




























































Chapter 5

Results and Analysis

Figure 5.1 shows a comparison of the precursor radius Rp obtained through manual measure-

ment and determined by the Contour Tracker. We can observe that manual measurement

provides a limited number of data points, some of which are unacceptable, whereas the

contour tracking program provides a smooth plot. Linearization of the two curves using a

log-log scale (Figure 5.1(b)) for values of t < 3.5 seconds yields two different values for the

scaling exponent α: 0.136 resulting from manual measurement and 0.146 resulting from the

contour tracking program. We trust the result from the contour tracking program since the

graphical user interface (GUI) allows us to examine the evolution of the tracked contour on

a per-frame basis. Any tracking errors will be evident in the GUI. Table 5.1 compares the

precursor radius at three different time instances as obtained from manual measurements

and the Contour Tracker.

Figure 5.1: Comparison of the evolution of the precursor radius Rp over time t calculated
from manual measurement and using the Contour Tracker on a (a) linear scale and (b)
log-log scale.
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Time (second) 0.053 1.055 5.273
Manual (mm) 2.491 3.731 4.639
Contour Tracker 2.513 3.829 4.819
Percent difference (%) 0.9 2.6 3.7

Table 5.1: Comparison of the precursor radius Rp obtained from manual measurements and
the Contour Tracker at 3 time instances.

Figure 5.2 plots the evolution of the instantaneous droplet spreading speed, which is

obtained simply via the temporal differentiation of the curves in Figure 5.1 followed by a

5-adjacent point smoothing procedure. For small values of t, the values of the instantaneous

droplet spreading speed resulting from manual measurement and the contour tracking pro-

gram differ; this can be attributed to measurement accuracy. However, for large values of

t, we observe that the speed from the contour tracking is very noisy. The fact is, for large

values of t, the change in the precursor radius from one frame to the next is very small (less

than one pixel for a single frame interval). However, since the current version of the contour

tracking program only outputs integer values for the contour position it is not well-suited

from a metrological standpoint for cases where the changes in contour position are very

small. Subpixel interpolation techniques are called for under these circumstances.



21

Figure 5.2: The instantaneous spreading speed of the precursor radius obtained from the
temporal differentiation of the curves in Figure 5.1 followed by a 5-adjacent point smoothing
procedure.



Chapter 6

Concluding Remarks and Future Work

Dynamic wettability measurement and analysis of a solid nanostructured surface is a topic of

great importance in a variety of problem areas. The dynamic wettability analysis is performed

by measuring the evolution of the precursor (outer rim) contour of the water droplet as it

spreads on a solid nanostructured surface. We developed a computer program based on the

snake active contour model which is capable of precisely tracking the precursor contour of a

spreading water droplet in a high frame-rate video. Experiments show reasonable agreement

between the results of the tracking program and those obtained via manual measurement.

However, the current version of the contour tracking program is only able to detect the

outer rim or precursor contour of the water droplet. This alone is not enough to describe

the dynamics of the spreading behavior of the droplet. A fair comparison of the dynamics

of water droplet spreading on a nanostructured surface to that on a flat, rough or porous

surface requires information about the contact line and hence the length between the contact

line and the precursor as a function of time. This calls for being able to track the evolution

of the contact line. The contour tracking algorithm also needs to provide sub-pixel accuracy

in cases where the differences in contour pixel locations from one frame to the next are very

small. These research tasks will be pursued in our future work.
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Part II

A Multiscale Background Method for

Static Object Detection 1

1S. Cheng, X. Luo, S. M. Bhandarkar. 2006. To be submitted to 2007 IEEE Workshop on
Applications of Computer Vision.
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Chapter 7

Introduction

The detection of stationary objects is a primary objective for many security-based surveil-

lance systems present in train stations, airports, and other highly-populated locations. Imme-

diate detection of suspicious packages is vital to the safety of innocent citizens in the current

age of terrorists and primitive home-made explosive devices. On a more trivial scale, static

object detection can be used to signal incidents of left-luggage at transportation hubs as

well as detecting illegally parked vehicles on roadsides. This paper proposes a multiscale

background approach to static object detection.

Background modeling (sometimes referred to as figure-ground discrimination) is the pro-

cess of subtracting the background from an image in order to analyze the actions and

behaviors of foreground objects. Background identification is an important step in com-

puter vision applications, particularly in the field of surveillance and monitoring. A common

obstacle known as the sleeping person problem is encountered by most surveillance systems.

The sleeping person phenomenon occurs when a foreground object remains stationary for

an extended period of time. After a while, the foreground object will merge into the back-

ground image because the background model will begin to associate the object’s pixel as

the estimated background pixel. The merging time is dependent on the scale of the model.

Consequently, static objects in the scene can be detected by exploiting the sleeping person

problem and using a multi-model, or multi-scale, architecture.

The following chapters outline the proposed multi-scale approach to static object detec-

tion. Chapter 8 explains the multiple Gaussian mixture background model and the subse-
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quent multiscale strategy. Chapter 9 describes the experiment setup and results. Chapter 10

summarizes the results and suggests possible extensions to the research.



Chapter 8

Background Modeling

In computer vision, there are two common approaches to modeling the background image of

a real-time scene. The first method is to use a single color value for each background pixel.

Typical univalue color schemes use temporal averaging [8] or temporal median filtering [12] to

calculate the background pixel values. Although these methods are effective in scenes where

objects are in constant motion and the background is visible for the majority of the time,

they are not well-suited for busy scenes in which there are many moving objects, especially

if the objects are slow-moving. Another drawback of single color models is that bimodal

background pixels cannot be modeled using a single color value [18]. The second approach

combats these shortcomings by utilizing a multi-color scheme to model the background image.

The mixture of Gaussians (MoG) background model [18] is an adaptive background mixture

model in which each background pixel value is modeled as a set of Gaussian distributions.

The MoG performs well under various conditions such as different equipment, indoor/outdoor

environments, and a range of lighting scenarios [18].

8.1 Background Image Assumptions

In order to distinguish the background image from moving objects, there are assumptions

that must be accepted. The first assumption is that background pixel values tend to per-

sist for longer durations than pixel values of foreground objects. This assumption is natu-

rally true for scenes involving a few fast-moving objects. However, a scene containing many

objects (i.e. a busy scene) is a difficult scenario for less-sophisticated background models.

The second assumption relates to the busy scene problem and states that background pixel
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values recur more frequently than foreground pixel values. This situation occurs when fore-

ground objects periodically occlude the background image. The proposed background model,

which is explained in more depth in the following section, incorporates these assumptions

into its background pixel weighting system.

8.2 Multiple Gaussian Mixture (MGM) Background Model

The multiple Gaussian mixture (MGM) background model, developed by [11] and inspired

by the MoG, is a multi-color, statistical approach to background extraction. The MGM

model incorporates k Gaussian distributions for each pixel of the image Ix,y. From this

point forward, all terms are assumed to be associated with a particular pixel so the x and

y subscripts will be omitted. Each distribution, or color cluster, χi is characterized by the

following attributes:

1. µi: Mean.

2. σ2
i : Variance.

3. Ni: Weight.

4. tli: Time that χi was last updated.

5. ni: Number of image intensity values that have matched χi in the current time-slice.

The background updating process employs a two-stage approach. The initial stage tallies

the statistical properties of the pixel value for each of the k distributions. The image intensity

It in frame t is compared to each of the k color clusters. It matches cluster χi if It falls within

2.5 standard deviations of χi’s mean (i.e. µi − 2.5σi ≤ It ≤ µi + 2.5σi). A match results

in the updating of µi and σ2
i according to Equations 8.1 and 8.2, respectively.

µi = µi +
1

L
(It − µi) (8.1)

σ2
i = σ2

i +
1

L
[(It − µi)

2 − σ2
i ] (8.2)
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where L is an integer representing the inverse of the learning rate. The use of an integer

speeds up the algorithm by avoiding floating-point arithmetic. If It does not match any of

the clusters, then the cluster with the lowest weighting N is replaced with a new cluster χj

where µj = It, σ2
j = σ2

0, Nj = 1, nj = 1, and tlj = t. The variance σ2
0 is initialized to a high

value because it is assigned to newly created clusters.

The second phase of the background updating model occurs every F frames and involves

updating the cluster weights. Each color cluster is assigned a weight Ni representing the

likelihood that χi corresponds to the actual background pixel value. Ni takes into account

the two important assumptions of background pixels mentioned in Section 8.1, the amount

of time a certain color persists (duration) and its recurrence frequency. At each interval F ,

the cluster weights are updated according to the duration and recurrence frequency weight

update rules described by Equations 8.3 and 8.4, respectively. The recurrence frequency

affects the cluster weight only if the cluster has been sufficiently represented (i.e. ni > δ

where δ is an integer) during the recent time slice.

Ni = Ni +















F, if ni > F/2

ni, otherwise

(8.3)

Ni =















Ni + F/2, if ni > δ and t − tli > 2F

Ni, otherwise

(8.4)

All clusters satisfying the condition Ni > Nmax/3 where Nmax = max(Ni), are deemed to

represent a background pixel value. Once the background pixels have been determined for the

current frame, if Nmax > 1.25∆, then each Ni is scaled by a factor of 4/5. This is necessary

because if N is unbounded, then a cluster with a relatively large N would dominate the

system making it difficult for other clusters to be considered as part of the background. Any

cluster with N = 0 or t − tl > ∆ is deleted. The full background model updating procedure

is described in Algorithm 3.
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Algorithm 3 Background Model Updating

1. If It matches χi, then update µi and σ2
i using Equations 8.1 and 8.2. Set ni = ni + 1.

2. If It does not match χi, then replace the cluster with the lowest N value with a new
cluster initialized with µ = I
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period of time. Bt includes all objects that have been motionless for a period Ts > t where

Ts ≈ Ni/frame rate. It can be shown that if i ≤ j, then Bj ⊆ Bi. In other words, objects in

the coarser scale background image will also be present in the finer scale background image.

A system that utilizes two background models, Bi and Bj where i < j, is able to detect

objects that have been static for at least i seconds (i.e. Ts ≥ i) because after approximately

i seconds, the object will merge into the background of Bi, but remain in the foreground

of Bj . The location of the object can be determined by generating a difference background

image DBi = Bi − Bj .



Chapter 9

Experiment and Results

The multiscale background updating model is tested on two unique video sequences. Both

scenarios are situated in an indoor environment: a living room and a train terminal 1. In both

experiments, the four model parameters are set to k = 4, L = 1024, F = 60, and δ = 20. In

other words, four Gaussian distributions are used for each pixel, the learning rate is set to

1/1024, weight updates occur every 2s (60 frames), and the recurrence threshold is set to 20

updates.

9.1 Living Room

For the living room scenario, two background models, B30 and B60, are trained for approx-

imately 5400 frames (∼180s). This ensures that both models are sufficiently trained since

∆B30
= 2700 and ∆B60

= 5400. The training period consists of a static background scene

with minimal illumination changes. Immediately after the training period, a person enters

the scene, places a laptop bag on the ground, and proceeds to leave the camera’s field of

view. The laptop bag remains in the scene for approximately 3750 frames (∼125s), at which

time a person retrieves the bag returning the scene to its original state.

Figure 9.1 shows the state of the overall system at frame 5753 (∼192s). Figure 9.1(a) and

(b) show the background image generated by B30 and B60, respectively. It can be seen that

the laptop bag is still present in the foreground of both background models. Figure 9.1(c) is

the difference background image DB30 and Figure 9.1(d) shows the original image from the

1The train terminal video is provided by the PETS2006 workshop with the support and collab-
oration of the British Transport Police and Network Rail.
http://www.cvg.rdg.ac.uk/PETS2006/index.html
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video. Since DB30 shows no image, it can be concluded that the object has been static for

less than 30s and hence, no warning is issued.

Figure 9.1: Images of frame 5753. (a) Background image B30. (b) Background image B60. (c)
Difference background image DB30 = B30 − B60. (d) Monitor view.

Approximately 976 frames (∼32.5s) after the bag is placed in the scene, the object begins

to merge into the background of B30. Figure 9.2 is a snapshot of the system at frame 6729.

Figure 9.2(a) and (b) show the states of B30 and B60, respectively. The object is present

in B30, but does not appear in B60 implying that the object has been static for more than

30s, but less than 60s. This is confirmed in DB30 shown in Figure 9.2(c). The 30s warning

indicator is shown in Figure 9.2(d) as a yellow bounding box around the object.

Figure 9.2: Images of frame 6729. (a) Background image B30. (b) Background image B60. (c)
Difference background image DB30 = B30 − B60. (d) Monitor view with warning indicator
(shown as a yellow bounding box).
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9.2 Train Terminal

Unlike the controlled, quiet scene of the living room, the train terminal video is a more

complicated scenario. Three background models, B5, B15, and B20, are instantiated to supply

the system with both a warning period (5 ≤ Ts < 15) and a higher priority alarm signal

(Ts ≥ 15). The flexibility of the multiscale approach is shown by using this two-stage alert

system.

Throughout the entire video, various people pass through the scene simulating the move-

ment of real-life commuters. The training period for this experiment is set to around 1800

frames (∼20s), which is equivalent to the largest ∆ of the three background models. Approx-

imately 1700 frames (∼57s) into the video, a man enters the scene with a long carrying case.

He lingers around the target area for approximately 30s, at which time he leans the case up

against the railing and proceeds to leave the scene. For the remainder of the video, the object

remains in the same location while commuters continue navigating through the camera’s field

of view, occasionally hiding portions of the object.

Figures 9.3 through 9.5 show key frames of the video at three separate time instances.

For each of the figures, (a) through (c) show the three background models B5, B15, and B20,

respectively. Also, (d) and (e) are the difference background images DB5 and DB15, and (f)

is the image shown on the monitor display.

Figure 9.3 is a snapshot of frame 2792 in which the man has left the carrying case against

the railing and begins to exit the scene. The object has been static for less than 5 seconds

since DB5 does not identify any connected components large enough to classify as an object.

The foreground (black) pixels of DB5 can be attributed to the non-uniform distribution of

the object pixels in the scene. For example, the majority of movement occurs within the

walking area of the train terminal and because of the camera angle, the quieter portions of

the scene (i.e. pixels in the upper area of the image) receive less pixel value variation than

their busier counterparts.
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Figure 9.3: Images of frame 2792. (a) Background image B5. (b) Background image B15. (c)
Background image B20. (d) Difference background image DB5 = B5 − B15. (e) Difference
background image DB15 = B15 − B20. (f) Monitor view.

Figure 9.4 shows the state of the system at frame 2946. This is approximately 5 seconds

after the object was left unattended, which agrees with the theoretical time when the static

object should merge into B5. The static object appears in DB5 indicating that the object

has been stationary for greater than 5 seconds. The system notifies the monitoring party by

displaying a yellow bounding box around the object in the system’s monitor view.

Once the object remains idle for more than 15 seconds, an alarm is triggered and the

proper authorities are notified automatically so that they can attend to the potential danger

immediately. Figure 9.5 shows the video at frame 3219, which is approximately 15 seconds

after the initial time the object was left. The alarm is displayed as a red bounding box around

the object in the system’s monitor view.
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Figure 9.4: Images of frame 2946. (a) Background image B5. (b) Background image B15. (c)
Background image B20. (d) Difference background image DB5 = B5 − B15. (e) Difference
background image DB15 = B15 − B20. (f) Monitor view with warning indicator (shown as a
yellow bounding box).

Figure 9.5: Images of frame 3219. (a) Background image B5. (b) Background image B15. (c)
Background image B20. (d) Difference background image DB5 = B5 − B15. (e) Difference
background image DB15 = B15 − B20. (f) Monitor view with alarm indicator (shown as a
red bounding box).



Chapter 10

Concluding Remarks and Future Work

The results of the study show that using a multiscale background scheme is a valid approach

to dynamic scene analysis. The system was able to signal a warning when an object remained

stationary for the specified amount of time. Although the system performed reasonably well, a

few weaknesses were exposed while performing the experiments. The first problem concerns

the accuracy of the system when the background models are not sufficiently trained (i.e.

Ft ≪ ∆, where Ft is the length of the training period in frames). Consequently, if the models

do not have the correct estimate of the background image, foreground objects will merge

into the background sooner than expected.

Another issue related to the training problem is the situation in which portions of the

same object merge into the background at different rates. This problem could result in

undersized connected components which will affect the object detection process. Another

consequence of the merging problem is the difficulty of getting a sharp transition between

the warning and alarm stages.

A more accurate assessment of the proposed scheme can be obtained by integrating the

model into a real-time, online monitoring system. In an online situation, the processing speed

of the entire system is of utmost concern. Fortunately, the multiscale approach is well-suited

for a parallel computer architecture where each model can be managed independently using

a multi-processor system.

The sleeping person problem has a counterpart known as the waking person problem. The

waking person scenario occurs when an object that originates in the background is moved. A

missing objects detection feature could be implemented by utilizing the effects of the waking
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person problem. This function is useful in theft prevention systems. It could also be used

to find misplaced items in a crowded room. The drawbacks, improvements and suggestions

discussed in this chapter will be investigated in future studies.
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