camera view. The feet position

is estimated to be the midpoint of the bottom part of the bounding box or the

position of the lowest point of the silhouette. If tracking is available, quadratic

function fitting can be used in order to filter out and smooth the person feet

position estimation. Tracking also allows providing multiple consecutive images

for the model creation.

A detection and tracking method was developed [203] and exploited in combi-

nation with SARC3D. This method is composed by two layers: first background

subtraction is performed in order to detect moving pedestrians and extract their

foreground appearance image, and then particle filters are exploited in order to

track their movements inside a single camera view.

Appendix A report another detection and tracking method successfully in-

tegrated with SARC3D as a result of a collaboration with Ákos Utasi, Csaba

Benedek, Tamás Szirányi of the Computer and Automation Research Institute,

Hungarian Academy of Sciences and presented in [22].

4.5.1.1 Background Suppression

Since in the regarded application fixed cameras are usually exploited, every frame

is processed with a background subtraction system. The background subtraction

algorithm employed works similarly to the one presented in [59]: A difference

image DBt is computed between the current frame It and a background model
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Bt. A threshold with hysteresis is adopted, points in DBt are selected if greater

than a low threshold, then morphological operator (closing and opening) are

applied on the image in order to eliminate isolated points or very small spots due

to noise. Then labeling is performed, by accepting blobs containing at least one

point greater than a high threshold. The labeled image Ft at time t thus contains

a number of Foreground Blobs. On the segmented foreground blobs additional

analyses are performed, consisting of two steps: 1) blobs with an area less than

a threshold (which depends on the distance between camera and scene and on

the typical size of objects) are discarded; 2) the average optical flow is computed

for each blob. If it’s smaller than a given threshold they are discarded. They

are considered as apparently moving objects (due to a locally wrong background)

and thus not accepted as real detection of people.

The model of background Bt is based on the statistical assumption that the

background points should be the most probable points observed in a finite window

of observation time. As statistical function the median of sampled frames is

exploited, an adaptive function which takes into account past background values

and the current frame is also employed. Points belonging to detected person

are not taken into consideration during the background model estimation. At

initialization time, the background model is initialized with a novel algorithm

based on the recursive Hadamard transform. The new algorithm is detailed in

Appendix B.

4.5.1.2 People Tracking

Tracking is performed on the foreground image Ft with the use of particle filters.

Goal of a single camera tracking system is to estimate the state xt at frame

t given the set of observations {z1...t}. At this stage it is assumed for simplicity

that each tracked object is moving regardless of other people in the scene. Thus,

an independent tracker is applied for each object in order to estimate its state,

which is assumed to be composed by the coordinates of the gravity center.

x
.
= {xc, yc} . (4.3)

In a probabilistic framework, x is a random variable, with the associated prob-
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ability density function p(x|z) which is the objective of our estimation process.

The most likely position x̂ of each tracked person can be estimated at time t from

the relative pdf as x̂t = E(xt).

To this aim a generic particle filtering technique is adopted; for the sake of

completeness the base equations using the notation proposed by Arulampalam

et al. [13] in their famous tutorial are reported here.

Let {xi, wi}i:1..N be a characterization of the posterior probability p(x|z),

where {xi, i = 1..N} is the set of support points (particles) with their weights

{wi, i = 1..N}. The weights are normalized to add up to one. By means of this

set of weighted particles the posterior probability can be approximated as:

p(x |z) ≈
N∑
i=1

wiδ
(
x− xi

)
(4.4)

As importance density the prior p(zt|xit) is adopted, so that the particle weights

can be iteratively estimated as:

wit ∝ wit−1 · p
(
zt|xit

)
(4.5)

and the resampling step is executed only if the measure of degeneracy N̂eff (Eq.

4.6) is lower than a threshold Ne.

N̂eff =
1∑N

i=1 (wi)2
(4.6)

The particle filter tracking can be summarized as a 5 steps process: after ini-

tialization of the particle system, the new particle filter state is predicted (i.e. the

particles positions), observations are taken (measurements, likelihoods), through

the observations the new state estimate is updated and finally particles are re-

sampled. The method is summarized by the two pseudo-code algorithms reported

in Fig. 4.9 (from Algorithms 2 and 3 in [76]). The adopted likelihood function

and the new occlusion-based process model, instead, are fully described in the

following.
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RE-SAMPLING ALGORITHM

• Initialize the CDF: c1 = 0

• For i = 2 : Ns

– Construct CDF: ci = ci−1 + wik

• Start at the bottom of the CDF: i = 1

• Draw a starting point: u1 ∼ U[0, N−1
s ]

• FOR j = 1 : Ns

– Move along the CDF: uj = ui +N−1
s (j − 1)

– WHILE uj > ci

∗ i = i+1

– Assign sample: xj∗k = xik

– Assign weight: wjk = N−1
s

GENERIC PARTICLE FILTER

• FOR i = 1 : Ns

– Draw xik ∼ q(xk|xik−1, zk

– Assign the particle a weight, wik according to Eq. (4.5)

• Normalize wik such that
∑

iw
i
k = 1

• Calculate N̂eff using Eq. (4.6)

• IF N̂eff < NT

– Re-sample using RE-SAMPLING ALGORITHM

Figure 4.9: Pseudo-code of re-sampling and particle filter algorithms
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The likelihood function Similar to work of Li et al. [128], for each object a set

of three appearance models is stored and kept updatedAMt = {am1
t
.
= Fx, am2

t
.
=

At, am
3
t
.
= Dt}. Pixels are assumed independent of each other. The fixed model

Fxt contains the appearance of the tracked object stored at the initialization

phase. The Adaptive model At stores the mean of N object appearances sampled

at regular time steps. Finally, the Dynamic model Dt is estimated averaging Dt−1

with the current frame.

All these models can take advantage of a foreground segmentation of the

current frame. Only the image points classified as foreground pixels concur to

the model estimation. Calling It the current frame, the model update equations

are:

AMt = {am1, am2, am3}
am1 = Fx(x) = It1(x− x̂t)

am2 = At(x) = 1
N
·
N∑
j=1

It−j∆t(x− x̂t−j∆t)

am3 = Dt(x) = 1
2
·Dt−1(x) + It(x− x̂t)

(4.7)

where Iti1 is the first frame of the i-th object, i.e. when it is entered the scene; the

notation x− x̂t is used to indicate the frame by frame alignment of the model

using the estimated position of the target x̂t.

On the whole, the state {x̂, AM} of a tracked object is composed by x̂, i.e., the

position of the center of mass in the image plane (estimated by particle filtering),

and its appearance AM (updated using Eq. 4.7).

With the likelihood functionp(zt|xt) can be stimated, i.e., how likely a partic-

ular object position is to produce the current frame. Practically, the estimated

models for each object at the previous frame AMt−1 must be compared with the

current image It. A pixel-wise comparison usually leads to errors if the model is

not exactly aligned with the current frame, since a pixel-by-pixel distance is not

a monotonic function. Therefore the distance measure between the model and

the current observation is based on aggregate functions like color histograms.

Let be Rd (I,x) a rectangular region of the image I, centered on the point x,

fixed shape ratio and scale factor sR. Let H(·) be the histogram of the image ar-

gument. Then, at sampling time one of the three appearance models amj ∈ AMt
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(a) (b)

Figure 4.10: Graphical representation of the tracked state through particle filter.
Dots are the particles positions and the rectangle is the ROI for the likelihood
computation and model update

is randomly selected for each particle. The likelihood value p(zt|xt) is extracted

from a zero-mean normal distribution using the Bhattacharyya distance Φ(·) be-

tween the color histogram from the current image H (Rd (It, x̂t)) and the selected

model histogram H(amj) as in Eq. 4.8

p(zt|xit) = p(xt|xit, amj) =

= 1√
2πσ

exp−
Φ(H(Rd(It,x̂t)),H(amj))

2σ2

(4.8)

The Process Model The motion of a person in a scene is difficult to predict

and is seldom linear, in particular if the object position is measured in image

coordinates. Therefore, usually the random walk equations are adopted for the

state prediction step [82]. Our approach is slightly different and takes into account

the previous movement of the person in addition to the Gaussian noise:

x̃it = xit−1 +
~vt−1 + 2~vt−2

3
+ N(0, σI2) (4.9)

where ~vt = x̂t− x̂t−1. The Gaussian noise of Eq. 4.9 should take into account the

nonlinear nature of the human motion. Furthermore the tracker can be misled by

occlusions and shape changes. Thus, the Gaussian noise should be large enough

to manage the unpredictable changes in speed and direction, but it does not set

to naught the linear prediction. To this aim a spherical covariance is exploited,

with a dynamic parameter σ which depends on the likelihood score computed at
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the estimated position x̂:

σt =
σ0

(1 + αp(zt|x̂t))
. (4.10)

where σ0 is mandatory since the variance should be greater than zero and α is

a predefined constant. During occlusions or quick motion changes the distance

function computed in the estimated position grows; increasing the noise term.

This will assure that particles will be much spread in the next step. Figure 4.11

reports an example of long-lasting occlusions. Even that, the tracker system can

manage the label assignments after the occlusions thanks to the dynamic nature

of the noise term.

(a) a (b) b (c) c

(d) d

Figure 4.11: Example of person tracking during a strong occlusion

Initialization As above mentioned, each object is independently considered

and tracked; every time a person enters the scene a new particle filter should

be created and initialized. To this aim the foreground mask extracted from the

background subtraction algorithm is labeled and unassigned blobs are classified

as new objects. A blob is unassigned if no particle has required that blob for the

likelihood function estimation. To avoid wrong assignments between new blobs

and particles associated with other objects, a blob is associated to a particle (and
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then eliminated from the list of new objects to be tracked) if the correspondent

Bhattacharyya distance is under a threshold.

The initial position x̂0 of the object is set equal to the blob gravity center and

the three appearance models are initialized with the blob appearance.

4.5.2 Orientation Estimation

The last parameter to estimate is the orientation of the model with respect to its

vertical axis. To this aim, two different approaches are available in the system.

If the detection comes from a video sequence and the person trajectory has been

provided through a tracking algorithm, the orientation could be inferred from

the trajectory itself. By assuming that people move forward the trajectory on

the ground plane could be exploited to give a first approximation of the orien-

tation. Given a detected person, a window of K frames is considered and the

corresponding trajectory on the ground plane. A quadratic curve is then fitted

on the trajectory and the fit score is used as orientation reliability. If it is above

a predefined threshold, the final orientation is generated from the curve tangent.

In fig.4.12(a) and 4.12(b) a sample frame of the corresponding model placement

and orientation is provided. In particular, the sample positions used for the curve

fitting and orientation estimation are highlighted.

(a) (b)

Figure 4.12: (a) A frame from a video, (b) Automatic 3D positioning and
orientation

The previous method works only when tracking is available; in order to esti-

mate the correct orientation of a person from a single image a new system was de-

veloped [25] based on machine learning techniques and mixtures of approximated

wrapped gaussians. It’s a new and very general approach which exploits state of
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the art descriptors and detectors, but ensembles them in a unique angle-oriented

classifier. Since the body orientation is mainly related to shape and edges, the

best features are straightforwardly related to luminance gradients, without the

influence of colors. Histograms of Oriented Gradients (HoG) features [62] are

adopted. Orientations are quantized into 8 different classes (See Fig. 4.14). The

main orientations are singularly recognized with an array of Extremely Random-

ized Trees classifiers [87], which proved to be very fast and powerful in this case.

Moreover, the detectors response are integrated in a single probability density

function generated as a Mixture of Wrapped Distributions, and in particular as

a Mixture of Approximated Wrapped Gaussian (MoAWG) weighted by the de-

tector outputs. The maximum of this probability density function is the answer

of the orientation problem that is further quantized in the main directions, for

filtering errors and noise and for making an easy comparison with ground truth

data. Fig. 4.13 outlines the proposed orientation detection system.

Figure 4.13: A schema of the proposed method, (a) Input image, (b) Multi-
Level HoG, (c) Array of classifiers, (d) the Mixture of Approximated Wrapped
Gaussians

As a matter of fact, the estimation of people orientation is an intrinsically

continuous problem. The discretized classes are not well separated and sometimes

even overlapped (due to the torsion movements of the body). The MoAWG

acts as “interpolation” of the outputs of different trained classifiers: each binary

classifier is trained to select a positive region of the feature space, which is not

related and not imperatively disjoint with the others. The final step (AWG)

integrates different contributions and thus improves the classification when the
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orientation is quite ambiguous.

The resulting approach is fast, simple and very effective, it can be general-

ized for a different number of main directions, and it can be adopted in many

other problems where main directions must be recognized. In Section 6.4 several

tests and comparisons of the orientations detection system only are performed,

on different publicly available datasets, such as the TUD Multiview Pedestrians

dataset [11], SARC3D[23] and 3DPES[24], both available on OpenVisor1, and

video sequences from PETS. Comparisons with previous methods demonstrated

very satisfactory improvements of about 18% with respect to the state of the art,

achieving up to 65% of accuracy on the TUD Multiview Pedestrians dataset using

eight directions and more than 80% of accuracy using four directions.

4.5.2.1 System overview

The proposed system aims at estimating the orientation of a person with respect

to the camera point of view. The input is a single detection Ik of a person,

obtained cropping an image or a video frame on the bounding box provided by a

generic appearance based people detector [62, 73]. Since motion or background

information is neglected, the person silhouette is not available. The orientation

θk ∈ (−π, π] of the person is the angle between the main direction of the person

and the horizontal axis of the image plane. The precise value of θk is ambiguous

and impossible to measure since head, shoulders and legs could be differently

oriented. Thus, a discrete set of directions instead of a continuous range of values

is more appropriated. Let us define the set C of N discrete orientations sampled

from the interval (−π, π] as

C = {ci} , i ∈ (0, N − 1),

ci =
((

2πi
N

+ π
)

mod 2π
)
− π.

(4.11)

In our experiments N was set to N = 8, obtaining the eight main directions

depicted in Fig. 4.14. For each class ci, a specific binary classifier was trained

on a set of HoG descriptors [62]; a classification score ψi instead of a boolean

response is also required. A first orientation estimation c̄k of the image Ik could

1http://www.openvisor.org
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be directly obtained from the outputs Ψk =
{
ψ1
k, . . . , ψ

N
k

}
of the classifiers:

c̄k = cj, j = arg max
i

ψik. (4.12)

(a) (b)

Figure 4.14: The eight directions recognized by the proposed system and the
corresponding color labels

Using Eq.4.12 the estimated orientation does not take into account the output

of all the classifiers, but the winner one only. In particular, due to the ambiguity

of the human direction above described, more than one classifier could positively

react and a more precise estimation of the main orientation could be obtained by

combining the results of all the classifiers. To this aim, the continuous distribution

p(θ|Ik) is estimated as a function of the classifier outputs. The person orientation

θ̄k and its corresponding discretized class c(θ̄k) are now computed maximizing the

previous distribution:

θ̄k = arg max
θ∈(−π,π]

p(θ|Ik). (4.13)

Algorithms 1 and 2 report a pseudo-code description of the classification steps,

while the following subsections will detail the set of classifiers and the integration

of their outputs using a circular statistic approach.
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Algorithm 1 Discrete Orientation Classifiers

Require: N,Ψ =
{

Ψ1, . . . ,ΨN
}

, set of trained classifiers
1: function MultilevelHoG(I)
2: {Q1

j}, j = 1 . . . 192← Split(I, 8, 24) . Level 1
3: φ1

j = HoG(Q1
j)

4: I ⇐ Resize(I, 0.5)
5: {Q2

j}, j = 1 . . . 48← Split(I, 4, 12) . Level 2
6: φ2

j = HoG(Q2
j)

7: I ⇐ Resize(I, 0.5)
8: {Q3

j}, j = 1 . . . 12← Split(I, 2, 6) . Level 3
9: φ3

j = HoG(Q3
j)

10: φ = [φ1
1 . . . φ

1
128|φ2

1 . . . φ
2
48|φ3

1 . . . φ
3
12]

11: Normalize(φ)
12: return φ
13: end function

14: function FindOrientations(I)
15: {Ik} ← PeopleDetector(I)
16: for k = 1→ K do
17: φk ← MultilevelHoG(Ik)
18: for i = 1→ N do
19: ψi ← Ψ(φk)
20: end for
21: c̄k ← arg maxi ψ

i
k.

22: end for
23: end function

4.5.2.2 Discrete Orientation Classifiers

For each detected person, a 2268-dimensional feature vector is computed based

on the HoG descriptor[62]. The color image cropped around the person is firstly

converted into a single channel image; the first direction of a Principal Component

Analysis space reduction is selected. With respect to the luminance channel,

the PCA-based image channel preserves and even enhances the edge gradients.

Thus, a multi-level HoG feature vector is computed, dividing the input image

into blocks at three different levels: the first level contains 8x24 non-overlapping

blocks, the second level 4x12 blocks and the last level 2x6 blocks. At each level

the image is down-sampled with a scale factor of 0.5. A histogram of oriented
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gradients quantized in 9 wrapped bins is computed on each of the 252 blocks and

normalized over 2x2 sets of blocks. During the histogram computation, the tri-

linear interpolation described in [62] is preserved. The 2268-dimensional feature

vector φk is obtained concatenating the 9 histogram values of the 252 blocks

computed over Ik; φk acts as appearance descriptor of the images and it is sent

to the array of classifiers.

Due to the very high dimensionality of the input feature vector, the Extremely

Randomized Trees classifiers introduced by Geurts et. al.[87] are adopted. The

Extremely Randomized Trees are similar to Random Trees but instead of using

bagging selection they keep the same input training set to train all the trees.

For binary classification problems only, Random Trees allow the estimation of

a fuzzy-predicted class label, i.e., a confidence value of the binary classification

result. In our case, given a feature vector φk, each of the N classifiers provides

a value {ψi, i = 1, . . . , N} calculated as the proportion of decision trees that

classified the input to the winner class. A discrete label of the image orientation

could be generated using Eq. 4.12.

4.5.2.3 Output Filtering by Circular Statistics

Instead of directly using the outputs of the N trained classifiers to generate

a discrete class label, the classification results are integrated in a continuous

probabilistic distribution p(θ|I). The reason of this step is mainly due to the

overlapping of the orientation classes, which leads to have more than one high

response from the set of discrete-orientation classifiers.

The terms ψi are used as weights of a mixture of wrapped distributions,

each centered on the N selected orientations θi. Directional statistics has been

widely studied in the past and Wrapped Gaussians or the most general von Mises

distributions are the widest adopted models [143] to manage periodic data such

as angles [2]. The probability density function of a wrapped normal distribution

is

WN(θ|θ0, σ) =
1

σ
√

2π
·

+∞∑
k=−∞

e−
(θ−θ0+2kπ)2

2σ2 , (4.14)

where µ and σ2 are the corresponding means and variance. A very interesting
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approximated version of the Wrapped Gaussian has been presented by Bahlmann

in [17] to deal with semi-periodic multivariate data in handwritten character

recognition and successively used in [45] for trajectory description and clustering.

The corresponding probability density function is

AWN(θ|θ0, σ) =
1

σ
√

2π
· e−

((θ−θ0) mod 2π)2

2σ2 . (4.15)

A mixture of AWN is obtained as a weighted sum of AWN probability density

functions:

MoAWN(θ|w,θ0,σ) =
N∑
i=1

wi ·AWN(θ|θ0,i, σi) (4.16)

The required function for the orientation estimation is thus obtained using a

Mixture of Approximated Wrapped Gaussian as in Eq. 4.16:

p(θ|Ik) = MoAWN(θ|ψk,C, σ) (4.17)

where the variance σ was set to a fixed value for all the components. The σ

parameter of Eq. 4.17 depends on the number of adopted classifiers: if σ is 0 the

AWG step is disabled. Increasing the σ value includes in the final response the

contributions of more neighbor classifiers.

The person direction is estimated using Eq. 4.13 through Mean-Shift opti-

mization with starting seeds on the ci values. Fig. 4.13 shows all the steps of the

proposed method and in particular the final filtering step obtained with the Mix-

ture of Approximated Wrapped Gaussians which is also described in Algorithm

2.

4.6 Distance metric for People re-identification

Since the signature of the p-th person instance is composed by the set of vertex

descriptors Γp = {Ξ1
p . . .ΞN

p}, the distance DH(Γp,Γq) between two models Γp

and Γq could be decomposed as the weighted average of the vertex-wise visual

descriptors Ξi distances. The product of the vertex reliabilities could be used as

weights in order to emphasize the visible parts of the models.
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Algorithm 2 Orientation estimation with a Mixture of Approximated Wrapped
Gaussians
Require: N,Γ =

{
Γ1, . . . ,ΓN

}
, set of trained classifiers

1: function FindOrientations2(I)
2: {Ik} ← PeopleDetector(I)
3: for k = 1→ K do
4: φk ← MultilevelHOG(Ik)
5: for i = 1→ N do
6: ψi ← Γi(φk)
7: end for
8: p(θ|Ik)←MoAWN(θ|ψk,C, σ)
9: θk ← arg maxθ∈[−π...π] p(θ|Ik) . Mean Shift Maximization
10: if Continuous Output then
11: return θk
12: else
13: i =

(
θk + 2π · N

2π

)
mod N

14: return ci
15: end if
16: end for
17: end function

DH(Γp,Γt) =

∑
i=1...M (wi · d(Ξp

i ,Ξ
q
i ))∑

i=1...M (wi)
(4.18)

where

wi =
∣∣abs(ρpi,j) · abs(ρqi,j)∣∣ (4.19)

The vertex distance d(Ξp
i ,Ξ

q
i ) is strictly related to the adopted feature type.

Usually the Hellinger distance is applied to compare color histograms. For exam-

ple, the distance

d(Ξp
i ,Ξ

q
i ) = min

j

(
dHe

(
Hp

i,j,H
q
i,j

))
=

√
1−

∑
r,g,b

√
Hp
i,j(r, g, b) ·H

q
i,j(r, g, b) (4.20)

is the distance between two feature vectors belonging to the i-th vertex of two

SARC3D models Γp and Γq. Each feature vector contains a bag of descriptors (in

this case a bag of color histograms Hp
i,j with j = 1...n where n is the number of
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color histograms in a vertex bag of descriptors)

When color and gradients histograms are combined, the corresponding dis-

tance measure is:

d(Ξp
i ,Ξ

q
i ) = min

j

(
dHe

(
Hp

i,j,H
q
i,j

)
+ dHg

(
Hgp

i,j,Hgq
i,j

))
(4.21)

where dHg is the distance between gradients histograms, defined as:

dHg
(
Hgp

i,j,Hgq
i,j

)
=

√∑
a

(
Hgp

i,j(a)−Hgq
i,j(a)

)2
(4.22)

4.6.1 Vertex saliency for detail-oriented re-identification

This generic global distance assumes that each vertex has the same importance

and the weights wi are based only on optical properties of the projections or

the reliability of the data. Global features are useful to reduce the number of

candidates or if the resolution is low. However, the final decision should be

guided by original patterns and details, as humans normally do to recognize

people without biometric information (e.g., a logo in a specific position of the

shirt). To this aim the vertex feature vector Ξi is enriched with a saliency measure

ςpi ∈ [0 . . . 1] . Given a set of body models, the saliency of each vertex is related to

its minimum distance from all the corresponding vertices belonging to the other

models:

ςpi ∝ min
t

(
dH(Hp

i ,H
t
i )
)

+ s0,
∑

ςpi = 1 (4.23)

where ς0 is a fixed parameter that gives a minimum saliency to each vertex.

If ς is low, the vertex appearance is not distinctive; otherwise, the vertex has

completely original properties and it could be used as a specific identifier of the

person. The corresponding saliency-based distance Dς can be formulated based

on new weights by substituting ′wi to wi in eq.4.19.

w′i = abs(ρpi ) · abs(ρ
q
i ) · ς

p
i · ς

q
i (4.24)

This saliency-based distance Dς cannot replace Eq. 4.18, since it focuses on
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details discarding global information and then leading to macroscopic errors; the

re-identification should be based on both global (DH) and local (Dς) similarities.

Thus, the final distance measure DHς used for re-identification is the product of

the two contributions DHς = DH ·Dς .
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Chapter 5

From SARC3D to Articulated 3D

Body Models

A novel approach for people re-identification is presented in this chapter. The

new approach shares some similarities with the previously presented SARC3D

algorithm, but extends it to articulated 3D body models.

5.1 Introduction

Recently, the introduction of low cost range sensors like the Microsoft Kinect has

opened new solutions to surveillance and forensics research fields, included the

re-identification task. Thanks to these new devices and the high quality of the es-

timated depth data it has become possible to detect and track human body joints

in real-time [185, 193], this allows for the efficient and effective recognition of hu-

man poses and actions. A first attempt at using depth-data for re-identification

was made by Barbosa et al. [26], they exploit soft-biometric measures (i.e. set

of ratios of joint distances) extracted from the tracked skeletons of pedestrians

which are used to generate a person profile. The approach is quite promising,

however the intrinsic noise on the estimation of the joint positions do not al-

low reaching very high performances. For this reason a new approach similar to

SARC3D is proposed in this chapter: from the human body joints extracted by a

Kinect device, a human skeleton is constructed. The skeleton is sub-divided into
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bone fragments, and an appearance-based descriptor is assigned to each one of

them.

The high dimensionality of the signatures obtained with this model based

approach requires additional steps of feature selection and metric learning. A

metric learning approach learns a distance matrix M from a training set of fea-

ture vectors which select the most important dimensions and assign to them a

higher weight. Different learning algorithms for the metric estimation have been

proposed (the most famous being [218]) and adopted in several recent proposals

for re-identification [14, 139]. The most important drawback of these methods is

the need of a wide training set during the metric learning, in order to avoid the

estimation of a metric over-fitted on the specific training data. In this thesis the

approach presented by Hirzer et al. [104] is exploited, this method proved to be

very efficient and effective for 2D re-identification.

5.2 Bone feature set and person signature

In order to provide a spatial location to each appearance feature, pixels of the

color image need to be connected to a bone of the person. To this aim, OpenNi

is exploited to find a set of human joints (see the red dots in Figure 5.1), these

joints are then linked to build a simple human skeleton (see Figure 5.1). Let T =

{τ1, . . . , τ15} be the set of 15 joints, where each of the elements τi corresponds to

the 3D position of the joint. Based on T, the corresponding “bone” set B ⊂ T × T

is obtained as the set of edges of the joint graph (see Figure 5.1). Each bone

βi ∈ B is defined using the 3D coordinates of the two extremities: βi = (τr, τs).

Let Nβ = |B| be the number of bones, 18 in our skeleton model.

Given the point cloud W = {(x1, κ1) . . . (xW , κW )}, where xj and κj are the

position and the color of each point respectively, a point-to-bone assignment is

provided using a min-distance criteria and the subsets Wi of points connected to

the i-th bone βi are obtained as follows:

Wi = {(xj, κj) ∈W|i = P(xj)} , j = 1 . . .W (5.1)

where P is the function returning the index of the closest bone:
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P(xj) = arg min
i=1...Nβ

d(xj, βi) (5.2)

The pixel-to-bone distance d(xj, βi) is the common point-to-segment Euclidean

distance.

After the pixel-to-bone assignment, the signature of the person is composed

by the set of color histograms computed for each bone:

Hp = {Hp
1 , . . . , H

p
N} . (5.3)

where Hp
i is the color histogram of the bone βi of the p-th person. In the ex-

periments reported in chapter 6, Hp
i are RGB color histograms with a 8 bin

quantization for each channel, normalized to sum up to 1. If the person model

is obtained as the integration of multiple views, the histograms are computed

Figure 5.1: Vitruvian body model with superimposed the joints and bones used
in the proposed system
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(a) (b) (c)

Figure 5.2: Point cloud to bone assignment. a) the skeleton tracking result using
the OpenNi libraries, b) the point assignment using the default bone set and c)
the final set after automatic fragmentation.

using all the image points assigned to the same bone. A visual example of the

pixel-to-bone assignment is reported in Figure 5.2(b).

5.3 Distance metric

The distance between two person signatures Hi and Hj can be computed as the

sum of distances between each corresponding couple of histograms:

d(Hi,Hj) =

Nβ∑
n=1

αn · d(H i
n, H

j
n), (5.4)

where d(H i
n, H

j
n) is the Mahalanobis distance between H i

n and Hj
n.

However, the distance function of Eq. 5.4 requires the estimation of the

bones weights αn. Moreover, the dimensionality of the signature Hp computed
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for each person as in Eq. 5.3 is too high, leading to problems on its storage and

matching. Using the defined skeleton model composed by 18 bones and using 512

bins for each histogram, the final signature is composed by 9216 elements. Each

signature is thus processed with a PCA step, which simultaneously reduce the

dimensionality and filter the intrinsic noise. The person signature obtained from

Hp becomes a 96 dimensional feature vector §p = X(Hp).

Instead of using Eq. 5.4, the metric scheme adopted to compare person signa-

tures is inspired from the one presented in [104], called Relaxed Pairwise Metric

Learning (RPML), that has proved to be a highly efficient and effective metric

learning approach. RPML aims at computing a pseudo-metric M , which, sim-

ilarly to the Mahalanobis distance, provides a dissimilarity score of two feature

vectors Hi and Hj:

dM(Hi,Hj) = (Hi −Hj)
>M(Hi −Hj) =

= ‖ L(Hi −Hj) ‖2
(5.5)

where M = L>L.

In order to exploit the discriminative information of the data during the metric

learning, the person re-identification problem is redefined as a two-class problem:

firstly, samples from the data space are converted to the label agnostic difference

space. Secondly, the original class labels are discarded and the samples are re-

arranged into the similar and different classes S and D (i.e., if two signatures

belong to the same person, their difference is labeled as S, otherwise as D).

Starting from the following objective function:

L(L) = 1
|S|
∑

(i,j)∈S ||L(Hi −Hj)||2

− 1
|D|
∑

(i,j)∈D ||L(Hi −Hj)||2
(5.6)

the problem of finding the best M can then be defined as

arg min L(M)

subject to M � 0,

LΣSL
> = I,

LΣDL
> = I

(5.7)
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where

L(M) = tr(M(ΣS − ΣD)) (5.8)

and

ΣS =
1

|S|
∑

(i,j)∈S

(Hi −Hj)(Hi −Hj)
> (5.9)

ΣD =
1

|D|
∑

(i,j)∈D

(Hi −Hj)(Hi −Hj)
> (5.10)

By relaxing the positivity constraint M � 0, the problem can be simplified into

finding an M such that

tr(M(ΣS − ΣD)) = 0 (5.11)

A bounded approximation for M can be found as M = (ΣS
−1 − ΣD

−1). Tech-

nically, due to the relaxation the finally obtained matrix M does not describe a

pseudo-metric. Nevertheless, the experimental results show that the estimated

solution provides a sufficient approximation for the given task and that competi-

tive results can be obtained; however, on a much lower computational effort than

other metric learning approaches.

5.4 Automatic bone fragmentation

The bone set B defined using the fifteen joints from OpenNi is not optimized for

people re-identification. The main drawbacks are related to the different lengths

of the bones and the semantic differences between bones and appearance regions.

To this aim, an automatic bone fragmentation step has been introduced in order

to generate a set of bones B∗ more suitable for re-identification tasks. Our goal

is to find the skeleton partitioning which maximizes the re-identification score

AUC (see Section 3.4.2). The size of the corresponding search space is too high

for an exhaustive global maximum selection. An iterative procedure inspired by

the Cuckoo search approach [210] has been implemented.

The set B∗ is iteratively derived from B replacing one of the existing bones

with the couple of sub-bones obtained after a split. A split S = (bi, α) is rep-

resented by the index of the selected bone βi and the split position α ∈ [0, 1].

82



At each iteration, a set of candidates {Sk} is randomly generated by selecting

both the bone index and the split point α using a fast uniform distributed gener-

ator. The best split is then selected maximizing the re-identification score AUC

on a training set of samples. The iterative algorithm is stopped when the re-

identification performance are not increased by adding an additional split. The

final bone set created using our training set and the corresponding pixel-to-bone

assignment are depicted in Figure 5.2(c) and is composed by 38 elements. An

experimental evaluation of the proposed system is presented in chapter 6, section

6.3.
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Chapter 6

Experiments

In this chapter experimental results of the proposed methods for people re-

identification and their components are presented. The summarized performance

results are reported using the Cumulative Matching Characteristic (CMC) curve,

which is analogous to the ROC curve for detection problems[96], and using the

compact Area Under the Curve (AUC) measure, which is the integral of the cu-

mulative curve. Firstly, to demonstrate the use of the CMC curve and relative

measures, experimental results of state of the art algorithms on the ViPER and

CAVIAR datasets are reported. Then an extensive experimental evaluation of

the proposed methods (SARC3D and 3D articulated body models) is presented.

Lastly and in-depth experimental evaluation of the proposed orientation detection

algorithm is reported.

6.1 Reported results from State of the Art meth-

ods

To demonstrate the use of the CMC curve and relative measures, Table 6.1 and

Table 6.2 contain quantitative comparisons of some of the techniques reviewed

in Chapter 2 on the ViPER and CAVIAR datasets (using two different subsets),

respectively. The numeric values have been collected from the corresponding

papers and some of them have been estimated approximately from graphical

outputs. Excluding the last three rows obtained with interactive refinements
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Table 6.1: Quantitative comparison of some methods on the ViPER dataset

Method Rank-1 Rank-5 Rank-10 Rank-20
RGB Histogram 0,04 0,11 0,20 0,27
ELF [95] 0,08 0,24 0,36 0,52
Shape and Color Covariance Ma-
trix [146]

0,11 0,32 0,48 0,70

Color-SIFT [146] 0,05 0,18 0,32 0,52
SDALF [80] 0,20 0,39 0,49 0,65
Ensemble-RankSVM [40] 0,16 0,38 0,53 0,69
PRDC [218] 0,15 0,38 0,53 0,70
MCC [218] 0,15 0,41 0,57 0,73
IML [6]
- No Metric Learning 0,07 0,11 0,14 0,21
- using human interaction - 1 it-
eration

0,42 0,42 0,43 0,50

- using human interaction - 5 it-
erations

0,74 0,74 0,74 0,74

- using human interaction - 10 it-
erations

0,81 0,81 0,81 0,81

through relevance feedback, the best Rank-1 performance on the ViPER dataset is

provided byFarenzena et al. [80](SDALF). Sophisticated ranking strategies could

improve the performance of Rank-5, Rank-10 and Rank-20, as highlighted in

the results reported by Brosser et al. [40] and Zheng et al. [218]. A relevance

feedback step proved to be very helpful with retrieving all the required matches.

This could be a useful application in forensics but less so in automatic surveillance

applications where human interaction is uncommon.

6.2 SARC3D Experimental results

In order to evaluate the SARC3D method presented in Chapter 4 several tests

were performed on these publicly available datasets:

• 3DPeS[24] (See section 3.3).

• the ViSOR Dataset[23] (See section 3.2).
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Table 6.2: Quantitative comparison of some methods on selected frames from the
CAVIAR dataset

Method Rank-1 Rank-5 Rank-10 Rank-20
Caviar4Reid data set
AHPE[29] 0,08 0,32 0,53 0,74
SDALF [80] 0,09 0,38 0,58 0,77
CPS [50] 0,16 0,48 0,69 0,86
Personal data set
BoF+SVM [135] 0,58 0,93 0,98 1,00

• the PETS2009 dataset[166].

3DPeS was used for testing the performances of the full SARC3D proposal, while

the ViSOR dataset was exploited to test the SARC3D model resilience to errors

and noise in the orientation and position estimation. Some qualitative outcomes

on the PETS2009 dataset are shown. Firstly different combinations of features,

metrics and parameters are tested. Then, a comparison with two state of the

art methods is provided. Each SARC3D experiment is shown using CMC curves

computed averaging 10 different test runs on random partitions of the dataset.

Lastly the SARC3D model resilience to errors and noise in the orientation and

position estimation is evaluated. Some of the experiments reported here were

also partially presented in [23]

6.2.1 SARC3D Feature selection and parameter tuning

The performances of the vertex descriptors proposed in section 4.2.1 and the

different strategies for multiple views integration of section 4.4 are reported: Mean

HSV histogram, Mean RGB histogram, Bag of HSV histograms, Bag of RGB

histograms and a combination of RGB and HoG histograms (both in the variants

bag-of-histograms and average histograms) are some of the vertex descriptors

tested. All tests were conducted on the 3DPeS dataset.

For this particular test 3 views for the creation of both the query and the set of

training models were randomly selected. Figure 6.1(a) shows the corresponding

CMC curves. The bag-of-histograms solutions always outperform the averaged al-

ternatives, demonstrating stronger reliability to viewpoint changes and alignment
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HSV Average HSV BoH RGB Average RGB BoH RGB+HoG Average RGB+HoG BoH

3vs1 0.889 0.914 0.882 0.905 0.872 0.898
3vs3 0.961 0.971 0.967 0.975 0.968 0.977

Table 6.3: AUC for the different features tested: 3vs3 and 3vs1 tests

errors.

To test the performance of the model in unbalanced cases, i.e., when the

matching models are generated by a different number of views, a different training

set was created, using 3 views as in the previous experiments, while the query

model was created from a single view only (indicated as 3vs1 in the following).

Figure 6.1(b) shows the corresponding results.

Table 6.3 shows the AUC (Area Under Curve) measure for the six types of

feature vectors, the first rows shows tests performed using 3 views for both the

creation of the query and test models (3vs3 ), the second row report tests per-

formed using 3 views for the query model creation and only 1 view for the test

model (3vs1 ). As can be seen from the table the HoG feature barely improves

performance, this is due to the presence of many low-resolution images in the

dataset. If the dataset is restricted to high-resolution images only the HoG fea-

tures improve performance by 1−5%. As an example, when restricting the dataset

to images with a resolution greater than 150x50 pixels the resulting AUCs for

the 3vs1 and 3vs3 test cases are 0.971 and 0.983 for the RGB+HoG feature and

0.954 and 0.976 for the RGB only feature, both in the Bag of Histograms variant.

Finally, the effective capability of SARC3D to integrate multiple views was

evaluated. In figure 6.2 the improvement in re-identification performances ob-

tained by adding more views to each SARC3D model are reported. The results

are also reported in Table 6.4 for all the tested cases using the AUC score. Figure

6.2 also compares HSV and RGB features in the Bag-of-Histograms configura-

tion: as can be inferred from the graphs and from table 6.4, HSV outperform RGB

when the number of views used is low. This may be due to the HSV space being

slightly more resilient to illumination and color response changes, but when lots of

additional views are available the higher color discriminability of the RGB space

outperform HSV, despite being more sensible to noise (like illumination and color
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(a) (b)

Figure 6.1: Testa on different feature sets: a) query and test models created with
3 views each, b) query models created with 3 views, test models created with one
view only

changes) a problem which is however partially solved by the bag-of-histograms

approach.

1vs1 2vs1 3vs1 4vs1 5vs1 3vs3
Median RGB 0.812 0.852 0.882 0.942 0.958 0.967
Median HSV 0.827 0.868 0.883 0.938 0.958 0.961
HSV+BoH 0.830 0.872 0.914 0.950 0.963 0.971
RGB+BoH 0.817 0.856 0.905 0.954 0.967 0.975

Table 6.4: AUC for all the tested cases and different number of views

In the next series of experiments, a particular descriptor was selected (average

HSV histograms) and the resilience of the SARC3D model to random perturba-

tion of it’s position and orientation was tested. All tests were performed on the

ViSOR dataset. In tables 6.5 and 6.6 the system performance in presence of ran-

dom perturbations of the correct alignment is reported; both errors on the ground

plane localization and on the orientation have been introduced. The performance

reported on the table shows that our system is still reliable, even in the case of
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Figure 6.2: Multiview comparison between HSV and RGB features in the Bag-
of-Histograms configuration

non-precise model alignment and orientation, keeping good results with localiza-

tion precision up to 6 pixels (45% overlap between the projected bounding box

of the model and the image blob) and orientation up to 30 degrees.

6.2.2 SARC3D Comparison with state of the art

In this section SARC3D is compared with two state-of-the-art methods on the

3DPeS dataset: the SDALF method proposed by Farenzena et al. [80] and the

ensemble of features proposed by Gray and Tao [95].

SDALF is a purely two dimensional method. It consists in the extraction

of features that model three complementary aspects of the human appearance:

the overall chromatic content (using weighted HSV histograms), the spatial ar-

rangement of colors into stable regions (Maximally Stable Color Regions), and

the presence of recurrent local motifs with high entropy. All these features are
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Correct With noise on localization
Alignment 2 px 4 px 6 px 12 px 16 px

Rank (15%) (30%) (45%) (75%) (90%)
1 0.68 0.63 0.60 0.58 0.51 0.45
2 0.78 0.75 0.73 0.72 0.65 0.60
3 0.83 0.83 0.81 0.80 0.74 0.68
4 0.85 0.86 0.85 0.84 0.76 0.75
5 0.90 0.88 0.86 0.85 0.78 0.78
10 0.96 0.96 0.97 0.95 0.94 0.90

Table 6.5: Performance evaluation of the system using random perturbations of
the 3D model localization (3vs1 case)

Correct With noise on orientation
Rank Alignment 5◦ 10◦ 15◦ 30◦ 40◦ 60◦ 90◦

1 0.68 0.61 0.60 0.58 0.55 0.54 0.53 0.50
2 0.78 0.74 0.75 0.76 0.70 0.69 0.69 0.66
3 0.83 0.80 0.81 0.81 0.77 0.75 0.81 0.75
4 0.85 0.85 0.84 0.83 0.81 0.79 0.85 0.80
5 0.90 0.89 0.87 0.88 0.86 0.82 0.87 0.84
10 0.96 0.96 0.96 0.96 0.94 0.95 0.96 0.95

Table 6.6: Performance evaluation of the system using random perturbations of
the 3D model orientation (3vs1 case)

derived from different body parts, and opportunely weighted by exploiting sym-

metry and asymmetry perceptual principles (each appearance image is segmented

into legs/torso/head using simple heuristics).

The method proposed in [95] consists of an ensemble of features: RGB, HSV

and YCbCr histograms (each channel quantized into 16 bins) and the histograms

of the response to 13 Schmid and 8 Gabor filters (each response quantized into

16 bins). The different features are concatenated in a single 464 dimensional

feature vector, a feature vector is computed for each of the 3 fixed size stripes of

the person silhouette (roughly head, torso and legs). This method is extended

to the multi-view case by exploiting a bag-of-feature approach. In order to have

a fair comparison, the distance between feature vectors is computed through

the Euclidean distance between the descriptors instead of applying an additional

metric learning.

Figures 6.3 and 6.4 shows different comparisons between the aforementioned

methods. Specifically figure 6.3(a) shows the case when 1 image only is used for
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both the training and the query model (indicated as 1vs1 in the following), 6.3(b)

when 3 images are used for the training model (indicated as 3vs1 in the following),

6.4(a) when 5 images are used for the training model (indicated as 5vs1 in the

following) and 6.4(b) when 3 images are used for both the training and the query

model (indicated as 3vs3 in the following). Table 6.7 reports accuracies at ranks

1, 5, 10 and 25 for the aforementioned four graphs.

As it can be inferred from the presented results, multi-views approach al-

ways outperform single shot approaches, however, adding 3D information, and

specifically a better feature localization scheme like SARC3D, greatly improves

the re-identification performances as highlighted by table 6.7. It also should be

noted that the presented algorithm does not require a pixel perfect position and

orientation estimation. As can be inferred from figures 6.20 and 3.4 the posi-

tion and orientation estimation is far from perfect (reaching 61% accuracy on the

3DPeS dataset as reported in the following section), at the same time the sil-

houettes extracted and exploited in our methods are usually very noisy with lots

of holes and missing parts as shown in fig.3.4 where some sample silhouettes are

reported. Nevertheless, SARC3D substantially outperforms the other methods

at every rank.

6.2.3 SARC3D Qualitative experiments

The system was also tested on the PETS 2009 dataset [166] in order to evaluate

the proposed method in real life conditions. The City center sequence, with

three overlapping camera views, was selected. A 12.2m × 14.9m ROI was chosen,

which is visible from all cameras. The proposed method was added on top of

a previously developed tracking system (See Appendix A for details), the goal

of our method was to repair broken track and re-identify people that enter and

exit the rectangular ROI. Fig. 6.5 shows some sample frames from the system in

action. The obtained precision and recall are 80.2% and 88.7% respectively.

Fig. 6.6 shows three particular sample results from the ViSOR dataset: the

SARC3D model allows to evaluate small features in the people appearance and

it’s able to discriminate between three people wearing extremely similar dresses,

which differs only in minute details, like neck shirt shape and other small peculiar
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View integration Rank SARC3D SDALF Ensemble

1vs1

1 46% 23% 21%
5 62% 35% 38%
10 68% 42% 46%
25 76% 54% 60%

3vs1

1 51% 38% 29%
5 71% 60% 46%
10 79% 68% 53%
25 89% 82% 66%

5vs1

1 64% 52% 34%
5 85% 78% 61%
10 93% 86% 71%
25 97% 96% 87%

3vs3

1 70% 62% 51%
5 91% 83% 80%
10 95% 90% 88%
25 99% 96% 96%

Table 6.7: Average accuracy at ranks 1, 5, 10 and 25 using RGB histograms with
BoH for both the single shot and the multi-shot cases

(a) (b)

Figure 6.3: Comparisons with the state of the art: a)single shot - 1vs1, b) multi-
shot 3vs1
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(a) (b)

Figure 6.4: Comparisons with the state of the art: a) multi-shot 5vs1, b) multi-
shot 3vs3

(a) (b)

(c) (d)

Figure 6.5: (a) PETS dataset, sample frame from camera 1, (b,c,d) system output
superimposed to camera 1, 2 and 3 frames

aspects of the shirts design. Figure 6.7 shows some selected test queries made on

the 3DPeS dataset, comparing SARC3D and SDALF returns.
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(a)

Figure 6.6: Distance matrix obtained from three very similar people: the three
images used for the model creation (rows) and the test images (columns) are also
shown.

6.3 3D Articulated Body Model Experimental

evaluation

In order to evaluate the method proposed in Chapter 5 a new dataset was created

using Microsoft Kinect to extract depth information and relative point cloud. The

dataset contains various images of 40 people in different poses and orientations,

for a total of 450 shots and relative skeleton and point clouds. Half of the images

were used for metric learning and as training set for the bone fragmentation

learning, while the remaining 225 shots as testing. Some sample images from the

dataset are reported in Figure 6.8.

In order to evaluate the contribution of the bone fragmentation algorithm

described in Section 5.4 and the metric learning defined in Section 5.3 internal

comparisons were initially performed. The results obtained using the base sys-

tem (i.e., using the OpenNi bone set and the distance function of Eq. 5.4 with
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(a) (b)

Figure 6.7: Example queries made to our re-identification database. (a) Probe
image (for SARC3D this is just one of the images used for the model creation).
(b) Top 10 results (sorted left to right). First row shows SDALF results, second
row SARC3D results. The correct match is highlighted in green.

uniform weights) and with the integration of the two learning steps are reported

in Figure 6.9. The curves have been obtained averaging 50 experiments with

different training and the testing sets (randomly selected). As highlighted by the

graph, the learned metric strongly improves the re-identification performance.

The corresponding AUC values are reported in Table 6.8.

The proposed method was also compared to two state of the art re-identification

algorithms, SDALF [80] and SARC3D (detailed in Chapter 4). The online code

has been adopted and applied to the RGB images after the removal of the back-

ground by means of the depth stream. The head and feet positions from the

skeleton stream have been adopted as reference to align the SARC3D model on

the images. Results of the three methods are reported in Figure 6.10. The pro-
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Figure 6.8: Sample images and corresponding point clouds with the estimated
skeletons from the Kinect dataset

Method AUC

Base 0.963
+ Auto. bone fragm. 0.971
+ Metric learning 0.990
Overall proposal 0.994
Sarc3D [23] 0.983
SDALF [80] 0.969

Table 6.8: AUC values of the methods tested
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Figure 6.9: CMC curves of the proposed method on the Kinect dataset, showing
the contribution of the metric and bone fragmentation learning
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Figure 6.10: CMC curves of the proposed method (with both metric and bone
fragmentation learning) and two state of the art techniques on the Kinect dataset
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posed method outperforms both the SARC3D and the SDALF approaches. The

proposed method requires an off-line training in order to learn the metric (which

takes on average 4 seconds) and to learn the best splits of the skeleton (which

takes on average 195 minutes). The creation of a person model requires less than

10 ms (8.74ms for the computation of the point cloud by OpenNI and 0.47ms for

the computation of the histograms), the matching score computation takes on

average 2.11 ms. All tests were performed on an Intel Core i5 running at 2.66

GHz.

Figure 6.11: Sample results of the three tested methods on our dataset

Some sample results of the three methods on the new dataset are shown in

Figure 6.11, as can be seen the proposed method is much more resilient to pose

changes, unlike SDALF and SARC3D which assume people in a vertical standing
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position.

6.4 Orientation Detection Experimental results

The proposed Orientation Detection approach has been extensively tested on

three public datasets, namely the TUD Multiview Pedestrians dataset [11], 3DPeS

[24] and The ViSOR dataset [23]. In the following, quantitative results are pre-

sented and compared to the state of the art; finally some qualitative outcomes

on video sequences from PETS and 3DPeS are shown. The experimental results

reported here were also presented in [25].

The TUD Multiview Pedestrian dataset contains 5288 snapshot of pedestrians,

fully annotated with bounding boxes, orientation classes and skeletons. 20% of

the images were randomly selected from the provided training set to train the

classifiers, and then the same split originally proposed for validation and testing

are use: 248 snapshots for validation and parameters estimation, and 300 images

for testing.

For the 3DPeS dataset, people snapshots were randomly selected from the

provided videos and manually annotated, obtaining 1012 snapshots, 360 used for

training, 652 for testing.

The ViSOR Dataset provides 200 snapshots of 50 people taken from 4 prede-

fined points of view. All the provided images were used for testing only, exploiting

the same classifiers and parameters learned from 3DPeS, since images have similar

characteristics (image resolution and camera point of view).

Test results are presented in terms of classification confusion matrices, where

each row contains the ground-truth label whilst each column indicates the pre-

dicted one. In the following it is reported the classification accuracy for each class,

and two final measures: “Accuracy 8”, where exact hits only are considered, and

“Accuracy 4” where adjacent classes are also considered correct.

The first extensive experiments were carried out on the TUD Multiview Pedes-

trian dataset. Fig. 6.12 shows the results of our method without (Fig. 6.12(a))

and with (Fig. 6.12(b)) the Mixture of Approximated Wrapped Gaussians fil-

tering step. Predictably, the intermediate directions are more difficult to recog-

nize; additionally opposite and specular directions are difficult to disambiguate.
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(a) (b)

(c)

Figure 6.12: Confusion matrices on the TUD Multiview Pedestrian Dataset: (a)
without MoAWG filtering, (b) with MoAWG filtering, (c) using only the 4 main
classifiers (E, N, W, S) and the MoAWG step. Each row contains the ground-
truth label whilst each column indicates the predicted one

Directly using the outputs of the classifiers the average accuracy is around 58%.

However, the MoAWG step usually improves the classification of ambiguous cases,

reaching an average overall accuracy of 65%. In order to highlight the contribu-

tion of the MoAWG step, an additional test was performed: the training set was

reduced to just four main directions instead of eight, generating an array of 4

classifiers only (E, N, W, S). The continuous p.d.f. of Equation 4.17 is obtained

as a Mixture of four components, but the final label is quantized in 8 classes,

recovering the intermediate directions. The corresponding confusion matrix is

reported in fig. 6.12(c).

Fig. 6.13(a) shows the confusion matrix of the proposed method on the 3DPeS

dataset, while Fig. 6.13(b) shows the system results on the ViSOR dataset. The

average accuracy of the system is still around the 60% in both cases. The ViSOR

dataset contains people oriented in 4 main directions only, but the array of 8

classifiers trained on the 3DPeS dataset was exploited.

Fig. 6.14 summarizes the results obtained on the three datasets, both with the
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(a) (b)

Figure 6.13: Confusion matrices on the (a) 3DPeS and (b) Sarc3D datasets.

Figure 6.14: Performance summary on the three datasets

MoAWG step and without it (indicated as No AWG in the table). As reported,

the MoAWG step always improves the classification performance (from 4% on

3DPeS, to 25% on Sarc3D). Additionally accuracy 8 and accuracy 4 scores are

reported. A visual example of the classification output on the TUD dataset is

depicted in Fig. 6.15. Each image has been recolored following the rules of Fig.

4.14. The top half color of each image represents the ground-truth value, while

the bottom half shows our results.

Using the same method, qualitative results on an excerpt of the “PETS2009

- Flow Analysis and Event Recognition” video sequence and on a video from

3DPeS are shown in Fig. 6.16 and Fig. 6.17 respectively. In this last case, the

ground-truth was generated from the person trajectory on the ground plane and

thus a precise orientation angle is used in the evaluation.

6.4.1 Comparative evaluation

The system results have been compared against two state of the art techniques

[11, 48] and other alternative solutions exploiting different classifiers and features

on the TUD dataset. In particular, the classification accuracy of the system is
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Figure 6.15: Qualitative results on some snapshots from the TUD dataset

Figure 6.16: Qualitative results on a excerpt from PETS2009; a woman dressed
in red is initially walking from left to right and then away from the camera

evaluated, where variations of Support Vector Machines and Random Forest clas-

sifiers are adopted instead of the Extremely Randomized Trees, and Covariance

Descriptors [196] replace the HoG-based feature vector (Table 6.18). The first

row (HoG - ERT -AWG) reports the performances of our complete method which

outperforms all the other solutions:

• Eight Randomized Forests on HoG features with and without the MoAWG

step (HoG - RT - AWG and HoG - RT - NoAWG);

• Eight SVMs in regression mode on HoG features with and without the

MoAWG step (HoG - Multi SVMr - AWG and HoG - Multi SVMr - NoAWG);

• A single multi-class SVM used in Classification mode on HoG features (HoG

- Single SVMC - No AWG); the response vector ψ is not available and thus
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Figure 6.17: Qualitative results on images from a person tracked in 3DPeS

the AWG step is not applicable;

• A single Multi-class Random Trees classifier on HoG features (HoG - Single

RT - No AWG); similarly to the SVM based solution, the AWG step is not

allowed in this case;

• Just four Extremely Randomized Forests on HoG features with and without

the MoAWG step (HoG - 4 ERT - AWG and HoG - 4 ERT - NoAWG); The

AWG step allows to recover the intermediate directions.

• Extremely Randomized Trees on classic Covariance descriptors [196] (COV

- ERT - AWG and COV - ERT - NoAWG);

• Eight SVMs in regression mode on classic Covariance descriptors [196]

(COV - SVM - AWG and COV - SVM - NoAWG);

• Extremely Randomized Trees and SVMr on modified Covariance descrip-

tors, which embed information on mutual correlation between gradients in

different image cells (COV2 - ERT - AWG, COV2 - ERT - NoAWG, COV2

- SVM - AWG and COV2 - SVM - NoAWG);

In all experiments the following parameters where used: for the Extremely

Randomized Trees and Random Forests Classifiers the number of trees was set
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Figure 6.18: Comparison of the proposed method with alternative solutions ex-
ploiting different classifiers and features

Figure 6.19: Comparison of the proposed method with the state-of-the-art

to 50, the maximum depth for each tree was set to 20. For the SVMs, ν-SVM

classifiers were used, with a standard RBF kernel. The parameters γ was set to

0.000407, ν set to 0.5. For the MoAWG, σ was set to 0.75. Lastly, Fig. 6.19

compares the proposed method against the one presented by Chen et al. [48],

which uses a similar feature vector and a sparse representation technique, and

against the methods presented by Andriluka et al. [11], which exploit banks of

viewpoint specific part based detectors (linear SVMs) trained on the 8 orientation

classes. In the first row, the results of the proposal are reported as reference. The

second row shows the performance of [48], while the other rows contain three

variants of the method by Andriluka et al. [11]. In the first case (referenced as

Max in the table), the orientation is estimated as the maximum over the outputs

of 8 specific detectors; in the second case (SVM), eight additional SVMs are

trained on top of the viewpoint specific detectors using training images from one
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Figure 6.20: Some sample of the orientation and position estimation steps on the
3DPeS dataset

class as positive samples and the remaining ones as negatives samples. Finally,

in the last case (SVM-Adj) orientations are grouped into triplets of adjacent

directions and 8 linear SVMs are trained on such groups. This outperforms all

the previous solutions; in particular, the improvement with respect to the one

presented by Chen et al. in [48] is around the 18%. Fig. 6.20 reports some

qualitative results of the orientation estimation on the 3DPeS dataset.
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Chapter 7

Conclusions

Between the plethoras of re-identification approaches presented in the scientific

literature so far, only a handful of them try to exploit 3D information in the re-

identification process. SARC3D, thorough this thesis, proves to be a very reliable,

efficient and effective solution to this problem. Despite being a 3D method,

hence apparently requiring lots of prior data for calibration and image registering,

this thesis proves that 3D (or 2.5D) methods can be easily exploited even when

full calibration and image registration is not entirely possible, through a clever

design of the model itself and the algorithms exploited. Results both in real

surveillance videos and in the proposed new benchmark datasets (3DpeS,ViSOR)

are very promising for the future. When additional depth-data is also available,

a new solution has been presented in this thesis, based on articulated 3D body

models that spatially localize identifying patterns and colors on virtual bones.

Experimental results on a dataset captured with the Microsoft Kinect prove the

improvement obtained using articulated models instead of fixed containers (such

as the SARC3D) or 2D body models. It is my belief, and indeed it has been

proven here, that this new explored way based on 3D body models could be the

starting point for future innovative solutions.
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Appendix A

Multi-View People Surveillance

Using 3D Information

In this appendix a novel tracking system is presented, that was the result of a

collaboration with Ákos Utasi, Csaba Benedek, Tamás Szirányi

of the Computer and Automation Research Institute, Hungarian Academy of

Sciences. It was originally presented in [197] and combined with SARC3D in

[22].

A.1 People Localization and Tracking via 3D

Marked Point Process model

The proposed method operates in a multi-camera system, and its inputs are the

Tsai’s calibration parameters [195] and the foreground masks extracted from each

view using a Mixture of Gaussians (MoG) background model [191]. The key idea

of this step is to simultaneously project the foreground pixels on the ground plane,

and on a parallel plane shifted to the estimated height of the person, see Fig. A.1.

If this estimation is correct, it can observe from a birds-eye viewpoint that the

point of osculation of the silhouette’s ground and head plane projections is the
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ground position of the person. Since the heights of the people are unknown, the

masks are projected on multiple planes having distances from the ground in the

range of typical human sizes. Then the projections from multiple views are fused

together, and searched for the optimal configuration in an iterative process using

the above features and geometrical constraints.

Figure A.1: The available camera calibration model is used for projecting the
moving body silhouettes on the ground plane (blue) and on parallel planes (red)
having different heights, source: [197].

A.1.1 Feature extraction

Our hypothesis on the location and height of a person is based on the 2D image

formation of a 3D object in the conventional pinhole camera model. Lets consider

in Fig. A.1 the person with height h, and project the silhouette on the P0 ground

plane (marked with blue) and on the Pz plane with the height of the person (i.e.

z = h, marked with red). Also consider the v vertical axis of the person that

is perpendicular to the P0 plane. It can be observed that from this axis, the

silhouette points projected to the Pz|z=h plane lie in the direction of the camera,

while the silhouette print on P0 is on the opposite side of v.

Based on the above observation a numerical feature is defined, which evaluates

a given [p, h] object candidate. It is denoted by ri0(p) a unity vector, which points

from p towards the ground position of the i -th camera on the P0 plane, and by

riϕ(p) the rotation of ri0(p) with angle ϕ. The foreground points of the i -th view
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projected to the P0 and Ph planes are also denoted by Ai0 (blue in Fig. A.1) and

Aih (red), respectively.

(a) f i
h(p) (b) f i

cl(p) (c) f i
ol(p)

(d) f i
h(p) (e) f i

cl(p) (f) f i
ol(p)

Figure A.2: Calculation of the f ih(p), f
i
cl(p) and f iol(p) features in two selected

positions, corresponding to a person with closed (top) and open (bottom) legs,
respectively.

An object hypothesis [p, h] is relevant according to the i-th camera data if

it jointly meets constraints about the head and leg positions. On one hand, we

should find projected pixels on Ph (i.e. red prints) in the neighborhood of the p

point in the ri0(p) direction, but penalize such silhouettes points in the opposite

direction riπ(p). To measure this property, circular sectors S+
h and S−h around

p directed into ri0(p) (red in Fig. A.2) and riπ(p) respectively are defined. The

sectors have fixed arc and radius, which are parameters of the model. Then,

following Fig. A.2(a) and (d), the head feature is computed as:

f ih(p) =
Area

(
Aih ∩ S+

h (p)
)
−Area

(
Aih ∩ S−h (p)

)
Area

(
S+
h (p)

) .

On the other hand, two different cases must be distinguished by the definition

of the leg position constraint. People with closed legs can be handled in an

analogous manner to the head feature (see Fig. A.2(b)). Here S+
cl and S−cl sectors
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correspond to riπ(p) and ri0(p) directions respectively, and

f icl(p) =
Area

(
Ai0 ∩ S+

cl (p)
)
−Area

(
Ai0 ∩ S−cl (p)

)
Area

(
S+
cl (p)

) .

However, if the person is in the swing phase of the gait cycle the previous de-

scriptor proves to be inaccurate (see Fig. A.2(e)). Instead, an open leg feature

was developed (see Fig. A.2(c) and A.2(f)), whose attractive region, S+
ol , con-

sists of two, half sized circular sectors corresponding to the directions ri±3π/5(p).

The repulsive sector, S−ol is constructed in the same way as S−cl . Then, f iol(p)

feature term is derived similarly to f icl(p). Since it can be easily observed that

for our purposes, the gait phase of each person can be fairly approximated ei-

ther by the closed or by the open leg states, the joint leg feature is obtained as

f il (p) = max(f icl(p), f
i
ol(p)). Finally, the head and leg features are truncated to

take values in the [0, f̂ ] range, and are normalized by f̂ , which controls the ratio

required to produce the maximal output.

If the object defined by the [p, h] parameters is completely visible for the i-th

camera, both the f ih(p) and f il (p) features should have high values. However,

in the available views, some of the legs or heads may be partially or completely

occluded by other pedestrians or static scene objects, which can strongly corrupt

the feature values. Therefore a stronger feature can be constructed by averaging

the responses of the N available cameras: f̄h(p) = 1/N ·
∑N

i=1 f
i
h(p), f̄l(p) =

1/N ·
∑N

i=1 f
i
l (p). Finally, the joint data feature f(p, h) is derived as f(p, h) =√

f̄h(p) · f̄l(p).

A.1.2 3D Marked Point Process model

Since the goal of the proposed model is position and height estimation of the

people, a person can be approximated by a cylinder u in the 3D scene, with a fixed

radius R. The free parameters of the cylinder object are the center coordinate p

on P0 and the height h, i.e. u = (p, h) The aim of this methods is to to extract a

configuration of n cylinder objects in the scene: ω = {u1, . . . , un} where n is also

unknown.
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The global input data (D) of the model consists of the foreground masks and

the calibration matrices. An input-dependent energy function on the configura-

tion space is defined: ΦD(ω), which assigns a negative likelihood value to each

possible object population, and is divided into data dependent JD and prior I

parts:

ΦD(ω) =
∑
u∈ω

JD(u) + γ ·
∑
u,v∈ω
u∼v

I(u, v) , (A.1)

where JD(u) ∈ [−1, 1], I (u, v) ∈ [0, 1] and γ is a weighting factor between the

two terms. The u ∼ v relation holds if the two cylinders intersect.The optimal

object population is derived as the maximum likelihood configuration estimate,

i.e. ωML = arg minω∈Ω

[
ΦD(ω)

]
.

In the next step, the I prior and JD data-based potential functions should be

defined appropriately so that the ωML configuration efficiently describes the group

of people in the scene. First of all, configurations which contain many objects

in the same or strongly overlapping positions need to be avoided. Therefore, the

I(u, v) interaction potentials realize a prior geometrical constraint: they penalize

intersection between different object cylinders in the 3D model space:

I(u, v) = Area
(
u ∩ v

)
/Area

(
u ∪ v

)
. (A.2)

On the other hand, the JD(u) unary potential characterizes a proposed object

candidate segment u depending on the image data, but independently of other

objects. Cylinders with negative unary potentials are called attractive objects.

Based on (A.1) the optimal population should consist of attractive objects exclu-

sively: if JD(u) > 0, removing u from the configuration results in a lower ΦD(ω)

global energy.

At this point the fu = f(p, h) feature is exploited in the Marked Point Pro-

cess (MPP) model. Lets remember, that the fu fitness function evaluates a

person-hypothesis for u, so that ‘high’ fu values correspond to efficient object

candidates. For this reason, the feature domain is projected to [−1, 1] with a

monotonously decreasing Q(fu, d0) function: JD(u) = Q(fu, d0) = 1 − fu/d0, if

fu < d0; exp (D−1 · (fu − d0)) − 1 otherwise. Here the d0 parameter defines the
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minimal value required for acceptance. Consequently, object u is attractive ac-

cording to the JD(u) term if and only if fu > d0, where the d0 parameter defines

the minimal value required for acceptance.

Since finding the optimal configuration according to (A.1) is NP-hard, quicker

optimization techniques have to be used: the Multiple Birth and Death (MBD)

algorithm [70] was choosen for this purpose, which evolves the population of

people-cylinders by alternating randomized object generation (birth) and removal

(death) steps in a simulated annealing framework, see details in [70, 197].

A.1.3 Short Term Tracking

labelsec:shortterm The output of the detection stage is the set of detections

{utn};n ∈ [1 . . . N t] where N t is the number of detected objects at time t. The

short-term tracking system, instead, aims at creating and keeping updated a set

of moving objects {op}. The current and future state of each object is estimated

by means of a constant velocity Kalman filter. At each frame, a distance ma-

trix between current detections and tracked objects is computed and, after a

thresholding step, passed to a zero/one integer programming formulation for the

assignments. The detection-to-object distance is computed using the Euclidean

distance in the 3D space of the position and height of each object. The dis-

tance threshold has been set to a very low value in order to avoid wrong matches

even if an over segmentation of the trajectories is introduced and handled by the

long-term tracking system.

Unmatched detections are used to create new tracks only if they are localized

in an entering area (to prune the wrong multiple detections which can be found

in the center of the scene). Tracks without a matching detection, instead, are

kept alive and updated using the Kalman prediction only. After a predefined time

of inactivity or if their position exits from the scene the objects are definitively

deleted. Fig.A.3(a) reports a qualitative example of the short-term tracking, with

people id, position and trajectory superimposed. The red rectangle represents the

region of interest (ROI). Broken trajectories and people entering again the scene

after a while are managed by SARC3D.
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(a)

(b)

Figure A.3: (a) Estimated positions and heights are represented by a line. The
ids and trajectories are also superimposed using different color. The red area
corresponds to the ROI. (b) The 3D body models are placed in the estimated
ground positions, orientation is estimated from the trajectory.
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Appendix B

Fast Background Initialization

with Recursive Hadamard

Transform

In this chapter, a new and fast technique for background estimation from cluttered

image sequences is presented. Most of the background initialization approaches

developed so far collect a number of initial frames and then require a slow es-

timation step which introduces a delay whenever it is applied. Conversely, the

proposed technique redistributes the computational load among all the frames by

means of a patch by patch preprocessing, which makes the overall algorithm more

suitable for real-time applications. For each patch location a prototype set is cre-

ated and maintained. The background is then iteratively estimated by choosing

from each set the most appropriate candidate patch, which should verify a sort

of frequency coherence with its neighbors. To this aim, the Hadamard trans-

form has been adopted which requires less computation time than the commonly

used DCT. Finally, a refinement step exploits spatial continuity constraints along

the patch borders to prevent erroneous patch selections. The approach has been

compared with the state of the art on videos from available datasets (ViSOR and

CAVIAR), showing a speed up of about 10 times and an improved accuracy.
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B.1 Introduction

Segmentation of foreground objects using motion information is a core aspect

in many computer vision systems and in particular in automated visual surveil-

lance. Commonly, a foreground/background pixel-wise classification algorithm

is adopted for each frame, relying on a background model which should be kept

updated correctly. A wide variety of algorithms for background modeling and

updating have been proposed [168, 175]; among the others, Mixtures of Gaussian

[190] or statistical models [59] have been widely adopted. However, background

initialization is still a challenging problem, in particular when all the frames con-

tain moving objects and the empty background is never seen as a whole. Back-

ground initialization should also be very effective in cluttered video with many

moving objects and fast enough to be used in real time.

Often the problem of background initialization is neglected and it is directly

merged into the estimation and update steps: starting from an unreliable model,

errors are identified and corrected by analyzing the extracted foreground objects.

For example, in [59] a rough classification of the foreground objects is provided

with a motion-based validation step and the “ghosts” (i.e., regions of apparent

motion but classified as foreground object due to a dirty background) are used

to update the background. Object size, edges, optical flow or other features can

be exploited to post process the detected foreground regions and to discard the

erroneously detected objects [99, 162].

Broadly speaking, between three classes of background modeling algorithms

can be distinguished, depending on the spatial level used. All the above described

methods work at a region level, and usually are characterized by a high computa-

tional cost. Conversely, several methods try to solve the background initialization

problem working at a pixel level, mainly exploiting the pixel intensity temporal

constancy [137]. Even if these methods are very fast, they do not exploit spatial

relations. To mitigate the problem, statistical models for each pixel [190, 192]

or multiple background images have been proposed [32]. Finally, intermediate

solutions work at a block (or patch) level [51, 176, 179].

Independently from the spatial level adopted, two approaches can be defined:

recursive and non-recursive techniques. Recursive approaches maintain a single
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background model that is updated with each new video frame. These techniques

are generally computationally efficient and have minimal memory requirements.

Non-recursive techniques, instead, maintain a buffer of previous video frames and

estimate a background model based solely on the statistical properties of these

frames. This causes non-recursive techniques to have higher memory requirements

than recursive techniques. However, since they have explicit access to the most

recent video frames they can model aspects of the data which can’t be analyzed

with recursive techniques.

In [51], for example, when enough frames have been collected, static blocks are

selected as reference and directly included into the background; then the model

is completed by iteratively adding blocks which satisfy spatial consistency and

homogeneity constraints. Recently Reddy et al. [176] applied a similar approach,

using the DCT coefficients as a core feature to check the homogeneity constraint.

These methods are general and perform very well on different types of videos.

However, they are computationally too expensive to be correctly applied in real

time. For example, the method by Reddy et al. [176] contains an iterative block

selection which prevents parallel solutions and introduces a long delay when it is

executed.

In this appendix a new fast background initialization method is proposed,

working at block level in a non-recursive way, specially conceived for achieving

the best background model using the minimum number of frames as possible.

Similarly to [176]each frame is split into blocks, producing a history of blocks

and searching among them for the most reliable ones. In this last phase, the

method works at a super-block level evaluating and comparing the frequency

content of each block component. Differently from [176] which makes use of

the DCT coefficients, the Hadamard Transform is adopted [100] which is faster

and particularly suitable for this type of applications. In the next section a brief

description of the Hadamard transform and it’s properties is given. In section B.3

the proposed algorithm is described in detail, and results from real-life surveillance

videos are reported in section B.4.
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B.2 The Hadamard Transform

The Hadamard transform [100, 159] belongs to the generalized class of Fourier

transforms and it is based on the homonym matrix. The Hadamard matrix

is a square array whose elements can be ±1 only and its rows (and columns)

are mutually orthogonal. It’s recursive definition is one of the more interesting

properties for our purposes. The lowest-order Hadamard matrix H1 has size 1x1

and it is defined as H1 = [1]. The Hadamard matrices having order N = 2n, with

n integer, can be recursively defined. In particular, given the Hadamard matrix

of order N , the Hadamard matrix of order 2N is defined as:

H2N =

[
HN HN

HN −HN

]
(B.1)

Fig. B.1 contains some example of Hadamard matrices of various orders.

A frequency interpretation of the Hadamard matrix can be given [171]. Along

each row of the matrix, the frequency is related to the number of changes in sign.

This frequency interpretation of the rows of a Hadamard matrix allows us to

consider the rows to be equivalent to rectangular waves ranging between ±1 with

a sub-period of 1/N units. Thus, in this context the Hadamard matrix merely

performs the decomposition of a function by a set of rectangular waveforms rather

than the cosine waveforms associated with the DCT.

The aforementioned structure of the Hadamard matrix shows a key feature

that proves extremely useful: let f(x, y) be an image (or a patch extracted from

it) of 2N×2N pixels. Its Hadamard transform, F(u, v), is given by the matrix

product

F = M · f ·M (B.2)

where M is the Hadamard matrix of order 2N .

Another way to compute F(u, v) is by means of the Hadamard transform of

constitutive blocks. Let us decompose the image f(x, y) into four N×N blocks,

called A,B,C,D respectively. The product of Eq. B.2 can be accordingly de-

composed as reported in Eq. B.3:
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Figure B.1: Hadamard matrices of order N = 2n

F =

[
H H

H −H

][
A B

C D

][
H H

H −H

]
(B.3)

where H is the Hadamard matrix of order N . This leads to:

F =

[
f1,1 f1,2

f2,1 f2,2

]
(B.4)

where
f1,1 = HAH + HBH + HCH + HDH

f1,2 = HAH−HBH + HCH−HDH

f2,1 = HAH + HBH−HCH−HDH

f2,2 = HAH−HBH−HCH + HDH.

(B.5)
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The elements HAH,HBH,HCH and HDH in Eq. B.5 are the Hadamard

transforms of the blocks A,B,C,D. Therefore, it’s possible to compute the

Hadamard transform of order 2N from the four Hadamard transforms of order

N, something that it’s not possible in the case of the discrete cosine transform.

In addition to the recursive formulation, evaluating the Hadamard transform

is faster than estimating the DCT. For example, let us consider a 8x8 block: one

of the fastest DCT algorithms requires 94 multiplication and 454 additions [81],

while the Hadamard transform only requires 384 integer additions for the same

block (see [171] for details on the fast Hadamard computation algorithm).

Furthermore, a single 32x32 DCT (the usual size for the super-block in our

algorithm) would require on average 18.560 real-arithmetic operation (multipli-

cations and additions) [189]. By using the Hadamard transform that number is

reduced to 10240 integer additions; finally by exploiting the Hadamard matrix

structure by computing the 16x16 Hadamard transforms as soon as a frame is

available, the number of operations required for the 32x32 transform is reduced

to 3072 integer additions.

B.3 Recursive Hadamard Transform Background

Initialization

Commonly to the other methods which estimate the background after collecting a

statistically sufficient number of frames, the proposed technique analyze only the

first T frames It, t ∈ 1 . . . T of a video sequence, supposing that the number T of

analyzed frames is set high enough to guarantee that each part of the background

is visible in at least one frame.

Similarly to [176], each frame It is partitioned into disjoint square blocks of

16x16 pixels. Let bi,jt be the block extracted from It at the position (i, j). From

the above mentioned assumptions, it can be reasonably asserted that the final

background image should be obtained by the composition of opportunely selected

blocks.

To this aim, a three step algorithm is proposed. In the first step, each block lo-
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B C D

A X E

H G F

Table B.1: 8-connected neighbors of block X

cation is independently analyzed and a set of representative blocks is constructed

for each of them. The blocks belonging to sets which contain one element only

are automatically selected and fixed as background. In other words, if a block

is stable for all the first T frames, it is certainly a background block. Then, the

second step aims at selecting the remaining blocks following a growing schema at

a super-block level. New blocks are iteratively added to the background if they

are similar enough to three neighbors which have been already included in the

background.

The super-block should be constructed using the two 4-connected neighbors

and the diagonal block between them. In table B.1, for example, block X can be

estimated thanks to blocks A,B and C, or blocks C,D,E, and so on.

The block similarity is estimated evaluating the frequency coherence inside

a super-block with the Recursive Hadamard Transform. Finally, all candidate

blocks are checked again using a new refinement step to assure spatial continuity

of the background image along the block borders. These three steps are described

in the following subsections.

B.3.1 Block candidate sets

For each location (i, j), a representative set Ri,j =
{
ri,jk
}

of unique blocks should

be extracted. Each element ri,jk is associated to a weight Wi,j
k , that denotes the

number of occurrences in the image sequence. The blocks of the first frame are

automatically inserted in their corresponding sets, with an initial weight set to

1. Then, for each frame I2...T and for each location, the corresponding block is

compared with all the elements of the set, looking for the most similar item.

If the new block bi,jt is unique (i.e., it is different enough from all the other

representatives) it is added to the set with weight 1; otherwise, it is used to update
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the most similar block in the set through a weighted mean and the corresponding

weight is incremented by 1.

As proposed in [176], the similarity between two blocks bt and rk is checked

by means of the cross-correlation (Γ) and the MAD (Φ) coefficients, respectively

computed as:

Γ(rk, bt) =

N∑
x=1

N∑
y=1

[r(x, y)− µrk ] · [b(x, y)− µbt ]

σrkσbt
(B.6)

Φ(rk, bt) =
1

N2

N∑
x=1

N∑
y=1

‖rk(x, y)− bt(x, y)‖ (B.7)

where µ and σ are the intra-block mean and standard deviation respectively. The

two blocks bt and rk are considered similar if

Γ(rk, bt) > α ∧ Φ(rk, bt) < β (B.8)

where α and β are empirically selected; β can also be automatically estimated

using the following approach (as described in [176]). Using a short training video,

the MAD coefficients between co-located blocks of successive frames are calcu-

lated. These values are sorted and only the central half of them are kept. Calling

µ and σ their mean and standard deviation respectively, β can be set equal to

µ + 2 · σ. This ensures that low MAD values (close or equal to zero) and high

MAD values (arising due to object movements) are treated as outliers and thus

ignored.

B.3.2 Frequency-based block selection

At time T , when all the frames have been analyzed, the background image BG can

be effectively generated from the Ri,j sets. The background is firstly initialized

using stable and unchanged blocks, which are characterized by Wi,j
k = T . These

blocks are also quickly identified from the sets with one element only. Instead,
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for those sets with more than one members, the background block is chosen by

analyzing every representative block ri,jk and comparing them with their already

chosen neighborhoods in the frequency domain.

The background block at the location (i, j) can be estimated if it is the only

missing item in a 2x2 super-block. See fig. B.2 for an example: the X block need

to be analyzed, given that the A,B,C blocks have been already estimated. A set

of super-blocks can be constructed based on the elements of Ri,j and the known

adjacent background blocks. The first super-block (called, base super-block) is

constructed by forcing block X elements to zero, and filling blocks A,B,C with the

known data. It’s 2N -Hadamard transform is computed from the N -Hadamard

transforms of blocks A,B,and C (the Hadamard transform of a null block is a

null matrix), resulting in a matrix C of size M×M, with (M = 2N). Then for

each block in the representative set of X, a super-block is constructed by forcing

A,B,C to zero and filling X with the block data. It’s Hadamard transform is

easily constructed, being the Hadamard transforms of blocks A,B and C a null

matrices. This means that constructing the Hadamard transform of this super-

block requires no arithmetic operations at all. The result is stored in a M ×M

matrix Dk. A cost function is then defined as:

cost(k) =

(
M−1∑
v=0

M−1∑
u=0

|C(u, v) +Dk(u, v)|

)
λk (B.9)

where λk = e−δωk , with δ ∈ [0, 1] and ωk = Wk/
∑S

k=1 Wk. The representative

block which yields the minimum value of the cost function is assumed to be the

best candidate as background block.

Figure B.2: A super-block of block X
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B.3.3 Spatial continuity check and selection refinement

(a) Errors in the estimated back-
ground

(b) Corrected estimated background

Figure B.3: Estimated background before and after block selection correction

After all the previous steps, the chosen blocks are analyzed again to prevent

some errors (as can be seen in Fig. B.3(a)). Actually, the frequency domain

constraints embedded in Eq. B.9 are not enough to assure image continuity along

each block border. In fact, blocks candidates can have a very similar frequency

content but a different aspect, in particular this happens inside flat background

parts.

The average gradient along each border is computed, and if the average gra-

dient of two or more sides is greater than a given threshold γ, the selected block

is discarded and a new background block is selected among the remaining unique

representative blocks of the corresponding set, using the same algorithm described

in section B.3.2. The threshold value γ has been empirically set using part of the

CAVIAR dataset [46] (which yields the most errors in our experiments). Given

the sets of correctly and erroneously selected blocks, γ is the mean value of the

corresponding intra-set average gradients.

This final refinement allows to further improve the estimation accuracy.
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Table B.2: Datasets Summary
Dataset Subset Num. of Description Frames Size Parameters

Videos (Start - End)
CAVIAR set 1 28 large indoor 100 (300-400) 384*288 α = 0.8, δ = 0.5

room β = 10, γ = 60
CAVIAR set 2cor 26 indoor corridor 100 (0-100) 384*288 α = 0.8, δ = 0.5

side view β = 10, γ = 60
CAVIAR set 2front 26 indoor corridor 100 (0-100) 384*288 α = 0.8, δ = 0.5

front view β = 10, γ = 60
ViSOR Outdoor Unimore D.I.I. 28 outdoor 100 (100-200) 384*288 α = 0.8, δ = 0.5

setup - Multicamera large space β = 4, γ = 60
ViSOR Indoor Domotic 16 indoor 100 (100-200) 384*288 α = 0.8, δ = 0.5

Unimore D.I.I. setup small room β = 4, γ = 60
ViSOR Video for indoor people 6 indoor 100 (100-200) 384*288 α = 0.8, δ = 0.5

tracking with occlusions small room β = 4, γ = 60
ViSOR Outdoor Unimore D.I.I. setup 14 outdoor 100 (200-300) 384*288 α = 0.8, δ = 0.5

- Multicamera - disjoint views large space β = 4, γ = 60

B.4 Experimental results

Experiments on a total of 144 surveillance videos were carried out, as reported

in Table B.2. The starting frame of each sequence was chosen accordingly to

avoid trivial conditions like uncluttered scenes and background-only frames. Few

videos were also resized to 384 × 288 from their original dimensions to obtain

comparable results.

RHT was compared with the DCT-based algorithm presented in [176] and

a trivial median filter approach. The three methods have been implemented in

C++, partially using the OpenCV libraries and the Imagelab processing libraries.

Tests were performed on a 1.6 GHz dual core processor.

Parameters were set as follows: block size was set to 16x16 pixels, α was

empirically set to 0.8 as well as δ set to 0.5, β was automatically set to 10 for

the CAVIAR dataset, and 4 for the ViSOR dataset, γ was set to 60.

The DCT algorithm was able to elaborate images at 33 fps, but the actual

background computation was done at the end of the process in 1506 ms (on

average). This time is not compliant with a real time processing and the delay

introduced after the frame T is considerable. The median background has the

same drawback, with an even greater delay due to the sorting algorithm which

should be performed on all the frames. Using the proposed approach, instead,

the computational load is more balanced, images are processed at 27 fps, while

the actual background computation at the end takes on average 97ms only. Table
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A B C D E

Figure B.4: Example from two VISOR and two CAVIAR videos: (A,B) two
random frames, (C) Estimated background using the median filter, (D) using the
DCT based method of Reddy et al. ( [176] ), (E) Our proposed enhanced method

B.3 shows timing results for the three algorithms.

Table B.3: Timing results

Frame Background
Update (ms) Estimation (ms)

Median 46 3133
DCT-based Method [176] 29 1506

RHT 36 97

To evaluate objectively the resulted background images, a methodology simi-

lar to the one presented in [99] was used, but extended to color images. In order

to compare the results from the three algorithms the average error (AE) and the

number of clustered error pixels (CEP) are used. AE is the average of the dis-

tances between the pixels of the estimated and true background, while CEP is the

number of error pixels that are 4-connected to other error pixels. A pixel of the

estimated background is considered an error pixel if the distance from the same

pixel of the true background is greater than 20. Table B.4 shows the averaged
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Table B.4: Averaged results using CAVIAR dataset

Average Clustered
error error pixels

Median 16.00 5451
DCT-based Method [176] 14.12 3822

RHT 12.55 2334

Table B.5: Averaged results using ViSOR dataset

Average Clustered
error error pixels

Median 11.080 1929
DCT-based Method [176] 13.55 1807

RHT 12.62 968

results for the CAVIAR dataset [46], while table B.5 shows results for the ViSOR

dataset [202].

Fig. B.4 shows example results from four video sequences, the first two from

the ViSOR dataset and the last two from the CAVIAR dataset.
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