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ABSTRACT

A VIDEO SURVEILLANCE SYSTEM FOR DETECTION OF POTENTIALLY
DANGEROUS EVENTS IN UNDERGROUND RAILWAY STATIONS

Dagli, Mehmet Ali

Electrical and Electronics Engineering
Supervisor: Assoc. Prof. Cigdem Eroglu Erdem

April 2013, 59 pages

Due to the excess number of security cameras in metro stations, security personnel
cannot simultaneously monitor all of the cameras effectively. Therefore, they might
miss some of the potentially dangerous events that require timely action. In this thesis, a
video surveillance system, which automatically detects several potentially dangerous
events, and generates warning messages for the security personnel is presented. The
potentially dangerous events that are handled in this thesis consist of: safety line
intrusion, proximity warning, fallen object detection, prohibited zone violation and open
prohibited zone entry detection. Intrusion of the safety line along the tracks or an
accidental fall on the tracks can cause lethal events if necessary precautions are not
taken on time. Before the detection of the potentially dangerous events, it is important to
detect the moving objects in the scene. For this purpose several state-of-the-art
background estimation methods have been implemented and compared. Then moving
objects are detected based on the estimated background. Another event that is
informative is the state of the train, which can be either approaching, stopping, or
leaving the station. For example, if the train has stopped, then detection of safety line
intrusion is irrelevant, since passengers will be getting on and off the train.

The layout of the cameras at the pilot station has an active role in the development of the
algorithms. Video streams from four cameras in the station, which have different field of
views have been used for different purposes. For example, the camera used for the
detection of the prohibited zone violation is different from the camera that is used for
detection of the safety line intrusion. The developed system has been tested on video
data obtained from a pilot station in Istanbul, where no such automatic video analysis
system is currently being used. The experimental results are quite promising, and they
have been verified by security personnel. The system can operate real-time and can be
adjusted via a graphical user interface.

Keywords: video surveillance, security cameras, Train detection, railway security,
Information Fusion, safety line intrusion, background estimation
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OZET

METRO iISTASYONLARINDAKI OLASI TEHLIKELI DURUMLARIN KAMERA
GOZETIM SISTEMIYLE ALGILANMASI

Dagli, Mehmet Ali

Elektrik-Elektronik Miihendisligi
Tez Danigmani: Dog. Dr. Cigdem Eroglu Erdem

Nisan 2013, 59 sayfa

Metro istasyonlarinin giivenliginin saglanmasi icin yerlestirilmis kamera sayisinin
fazlaligindan gorevli personel tiim kameralar1 takip edememektedir. Bu nedenle acil
miidahale gerektirebilecek olas1 tehlikeli bir¢cok olay1 kagirabilmektedir. Bu tez
calismasinda olasi tehlikeli durumlarin otomatik olarak algilanip ilgili personele uyari
mesaji halinde dondiiriilmesini saglayan ve bu olaylar1 kotii sonuclar dogurmadan
onlemeyi saglayacak bir sistem Onerildi. Bu tez caligmasinda ele alinan olasi tehlikeli
durumlar sunlardir: giivenlik cizgisi ihlali, tren yaklagim uyarisi, ray bolgesine diisen
nesne, yasak bolge ihlalleri ve agik kalan yasak bolge girisi. Platform giivenlik ¢izgisi
ihlali ve ray bolgesine yolcu diismesi zamaninda miidahale olmadig: takdirde Oliimle
sonuglanabilecek olaylardir. Olasi tehlikeli durumlar algilanmadan Once ortamdaki
hareketli nesnelerin tespiti 6nem arz etmektedir. Bu nedenle gelismis arka plan kestirme
yontemleri uygulandr ve karsilagtirildi. Sonrasinda arka plan kestirimine gore hareketli
nesneler tespit edildi. Olay tespiti i¢in énemli olan bir diger bilgide istasyona gore
yaklasma, durma ve ayrilma durumlarinda olan trenin takibi. Ornegin tren duruyor iken
yolcular trene girip ¢ciktigindan giivenlik ¢izgisi ihlali tespiti pasif hale getirilmektedir.

Pilot istasyondaki kamera yerlesimleri algoritmalarin gelistirilmesinde etkin rol
oynamaktadir. Goris alanlari farkli olan dort kamera farkli amaglar icin kullanilmustir.
Ornegin yasak bolge ihlali tespiti icin kullamilan kamera ile giivenlik ¢izgisi ihlali tespiti
icin kullanilan kamera farkli konumlardadir. Gelistirilen sistem Istanbul metrosunda bir
pilot istasyondaki, herhangi bir otomatik video analiz sistemi kullanilmayan
kameralardan alinan veriler ile test edildi. Elde edilen umut verici deneysel sonuglar
giivenlik personeli tarafindan da dogrulandi. Sistem gercek zamanli calisabilmekte ve
grafik arayiizii ile konfigiire edilebilmektedir.

Anahtar Kelimeler: video gozetim, giivenlik kameralari, demiryolu giivenligi, bilgi
kaynasimi, tren algilama, giivenlik cizgisi ihlali, arka plan tespiti
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1. INTRODUCTION

Similar to many crowded places, public transportation stations such as metros are being
monitored using many security cameras. For instance, London has 11000 CCTV
(Closed Circuit Television) cameras for underground rail network only (Guardian 2011).
However, most of these cameras currently play only a discouraging role and serve as an
evidence material for proving and analyzing the details of a serious incident, after it has
happened. This is because there are many cameras that have to be monitored at the
same time by security personnel, which is a tedious task. Typically a CCR (Command
Control Center) deals with video signals originating from 100 to 500 or more cameras
(Velastin 2006). Only a small subset of them (5-30) is shown on an array of monitors
called as the “video wall” for visual inspection (see Figure 1.1). Since the security
personnel are unable to pay attention to all cameras at the same time, they may miss the

opportunity to react to unwanted behaviors of passengers timely.

Figure 1.1: Command Control Center

In Istanbul Taksim - Haciosman metro line, which is being used by more than 250.000
people, there are about 800 CCTV cameras placed to observe train platforms, escalators,
lifts, exits, toll gates etc. (ITC, 2012). This means there are on the average more than 50
cameras per station. At every station there is a responsible staff who observes all the

station from the cameras in addition to other security personnel. Although these



personnel has highly trained cognitive abilities to detect abnormal activities in stations,
it is so difficult to track all of the cameras at same time. Also it is rather difficult to

visually monitor for long periods of time.

Cameras which are located on the train platform of the station are the main focus of this
thesis, since most of the possibly dangerous events occur there. There are two platforms
in every station of the Taksim-Haciosman line. One is for north, and the other is for the
south directions. In total, 10 cameras are located on these platforms. This means that one
of the platforms, which belong to the trains of north direction, is observed by four steady
cameras and one moveable camera. Two of these cameras can observe the arrival of the
train, and two of them can observe the departure. The last one can move in all directions

and observe both.

On the platforms, dangerous events may happen, which have the potential to result in
death or injuries. For example, there is electrical current on the metro line, which may
cause death when the train is not in platform. Also with the train arrival there is crashing
risk, when a person accidentally falls on the tracks. In order to prevent such events,
passengers should stay away from the end of the platform when there is no train in the
platform. This should be monitored by the security personnel. Dropping objects to the
metro line is hazardous for the operation of the train, which should also be detected
before the incident happen. Another important issue is to detect the violation of the
forbidden zones at the end of platform, which are dangerous for the passengers.

Passengers should be detected if they enter forbidden zones as shown in Figure 1.2.

Infinova

Figure 1.2: Forbidden zone



All of these events should be detected before the dangerous events happen. However, for
a single staff it is very difficult to monitor all cameras effectively. Therefore, automatic
detection of these potentially dangerous events and giving warning message to the

security staff is very important.

1.1  MOTIVATION

Around the world many people die or have injuries in railway stations. Therefore,
detection of potentially dangerous events before bad incidents actually happen is a
crucial task. Since there are many surveillance cameras at stations automatic detection of
such events may be possible, and people can be warned beforehand and most of these

accidents may be prevented.

Dropped objects on the tracks are dangerous for the operation of the trains. Therefore, it
is important that the security personnel becomes aware of such objects without losing
time, and preferably automatically. Such incidents cause interruptions in the train
schedule and eventually result in financial loss. If it is detected automatically there is a

chance to clear the track without interrupting the trips.

Vandalism and graffiti drawn on the walls of the stations are also unwanted events at
underground railway stations. Therefore, real-time monitoring of forbidden zones and
warning the security personnel is an important issue, which may prevent some of these

events.

In stations there are proximity sensors, which detect the arrival of the train to the
platform. This detection triggers some functions such as giving warnings on the video
walls. With an intelligent video surveillance system detection of the train
arrival/departure can also be done with cameras. This will provide energy and cost

efficiency.

1.2 LITERATURE REVIEW

Since CCTV cameras are being used intensively on transportation areas the number of
applications using these security systems is increasing every year. Due to difficulties in
tracking all events in stations from the control center alone; there are many research

efforts towards automatic detection of important events.



Understanding behaviors of the passengers is one of the most needed applications that
will be helpful to the security personnel. From the CCTV recordings, passengers can be
tracked and their positions/postures/actions can be recognized (Fujimura, Kamijo,

Yoshimitsu and Naito 2011) (see Figure 1.3).

Figure 1.3: Tracking pedestrian locations on the left and posture recognition on the
right

Source: Fujimura, Kamijo, Yoshimitsu and Naito (2011)
Another application for railway stations is obstacle detection on the tracks. For the
automatically operated railway systems it is an important issue to detect obstacles before
a train arrives. The steps of this algorithm for obstacle detection are shown in Figure 1.4.
When the program is initialized, it means that independent from the environment such as
train, obstacle start of the program is available. In area definition step the platform rail
area, the track area, the platform edge areas are determined. With the data organization
processed data categorized such as object, message, image etc. In the image input step
one gray-scale image is provided from the camera. In image preprocessing part several
methods such as shifting, resizing, mirroring are applied to the image. Then in segment
generation certain image features are extracted. After segmentation features are
classified and defined as object. Finally if there is any object in an unwanted area a

message generated (Oertel, Dimter and Szoska 2002).



Program Initialization

Area Definition

Data Organization

Image input

Image Preprocessing

Segment Generation

Object Generation

Message Output

Program Termination

Figure 1.4: Algorithm for obstacle detection on the tracks

Source: Oertel, Dimter and Szoska (2002)
Here are other reference studies at railway stations which aim to detect events
automatically. These studies tried to get more and more data from these cameras without
human labor. Researches mainly focus on background and foreground estimation in
underground stations, determining the motion vectors, object tracking and information

fusion from multiple cameras.



1.2.1 Background Estimation

Removing the stationary features of a scene is the first and essential step of video
analytics. If the background can be estimated successfully, then object tracking can be
done more accurately. There are several methods in the literature to estimate the

background of a scene.

A background image may be estimated based on averaging pixel’s intensities of a
sequence over time if objects in the scene are always moving and small. Detection of
movement by calculating inter frame difference can be used to remove objects from
background if their intensities are not homogeneous, since movement on homogeneous
areas cannot be easily detected using inter frame difference (Velastin, Boghossian and

Lazzarato 1999).

Another approach is related to motion. Motion features are used to control a statistical
estimation of the background image, whereby only stationary blocks are considered to
be background updating candidates. In the context here, stationary blocks are those
determined as not being foreground and having a filter block-matching motion vector of
zero and having an inter frame difference of zero (Velastin, Boghossian and Vicencio-

Silva 2006).

Wei and his group presented a dynamic background estimation for the railway track
region. They use the stationary property of the track region (Han, Lin, Ming and Wei
2004). Similarly Nassu used the track stationary for background estimation and rail

extraction (Nassu, Ukai 2012).

1.2.2 Foreground Estimation

Once information on the background becomes available, it can be used to determine
which image blocks represent foreground data i.e. those whose illumination is different
from the corresponding area of background (Velastin, Boghossian and Vicencio-Silva

2006).



1.2.3 Determining Motion Vectors

The changes in illumination that occur from one image to another can be represented by
the so called motion vectors. At any given position in the image, the change is measured
by a displacement and a direction (see Figure 1.5). Given the large amounts of data
involved (for example in images of 512 x 512 pixels), this process is computationally
intensive, but needs to be robust in a range of small and large displacements. The net
result is a (motion) vector field in image space that correlates to changes in the scenes

arising from either object movements, illumination changes or camera movements. This

is useful information for a computer-based video analysis system (Velastin, Boghossian

and Vicencio-Silva 2006).

Figure 1.5: Sample image with raw motion vectors on the left and image with
foreground filtered motion vectors on the right

Source: Velastin, Boghossian and Vicencio-Silva (2006)

1.2.4 Object Detection and Information Fusion

Object detection process can be initialized after the foreground regions are extracted.
The most important object for the stations is the train. Most of the events are evaluated

and decisions are made according to the arrival and departure of the train.

In the work of Oh, Park and Lee (2007) cameras and the detection processors comprised

the information acquisition unit. The information acquisition unit detects and perceives



dangerous factor, such as fallen passenger, a disastrous fire and so on, in the monitored
area. The detection processor conducts a series of processes i.e. train detection, object
detection, object recognition and object tracking. The fusion unit makes more intelligent
and meaningful information by using inputted the monitored results from every single
camera sensor for analyzing the situation (see Figure 1.6). According to the results from
situation analysis, it generates different alarm messages for local station and CCR

employees and train driver (Oh, Park and Lee 2007).
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Figure 1.6: System configuration above and Train states for each camera below

Source: Sehchan Oh, Sunghyuk Park and Changmu Lee (2007)



The detection process is divided mainly into two steps i.e. train detection and
object/human detection and recognition. The train detection determines the train state to
prevent a train from being mistaken for a fallen passenger. The entire detection process
for each camera sensor is described in Fig 1.6. The object/human detection process is
performed in OFF modes, i.e. a state train does not exist in the monitoring area (Oh,

Park and Lee 2007).
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—> Train Detection
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Yes Object Recognition

No @ Train Stop&

Deal with the situation

Figure 1.7: Flowchart of Detection Process
Source: Sehchan Oh, Sunghyuk Park and Changmu Lee (2007)
To make a decision about a dangerous factor such as a fallen object in monitoring area,
it is important to find the accurate train states in the area for every single camera. The
proposed system uses a vision sensor, camera sensor for finding train states in the
monitored area with combining the detection results of laser sensors (see Figure 1.7).
The four states of the train using camera sensor can be decided as shown in Figure 1.8

(Oh, Park and Lee 2007).
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Figure 1.8: State diagram for distinguishing each state of train

Source: Sehchan Oh, Sunghyuk Park and Changmu Lee 2007

Since it is illumination invariant for the indoor environments like underground stations it
is easier to detect motion. For outdoor environments illumination calibration, masking is
the vital step for the studies (Vazquez, Mazo, Lazaro, Luna, Urena, Garcia, Cabello and

Hierrezuelo 2004).

1.2.5 Detection of Dangerous Events

One of the most vital image processing applications on railway station is detection of
dangerous events. There are many situations detected by operators which may be

potentially dangerous.

Since several studies focused on the tunnel area where the trains are moving (Qiu,
Liang, Li, Wu 2009); most of the studies are about the places where passengers are
moving. Many of the dangerous events occurred in passenger platforms, turnstiles area,
escalator etc. (Carincotte, Naturel, Hick, Odobez, Yao, Bastide and Corbucci 2008).

Dangerous events can vary according to the parts of the station.

One of the most active railway operators, RATP (Autonomous Operator of Parisian

Transports) defined some of these situations as: Proximity warning, dropping objects on
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the tracks, launching objects across the platforms, person trapped by the door of a

moving train, walking off the rails, fall on the tracks, crossing the rails (Seyve 2005).

Safety line intrusion is the most frequent event in railway stations. This line should not
be passed due to the risk of falling to the tracks. Typically this intrusion is detected by
the virtual margin on the image which designated manually. Wen, Chen and Lin (2012)
presented a method which employs the linear equation of straight line formed from
margins using point-slope computing as given in Equation 1.1. Because if there is a
point that is located upon the designated segment, it will then be planted into the linear
equation and the outcome is 0. If there is a point that is located at the lower designated
segment, the outcome obtained will be a negative number, yet if it is located at the upper
segment it will be positive number. Therefore, the outcome will turn from negative to
positive before and after a point is moved, and we can learn that a motion object has
exceeded the margins. In Figure 1.9, the indication chart of motion object that exceeds

the margins.
mx —y+ (y, —mx;) =0 (1.1
where m = (y; — ¥) / (x; — x) is the slope, A(xy,y1), P(x,y) are the initial and

terminal coordinates of margins designation, respectively (Wen, Chen and Lin 2012).

A y m
P(x,y)

A(x1,yl)
.

Figure 1.9: Indication chart of motion object in excess of margin
Source: Wen, Chen and Lin 2012

Another important event which has a life-sustaining effect is Fallen Passenger
Detection. Sasaki and Hiura (2003) defined the platform as 3 parts; Areas on the right
side of Fig. 1.10 can be divided into the area on the platform (1), the area below the
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platform (2) and the area outside the track (3). The fallen passenger detection area of

this system corresponds to area (2) having a height ranging from 50 cm to 1 m.
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Figure 1.10: Detection area
Source: Sasaki and Hiura (2003)

The system detects a passenger who has fallen into this area. Ordinary fall is a
spontaneous fall from area (1) to area (2). Thus, information on spontaneous fall from
area (1) to area (2) as well as information about fall follow-up are used for this
evaluation to improve the accuracy in distinction between an object other than a human.
It is also possible that a passenger could enter area (2) from area (3), although it would
not be likely. Detection is carried out in area (2) only when a human being with a height
of 70 cm or more has been determined to be in area (3). Fig. 1.11 is a flowchart

representing the case where a passenger has fallen into area (2).

(1) -> (2): Extracts features of the image on each of the right and left.
(2) -> (3): Extracts parallax from each of the feature-extracted images.
(3) -=> (4): Checks parallax-extracted image against detection area.

(4) -> (5): If the status in area (2) continues for two or more consecutive frames and has
a height of from 50 cm to 1 m and a size of 5 or more blocks (a size where a 30 square
centimeter box is visible from a distance of 40 meters), the size is evaluated according to
the distance. If the size exceeds a certain level, it is extracted as representing a fallen

person.( Y.Sasaki, N.Hiura 2003)
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Figure 1.11: Flow of fallen passenger detection
Source: Sasaki and Hiura (2003)

Overcrowding states are dangerous for the railway stations too. It may cause negative
results when the train arrives. In order to prevent these results it should detected
beforehand. Also the operators need to divert the passengers to the less crowded sections
of the station. Velastin (2006) presents an approach to use the perspective calibration
and correction method to compute a weighted sum of the number of foreground blocks.
This sum correlates to the number of pedestrians in the scene. In fact, what is computed
is the (normalized) ratio between the perspective-weighted number of foreground blocks
and the maximum perspective-weighted number of blocks in the Region of Interest that
has been chosen for detection. This gives a normalized indication of density (Velastin,

Boghossian and Vicencio-Silva 2006).
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1.3  CONTRIBUTIONS OF THE THESIS

In this thesis, a system for automatic detection of potentially dangerous events using the
videos captured by surveillance cameras has been realized. According to the corporate
records of Istanbul Transportation, it is the first computer vision study about metro
stations in Istanbul. The system has been customized according to the camera locations
for the Taksim-Haciosman metro line. Currently, although there are many surveillance
cameras in Sisli-Mecidiyekdy station, no automatic processing exists, and the security
personnel is overwhelmed by the abundance of video data that need to be monitored.
Hence automatic detection of potentially dangerous events may be life- saving for
accidental fall events of a passenger (see Figure 1.12) and may prevent also serious

economic losses.

Figure 1.12: A passenger felt to the tracks

The following events can be detected by the realized system:

e Safety line intrusion and Fallen object detection: Passengers who get close to
the end of passenger platform are automatically detected, and a warning signal is
given to the security personnel Also the attention of the security personnel is
directed to the specific camera that is capturing the event from the best angle so

that the personnel can then take the necessary precautions on time. This system
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can also be used for making automatic announcements to the passengers warning

them to stay behind the safety line.

¢ Proximity warning (Train detection): We detect the arrival/departure of the
train, since this is required to assess the relevance/urgency of a security line
intrusion. For example an intrusion while the train is approaching needs to be
urgently warned, whereas an intrusion when the train has stopped is inevitable.
Also with the arrival of the train advertisements are finalized and warning

messages displayed on the information screens. (see Figure 1.13)

There are proximity sensors that detect the arrival of the train. With this study

arrival of the train can be detected by the security cameras. This will provide

energy and cost efficiency.

Figure 1.13: Information panels of the station

¢ Prohibited Zone Violation and Open prohibited zone violation: People
intrude forbidden zones for drawing graffiti or vandalism can be detected. Due to
the high number of cameras, security personnel can sometimes miss such
incidences. They are detected by security cameras, which will help prevent
material damages and economic loss. Also with the surveillance of the forbidden
zones, if any of the entrances of those zones are open the system warns the

security personnel about that.

The list of the former computer vision studies in railway operation and contributions of
the thesis are shown in Table 1.1. This study has also contributions about combining

different purposes in a single solution.
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Safety Fallen | Prohibited Train Overcrowd Open
Line Object Zone Detection | Detection | Prohibited

Intrusion | Detection | Violation Zone
Sasaki, v v
2003
Velastin, v
2006
Wen, v v
2012
Seyve 4 4
2005
Oh, 2007 v
Dagli, v v v v v
2013

Table 1. 1: Former Computer Vision Studies in Railway Environment
1.4  OUTLINE OF THE THESIS

The outline of the thesis is as follows. In Chapter 1, a literature review of the current
state of the art methods for detection of potentially dangerous events in metro stations is
provided. Also detailed examples about estimation of the foreground scene of the

stations and tracking objects are given.

In Chapter 2, three different methods for the background estimation are explained in

detail and afterwards foreground extraction from the frames is described.

In Chapter 3, camera layout of the pilot station and the features of each camera location

are mentioned. Then one of the most important events “Train Detection” is described.

In Chapter 4, tracking the moving objects process which has importance for the event
detection is explained. Then the algorithms for the events “Safety Line Intrusion (SLI)”,
“Fallen Object Detection (FOD)”, “Prohibited Zone Violation (PZV)” and “Open Door
Detection (ODD)” are described in detail.
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In Chapter 5, experimental results for the comparison of the background-foreground
estimation is given. Then experiments about the train detection, SLI, FOD, PZV, ODD

events are also presented with statistical results.

In Chapter 6, a summary and conclusions of the thesis are presented. Then further steps

of the thesis for future works are mentioned.

2. BACKGROUND ESTIMATION IN THE STATION

In any given image containing pedestrians, it is important to remove permanent
environment features (the background) prior to any analysis such as pedestrian counting.
In some situations, it is physically possible to capture an image frame with no people, in
which case that frame is used as a reference image for further processing. When this is
not possible, e.g. a site that always has some pedestrian traffic as shown in Figure 2.1;
different techniques are needed to capture such background image automatically from

images containing pedestrians.

LT
I
i

v
Figure 2.1: Background crowded with passengers

2.1 BACKGROUND ESTIMATION IN QUIET HOURS

Most of the underground railway lines are operated in a time interval. Istanbul Metro
lines are operational between 06:00 and 23:59. During the non-operating period
maintenance, controls and tests are done and generally there are no passengers on the

station platform. So the platform background is almost stationary. A video captured in
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these non-operational time intervals can be used as background reference image. An

image, which can be used as background is shown in Figure 2.2.

Hits

Figure 2.2: Background with no psseger |
The cameras which are used for the experiments on the platform are stationary. Also
their field of view is not changing because they cannot zoom, pan or tilt. If there were
no changes in the background; the screenshot of any day could be used as background
for all days. But the background is also changing a bit due to maintenance, construction

or operational processes as shown in Figure 2.3(a).

Infinowva

Figure 2.3 (a): There are construction items on the image (b): Another day’s

background image
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When different test videos of different days are used it has been observed that that
although the cameras are stationary and they cannot tilt, zoom there are some changes at
their field of view. It is understood that because of some calibration works there are
changes on the field of view of the cameras and also the reference background image.
Due to day-to-day changes in the background; a background image has to be captured

for that day’s calculations.

2.2  DYNAMIC BACKGROUND ESTIMATION

If it is guaranteed that there is no foreground object in an image then this image can be
used as a background image. In underground metro stations, there are less illumination
changes as compared to other railway stations like tram stations that operate under
daylight. However, there are many new objects that are added slowly to the scene, so it

is difficult to capture an image without any foreground objects.

A better strategy is to dynamically build the background model by regularly updating it.
This can be accomplished by computing what is called a running average (also called
moving average). It is a way to compute the average value of a temporal signal which
takes into account the latest values received. If p, is the pixel value at a given time t,
and p¢_q 1s the current average value, then this average is updated using the following

formula:

me = (1- @) peq + apy (2.1)

The parameter a is called the learning rate and it defines the influence of the current
value over the currently estimated average. The larger this value is, the faster the
running average will adapt to changes in the observed values. To build a background
model, one has just to compute a running average for every pixel of the incoming
frames. The decision to declare a foreground pixel is then simply based on the difference

between the current image and the background model (Laganiere 2011).

Foreground objects can be found quickly with this method. If the learning rate is high,
the background is renewed quicker. If learning rate is low then there are some problems

with the foreground.
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Flow diagram for the dynamic background estimation is shown in Figure 2.4. After
program initialization a frame captured from the selected test videos. For fast processing

it is converted to grayscale.

(act [Activity] Background Estimation [ Background Eztimation lJ

&

|
I S

i Capture Frame ]
| From Test Video |

Current Image

| Convert to Gray Scale |

]

Gray Scale Image e
No es
— |
v l
Background Image
Assign Frame 4
| as Background |
i X
_A{:cumulate
| Background I'_'k <
3 : 4 Background Image
Background

W
W |

|' Frame Difference

Foreground Image

Figure 2.4: Flow diagram for the dynamic background estimation.
If there is no background image assigned before, first frame assigned as background
image. Then with OpenCV (Open Source Computer Vision Library) absdiff method
foreground objects are extracted from background and current image’s absolute

difference. Also foreground pixels are thresholded by the defined value and set to 0 with
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the OpenCV threshold method. That means if the difference between the any pixel of
background and the current image greater than the threshold value, it is the foreground
pixel and shown at black color. This thresholded foreground image provides a mask for
accumulating the background for the next cycles. Background image is renewed by
OpenCV accumulateWeighted method with the arguments learning rate, foreground
image and the last captured frame. With this renewed background image new

foreground objects extracted in the next cycle.

In the previous method background is estimated using a fixed threshold value. In order
to cope with the illumination changes or little camera movements adaptive methods can
be used. One of the adaptive background estimation methods is the Mixture of Gaussian
method. Grimson presented a statistical background modeling method (Stauffer and
Grimson 1999). In this method they tried to match a Gaussian distribution for the
histogram of each pixel. Then they achieved the PDF (Probability Density Function) of

the background model. The probability of a pixel value in time t is as follows:

p(pe) = Yo, Win(pe Ox) 2.2)

Where p; is the current pixel value, wy is the weight parameter of the k" Gaussian
component and 1 (p;; 8)) is the normal distribution of k** component. It is defined with

the mean value of the pixel L, the covariance 671 and the variation oy.

n;6) =n®;ue,ofl) (2.3)

Then the distributions are ordered and the minimum value from wy/ o) is used as
model. According to the order for each pixel, intensity value is checked whether it fits to

a Gaussian distribution as defined in (2.4).
| pe — | < 2.5% 0 (2.4)

If there is a matching on the current pixel then it is defined as background. Then the

distribution parameters are updated as follows

He = (1 - O‘)Ht—1 + ok Py (2.5)

2 — (1- 2 4 — 2 2.6
Ot (1-a)ogg + a(pe — W) (2.6)
wy = (1 - (x)wt_l +a*f; 2.7
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f+ shows whether a pixel is foreground or not.

1, if w; is matched with Gaussain component

0, otherwise 2.8)

Fowelpo) =

As similar to the previous dynamic background estimation method, when the « learning

rate is high there is higher effect of the current pixel on the background pixel.

When a given Gaussian model is not hit sufficiently often, it is excluded as being part of
the background model. Reciprocally, when a pixel value is found to be outside the
currently maintained background models (that is it is a foreground pixel), a new
Gaussian model is created. If in the future, if this new model becomes frequently hit,

then it becomes associated with the background.

For applying this algorithm there is an OpenCV implementation called
BackgroundSubtractorMOG and is defined as a subclass of the more general
BackgroundSubtractor class. For the experiment in the next section this class is used

with default parameters.

2.3 FOREGROUND EXTRACTION

When the reference background image is ready the foreground objects can be extracted
easily. By frame differencing the foreground objects can be acquired as shown in (2.9).
p(x,y,t) is the pixel density value of the location (x,y) in the current frame and
p(x,y,t — 1) is the value from the previous frame. Since the cameras and stations are
stationary steady background images from quiet hours are used. So the p(x,y,t — 1) is
steady for all of the related day’s calculations. 7 1is the threshold value and with the
experiments it is chosen 40 for this primitive method.

0’ p(xr)/lt) _p(x,y,t_].) S T
1’ p(xr)/lt) _p(x,y,t_].) > 7T

For the train detection the method above used. With dynamic background estimation

foreground(x) = { 2.9)

foreground objects are obtained as defined as (2.8)
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3. CAMERA LAYOUT OF THE STATION AND TRAIN
DETECTION

In this section the camera layout at the selected station is described, since the video
captured by each camera will be used for a different purpose depending on its field of

view.

3.1 LAYOUT OF THE CAMERAS MOUNTED AT THE STATION

At Istanbul Metro Line every station has at least two platforms. There are four stationary
cameras on each platform. Two of them cover the north direction and the other two
cover the south. Each platform is used for only one direction except for emergency
situations. In this thesis, the east platform of the pilot station “Sisli-Mecidiyekdy” has
been chosen meaning that the platform hosts trains coming from north and has a trip

name as “Haciosman to Taksim”.

Infinova

[nfinova

Figure 3. 1: Images from all four cameras captured at the same time instant.
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Two of the cameras observe the north direction so they are observing the arrival of the
train. Other two observe the south direction and they are observing the departure of the

train. (see Table 3.1)

1 2 3 4
Arrival - Departure Arrival Departure Arrival Departure
Direction North South North South

Table 3. 1: List of camera views indicating their direction and state of movement

<= TS sut N AACIOSHAN o] e

Figure 3. 2: The layout of the cameras mounted at the selected metro station.
Each camera has a location which has certain advantages:

a) Camera 1 is the most suitable one for monitoring the platform for yellow line
violation and fallen object detection since the platform area is in its field of view.
Since this camera sees the north side of the tunnel, it can also observe the arrival

of the train (see Figure 3.3).
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Figure 3. 4: Safety line intrusion can be detected with images captured by camera 1

b) Camera 2 observes the south side tunnel exit and has the most suitable field of
view for detection of the train departure. Also it can see the entrance of the

restricted area at south side. (see Figure 3.5)
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Figure 3. 5: Animage captured by camera 2

c) Camera 3 observes the tunnel entry at the north side and has the most suitable
view for detection of the train arrival. Because it is closer to the entry of tunnel,
its field of view for detection of train is better than camera 1. Also it has a sight

of the restricted area entrance at the north side. (see Figure 3.6)

Figure 3. 6: An image captured by camera 3

d) Camera 4 has a good location for monitoring the platform for yellow safety line
violation and fallen object detection at the opposite direction of Camera 1. Since
this camera can see the south side of the tunnel it can also monitor the departure
of the train but not as well as camera 2, because it is far from the south side of

the tunnel exit. (see Figure 3.7)
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Figure 3. 7: Departure of the train can be detected with images captured by

camera 4

Figure 3. 8: Safety line intrusion can be detected with images captured by camera 4

Safety Line Fallen Object Prohibited Train
Intrusion Detection Zone Detection
Violation
CAMERA 1 Suitable Suitable N/S Suitable
CAMERA 2 N/S N/S Suitable Suitable
CAMERA 3 N/S N/S Suitable Suitable
CAMERA 4 Suitable Suitable N/S Suitable

Table 3.2: Most suitable tasks for different cameras
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3.2 TRAIN DETECTION

Detection of the state of the train is the first step of making an inference about
potentially dangerous events. The train can be in one of the four states according to

each camera:

1) NONE: There is no train in the monitored area.
2) APPROACH: The train is approaching the station.
3) STOP: The train has stopped at the station.

4) LEAVE: The train is leaving the station and/or the monitored area.

Operators want to watch the screen especially when the train arrives. They should take
more care on the platform when the train is approaching and has stopped. Also yellow
line intrusion warnings should be done according to the presence of the train. When
there is no train, passengers should not pass the yellow line. When the train arrives they

have to pass over the yellow line to get into the train.

The steps of detection of the train shown in Figure 3.9. With the program initialization a
frame from the quiet hours taken as background image. Quiet hour means non-operating
hours. There are almost no people at these hours and there is least change at the scene.
So that frame is used as background image. When the background image is ready,
capturing process from the test video starts. After converting them to gray scale a frame
difference step is realized. Then the foreground image achieved. There is a defined

region of interest (ROI) which represents the tunnel entry as shown in Figure 3.10. If the

coordinates of the ROI which is rectangle shaped consist of the corner points (xl-, yi),
(xj, y].), (xk, yk), (xl, yl) and p(; is the intensity value at (xl-, yi) then the sum of

the pixel values in that region is
— Vk-i gt
Pe = Xy=0 Xz=0 P(i+z+y) (3.1)

and the average pixel density is

_ Dt
e = Gooan G2
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In the foreground image tunnel entry area is observed.
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Figure 3. 9: Flow diagram for train detection
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Figure 3. 10: ROI where the train enters the station

0, uu <7

1, pe>7 (3:3)

detection(x) = {

As shown in (3.3) if u, which is the average pixel density of this ROl is greater than the
threshold value this means the train is approaching. There is a big change on the density
because of the light of the train. The threshold value determined with several tests of
train arrival. The optimal value is chosen. Also after the detection there is a waiting
interval for 5 seconds when detection process is stopped. This interval is for the entering
of the train into the station. This means there will be no second detection until 5 seconds

passed, in order to prevent multiple detection.

Since the camera locations are constant during the day; the train enters into the scene
from the same point. This means, in a video the region for train entrance is fixed.
However, if there is a camera maintenance their angles may change slightly, which
affects the region of interest for train entrance. When the angle of the camera changes,
the algorithm may fail since the tunnel may not be in the field of view of the camera

causing false detections of false alarms.
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4. OBJECT TRACKING AND DETECTION OF POTENTIALLY
DANGEROUS EVENTS

In metro stations there are many potentially dangerous events occur that may result in
death or injuries. In order to detect these events before they happen; some of the features
should be detected and tracked. The most important objects to track are the passengers.
If a passengers falls on to the tracks then the high voltage in the railway may kill him.
Another potentially dangerous event is the violation of the restricted areas (such as the

tunnel entrance), which may threaten the passenger’s life and the security of rail system.

4.1 PASSENGER TRACKING USING MOTION VECTORS
Tracking the passengers on the platform is useful for detecting potentially dangerous

events such as violation of restricted areas and falling on the tracks accidentally or on

purpose.

In order to track the passengers on the platform the optical flow estimation methods
implemented in OpenCV were used. This methods use the optical flow equation and
Lucas-Kanade approach. The optical flow equation depends on the assumption that the
intensity of the pixel I(x, y) is constant along its motion trajectory (4.1).

di(x,y) —~0

1t 4.1)

And the motion vector of the related pixel which is defined as v = [vx, vy] is very small
(4.2).

aIE®yOD _

1t 4.2)

To solve the problem there is need for one more assumption about the velocity of the
pixel. Furthermore Lucas-Kanade feature tracking algorithm is used. According to
Lucas-Kanade the displacement of all points in the neighborhood of the feature point is

the same. So the sum of the displacement of the neighbor pixels square which is defined

as E is minimum.
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=0 4.3)
From (4.3) for the x coordinate one more equation can be obtained as follows

dl

= I(x+1,y)—1(x,y) (4.4)
With the both coordinates of the pixel if the displacement v = [vx, vy] defined as (u, v)

then the optical flow equation will be as follows

aI aI

au+ EU— - (4.5)
In OpenCV implementation there is a chance to adjust the resolution about
neighborhood. Also in this OpenCV calcOpticalFlowPyrLK method there are flags

which tell whether the tracking is successful or not.

An instance about the method is shown in Figure 4.1. The obtained feature points are

tracked during the man is walking through the safety line.

Figure 4.1: Optical flow of feature points of the passenger is marked
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4.2  SAFETY LINE INTRUSION

Tracks where the trains are moving and the platform where the passengers standing are
separated by a level difference. The platform is at a higher level than the tracks.
Passengers should not get into or even approach to the track level due to the dangers of
the high voltage and the arrival of the train. In order to prevent possibly dangerous
events such as accidentally falling on to the tracks, passengers should stay away from

the end of the platform.

In order to mark the secure region on the platform, a yellow security line has been
mounted close to the edge of the platform. When a passenger passes beyond this yellow
line a warning should be triggered. Yellow security line and the intrusion samples are

shown in Figure 4.2.

l: l!.\ll i N\ i 1} 1 |

Figure 4.2: Sample images for SLI (security line intrusion)

For this purpose a virtual security line is defined in the video. The location of this line is
determined manually. It is not on the real yellow line, it is at the left side of the end of
platform. Because if the real yellow line chosen, then there will be many intrusion
events most of which are false alarms. For example, if a passenger leans to the track
region when he is behind of the yellow line there will be intrusion. Furthermore virtual
safety line defined at the end of the platform as shown in Figure 4.3. If it is required to

be located on a different place then it can be changed.
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Figure 4. 3: Passenger lean to the track region dangerously

Then the foreground objects are extracted from the frame with the Mixture of Gaussian
method in OpenCV BackgroundSubtractor class. The foreground image is binary
inverted in order to show the foreground objects as black pixels. Since passengers
should pass through that safety line in order to get into the train, when the train arrives
the control of the intrusion stopped. For detecting the train arrival left side of the safety
line is observed pixel by pixel before the intrusion control initialization. When the train
arrives, train is the foreground object in the track region. When there is no foreground
object in the track region then this means the train has departed. Again the foreground
objects which are at the right side of the safety line are observed whether they intrude

the safety line or not.

Intrusion is detected by checking all of the points of the safety line. The coordinates of
the two initial points of the safety line (x;, ¥;) and (x,, y,) are chosen. According to
these points the gradient of the safety line which is defined as g, is calculated as (4.2).
(X2— x1)
= — 4.2

Is (Y2—y1) “2)
In every frame from the initial point (x;, y;) the pixels are checked whether there is any
foreground pixel on it. Then the x; is increased with respect to g and y; is decreased
one pixel and the same control mechanism continues until the (x,, y,) end point is
reached. If any of the black foreground pixel intrudes to the virtual safety line, then this

is defined as Safety Line Intrusion. The flow chart of the SLI is shown in Figure 4.4.
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Figure 4. 4: Flow chart for the detection of Safety Line Intrusion with tracking

When a passenger or part of his body violates the security line, a warning is generated
by the system. This warning can be implemented as a visual effect on a screen for the

security personnel or can be formed as an audible warning for the staff and the

passengers.

pixel density
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4.3 FALLEN OBJECT DETECTION

In a daily operation there are many yellow line intrusion events. This should be detected
for the possible dangerous events. But rarely an object falls to the rail tracks. This can be
a passenger, a bag or another thing. If a passenger falls to the tracks this is a crucial risk
due to high voltage and the train arrival. Driver sees track region of the station when he
enters the platform area. For the driver mostly it is hard to stop the train in a second. In
order to prevent this event fallen object should be detected and warning should be
generated to the personnel for the halting action. Also if a bag or another object falls to
the dangerous track region which is shown in Figure 4.5; this may cause damage for the

rail system, this should be detected too.

Infinova

Figure 4. 5: The dangerous track region shown with yellow color

For that needs track region is controlled continuously and system generates warning

even if an object falls. Sample fallen object event is shown in Figure 4.7.
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Figure 4.6: Flow diagram for the FOD

The flow chart of the “Fallen Object Detection” is shown in Figure 4.6. On the captured
frame from the test video, dangerous region for the passengers is defined. This region is
located at the left of the platform. If it is required to be located on a different place then

it can be changed.
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Figure 4. 7: Personnel entering the track region

The program is initialized to detect the feature points. After detection, feature points are
tracked and if there is any change on their location their displacement defined as motion
vectors. If there is any intersection between the dangerous region and the motion vectors
then it is defined as fallen object detection. In some of the areas which are far from the
camera motion vectors could not be tracked. In order to cope with this problem the
intensity level of the dangerous region is also tracked. If the change in the intensity level

is greater than the threshold value then it is defined as a fallen object.
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44 PROHIBITED ZONE VIOLATION

In every metro station there are system rooms in tunnel areas. Most of the important

components of the system are controlled from these places. The entrances of these

rooms are at the end of the platforms. There are two entrances in each platform. (See

Figure 4.8)

Figure 4. 8: The two entrances for the tunnel area

Security personnel should be warned if any people enter that area due to the risks about
the passenger and the system. Tunnel area is dangerous for the passengers. Also if any
damage occurs at the system it may causes failure on the trips. Other possible event is
vandalism. People might draw graffiti to the wall of the tunnel. This gives visual and

material damage to the metro line.

PZV is detected as shown in Figure 4.9. With the program initialization prohibited zone
entry is defined first. The coordinates of the entry given manually. According to the
defined region of interest, system detects violations. After tracking the motion vectors,
any violation into the entrance area is examined. If any of the feature points get into that

area then software gives warning as “Prohibited Zone Violation”.
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Figure 4.9: Flow chart for the detection of the Prohibited Zone Violation
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4.5 OPEN PROHIBITED ZONE ENTRY DOOR DETECTION

Maintenance staff uses the door with a red “no entrance” sign to enter the system rooms
and the tunnel region. Sometimes that staff forgets the door open (see Figure 4.10).
When the operation time initialized this is a danger factor for the tunnel and the

restricted area. For that reason red colored entrance door should be observed

continuously. If the door is open a warning for the personnel should be given.

Figure 4. 10: Personnel might forget the restricted area entry open

The algorithm is working as shown in Figure 4.11. With the program initialization a
template for the restricted area entry is selected manually and saved. After that this
defined template is being searched in every capture continuously. If the template image

cannot be found in the image then it means the door is open for the system.
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Figure 4.11: Flow chart for the detection of the Open Restricted Area Entry

For the detection of the open restricted area entry OpenCV Template Matching
algorithm is used. In this algorithm a template image is searched in the source image.
The template image is sliding pixel by pixel through all pixels of the source image. For
each location a metric value is stored in a result matrix. There are different matching
methods in OpenCV (OpenCV 2.4.0 Doc 2013). In this thesis method with a metric
named CV_TM_SQDIFF is used. In this method the result matrix is defined as

RGOY) = Taryr ((TGE,Y) = 1Ge+ 5,y + ) ) (43)

where R is the result matrix, T is the template image and I is the source image. After
finding the result matrix it is normalized, then the minimum and maximum values in the
matrix found. According to the CV_TM_SQDIFF method the minimum value is the best

matched location with the template image.
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S. EXPERIMENTAL RESULTS

In order to test the algorithms videos with a total length of 200 hours are obtained from
the Istanbul Metro Control Center. The videos are from the Sisli-Mecidiyekdy station.
The resolution of the test videos are 704x288 and the frame rate is 12 frames per second.
All of the tests are realized successfully in real-time and most of the algorithms can run

at rates higher than 12 frames per second.

All of the algorithms have been designed with SYSML (System Modeling Language).
The software development is realized with C++ (C++ 2013) OOP (Object Oriented
Programming) Language with QT (QT Creator 2013) Creator IDE (Integrated
Development Environment). QT framework (QT 2013) is used for the development of
GUI (Graphical User Interface) and the OpenCV library is used for the computer vision

implementations.

5.1 BACKGROUND AND FOREGROUND ESTIMATION

In this thesis for detection of the train arrival this simplest background estimation
method which is above is used because it was successful enough for this process as

shown in Figure 5.1.

Figure 5. 1: Foreground image obtained by frame differencing only
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For different kinds of environments and requirements two different background
estimation methods are tested. Since there can be construction works there are changes
on the station environment. Therefore background image is renewed every day before
the operation starts.

But for the other stations this simple method is not available. There are some
illumination differences between different hours and days. Also there can be some
personnel or object at the background in that hour. As a result foreground extraction
might not be successful enough.

For those reasons dynamic background estimation is used. When algorithm of this
method is initialized, first frame is assigned as background image as shown in Figure

5.2.

SR b

Figure 5. 2: Background frame
Since this is the first frame there are no foreground object detected as shown in Figure

5.3.

Figure 5. 3: Foreground objects
After several objects enter the scene as shown in Figure 5.4 background should adapt

itself with the new environment.
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Figure 5. 4: Captured color frame with several objects are included
Background frame is accumulated proportionally with the learning rate and the current

frame as shown in Figure 5.5.

Figure 5. 5: Accumulated background image
Foreground objects are gathered by frame differencing between the images shown in

Figure 5.4 and Figure 5.5. After differencing, acquired foreground objects are shown in

Figure 5.6.

Figure 5. 6: Foreground objects
When there are more crowded environment the results are like shown in Figure 5.7.
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Figure 5. 7: More crowded scene at the left and the foreground objects are at the
right
The learning rate for these examples above was 0.01. When the learning rate is

increased the background frame adapted quicker as shown in Figure 5.8.

Bl [ i A, 4
¢ e f\w& & ‘ b

Figure 5. 8: Background image with the learning rate is 0.11 at the left and 0.51 at
the right
Then the Mixture of Gaussian method is tested for background estimation. With the

same threshold values and 0.01 learning rate applied on the same frames, results are
shown in Figure 5.9. It is seen there is faster adaptation to the last frame. The train starts

to disappear from the foreground scene. Since it stays stationary for a long time.

Figure 5. 9: A crowded scene at the left and the foreground objects are at the right
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The learning rate for these examples above was 0.01. Like previous dynamic
background estimation, when the learning rate is increased the background frame

adapted quicker.

J o s Lo ’ "~

Figure 5. 10: Foreground image with the learning rate is 0.11 at the left and 0.51 at
the right
In Figure 5.10 it is observed that with the learning rate 0.11 renewing of the foreground

objects is faster as shown in the left image, but it is more apparent with the value 0.51 as

shown in the right picture.

Figure 5. 11: The comparison between the dynamic background estimation method
and the MOG method
With the same threshold and the learning rates of 0.11 and 0.51 a comparison between

the dynamic background estimation method and the MOG method is shown in Figure
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5.11. With MOG background changes and foreground objects disappear quicker than the

other method.

At very crowded environments for detecting motion MOG is the best method. But for
the stationary regions of the station like the tunnel and the restricted area, dynamic
estimation methods or static background estimation on quiet hours which were

described in Chapter 2.1 are sufficient.

5.2 TRAIN DETECTION

In order to test the performance of train detection algorithm, a dataset containing 200
hour long videos has been used. On weekdays, there are 225 trips in one direction. That

means, 225 trains are passing through the pilot station.

For example on 18" December 2012 it was observed that 229 trains passed. The ground-
truth data for the arrival of the train was generated by hand-annotation. All of the
arrivals are counted for one day. Also it is proved from the CCR statistics. It is reported
from CCR that there 225 trips and also there are 4 empty train passage before starting of

the operation.

For this day, using the background estimated in quiet hours, 214 train arrivals were

detected by our algorithm. 204 of these detections were true positives and 10 were

false positives (see Figure 5.12).

Figure 5. 12: When different day’s background image used there are false positives
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The configuration about tunnel location was belonging to another day’s. It is observed
that there are some changes about the angle of the camera. Then when it is implemented
with the day which experiment done 228 train detected. When a train enters to the

station it is saved as a snapshot image to a definite folder.

Using Train # of Detected F1 Score
Detection Trains
Another day’s 214 204 87.8
background
Current day’s 239 228 97.6
background

Table 5. 1: Number of detected trains and the Success rate

With the one week’s videos an experiment done and the F1 Score for the experiment

was 97.6. (see Table 5.1) A sample test results from a rush hour are seen in Figure 5.13.

49



Figure 5. 13: All of the 12 train arrivals in a rush hour have been detected

In rush hours such as 08:00-09:00, there are many frequent train trips (every 4 minutes).
The number of train trips between 08:00 — 08:40 is generally around 12. The presented
train detection algorithm which uses the quiet hour background estimation method

detects all of the train arrivals. (see Figure 5.13)

5.3  SAFETY LINE INTRUSION

Safety line intrusion tests are applied with the videos from the first camera. For the day
18.12.2012 the ground-truth data for the SLI was generated by hand-annotation. There
were 243 SLI events. Using the algorithm explained in chapter 4.2 all of the SLI events
and 10 false positives have been detected. False positives were because of false results
about the train detection. With respect to the presence of train SLI control activated or
deactivated. When the train stands in the station then it is assigned as background object
and it is assumed that there is no train in the station. Furthermore SLI is activated and
when a passenger intrude the safety line then a false positive result saved as true positive

as shown in Figure 5.14.
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Figure 5. 14: False positives for the SLI detection

Another reason for false alarms is sudden illumination changes as shown in Figure 5.15.
After the operation ends most of the lamps are shut down and an important change
occurs in the illumination level. Furthermore this causes a change on the background

too.

Figure 5. 15: Sudden illumination change at station

A list of SLI detection statistics are given in Table 5.1. There are less SLI event between
00:00-06:00 but the SR (success rate) is low. There are false positives because of the
sudden illumination changes. During the operation hours there are less extraordinary
states false train arrival detection or illumination change furthermore the SR is at high
levels. For the CCR officer it should be at high levels in order not to waste his time with

false alarms.
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00:00-06:00 | 06:00-12:00 | 12:00-18:00 | 18:00-24:00 | Total
Ground- 2 37 91 113 243
Truth Data
True 2 37 91 113 243
Positive
False 3 3 2 2 10
Positive
Total 5 40 93 115 253
Detection
F1 Score 80.0 96.1 98.9 99.1 98.0

Table 5. 2: List of SLI detection statistics by different time intervals

Some of the true positives are shown in Figure 5.16. Intrusion events which are far from

the camera are detected successfully.

Figure 5. 16: True positive results for the SLI
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The software generates warning message as there is a “Safety Line Intrusion” as shown

in Figure 5.17.

r ™y
A STATION SURVEILLANCE R
[ COpen Image ] [ Process Snapshot
FAST SLOW
0 cemesares [
0
[ Train State SERBEST!!
SARI CIZGI IHLALI!
Yellow Line Intrusion Motion Detection Restricted Area ‘ Fallen Object ‘

Figure 5. 17: Warning message for the Safety Line Intrusion

5.4  FALLEN OBJECT DETECTION

Fallen Object Detection tests are applied with the videos from the first camera. For the
day 18.12.2012 the ground-truth data for the FOD was generated by hand-annotation.
There were 3 FOD events.

Figure 5. 18: True positive results for the FOD
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With tracking the motion vectors only 2 of the real events are detected (see Figure 5.18).
Also there were many false positives. One of them is shown in Figure 5.19. The reasons
were the similarity of the intensity levels of the pixels and noise in the scene. In order to
cope with this effect likewise SLI algorithm MOG background subtraction applied first.

If any foreground object passes beyond the safety line then tracking motion vectors

process activated. With this method false positives are discarded.

Figure 5. 19: A false positive result for the FOD

Nevertheless all of the FOD events could not be detected (see Figure 5.20). Undetected
event was very far from the first camera and feature cannot be inspected. Therefore
fourth camera have to be used for detection and the information should be fused with

first camera.

Figure 5. 20: Undetected FOD event
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The software generates warning message as there is a “Fallen Object Detection” as

shown in Figure 5.21.
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Fallen Object ‘

Figure 5. 21: Warning message for the Fallen Object Detection

5.5  PROHIBITED ZONE VIOLATION

Prohibited Zone Violation tests are applied with the videos from the third camera. PZV
events are less than SLI or FOD events. Furthermore videos of 18.12.12 — 25.12.12 are
used for the tests. For that week the ground-truth data for the PZV was generated by

hand-annotation. There were 5 PZV events.

Figure 5. 22: A detected PZV event
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With tracking the motion vectors 5 of the real events are detected. One of them is shown
in Figure 5.22. But there were many false positives. The reason was the illumination
changes and noise in the scene. In order to cope with this effect likewise SLI algorithm
MOG background subtraction applied first. If any foreground object enters to the
prohibited zone entry it is defined as PZV event. But because of the noise still there

were false positives as shown in Figure 5.23.
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Figure 5. 23: False positive because of noises in the video

Since there are noise effects on the image there are very little black pixels on the
prohibited zone entry so it causes false positives. Finally the mean of the prohibited
zone entry intensity is calculated and if it is less than 100 it is defined as PZV event.
Thus with this step all of the false positives are discarded. Some of the true positives are

shown in Figure 5.24.
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Figure 5. 24: True positives for the PZV

The software generates warning when there is a PZV. (see Figure 5.25)
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Figure 5. 25: Warning Message for the Prohibited Zone Violation
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5.6  OPEN PROHIBITED ZONE ENTRY DOOR DETECTION

Likewise PZV, Open Door Detection (ODD) tests are applied with the videos from the
third camera. Timeline for the dataset was 18.12.12 — 25.12.12. For that week the
ground-truth data for the ODD was generated by hand-annotation. There were 5 ODD

events.

With template matching method prohibited zone entry inspected continuously. When

there is no match then it is defined as ODD as shown in Figure 5.26.

Figure 5. 26: No ‘“‘no entrance” sign can be seen since the door has been left open.

The software generates warning when there is an ODD. (see Figure 5.27)
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Figure 5. 27: Warning Message for the Open Prohibited Zone Entry Door
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6. CONCLUSIONS AND FUTURE WORK

In this thesis a system for automatic detection of several potentially dangerous events
which are seen in metro stations has been realized. These potential events are intended
to be detected before bad results occurred. The potentially dangerous events considered
are: Safety Line Intrusion, Proximity Warning, Fallen Object Detection, Prohibited Zone

Violation and Open Prohibited Zone Entry Detection.

First for the estimation of the foreground objects, we focused on the estimation of the
background. Then, the foreground objects are detected based on the detected
background using two different methods which are manual selection from quiet hour
and dynamic modeling with Gaussian mixture model. The system has been tested on
200 hours of video data captured at the Sisli-MecidiyekOy metro station. The system can
successfully detect all of the safety line intrusions and the software gives warning
message to the security personnel. There were only two instances for the fallen object
detection. Both of them have been detected successfully. Similarly, all of the prohibited
zone intrusions and open restricted area entry events have been correctly detected by the
system. Unlike previous studies, different events happened at the stations are handled

and combined in this study.

A publication about the study named “Automatic Detection of Potentially Dangerous
Events at Metro Stations Using Security Cameras” is accepted and presented at the

IEEE 20th Signal Processing and Applications Conference (SIU).

As future work the system might be integrated with the cameras to operate in real-time.
This will provide a real-time warning to the security personnel to enable them interfere
with the situation without delay. The test environment of the system developed in this
thesis was the Sisli-Mecidiyekdy metro station’s second platform which serves for the
trains of Taksim direction trips. In the future, the system will be tested for all the other

13 stations. The information fusion from all 4 cameras will be enhanced in the future.
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