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Abstract

With the rapid growth of workplaces, there is also an increase of the risk employees are exposed to.
A high percentage of the injuries suffered annually are work related and many of those are due to
the decrease in alertness of employees as they get tired. As a result, many of the injuries are fall
related, touching a hot object etc. Therefore, safety in the workplace can be increased if employees
can be monitored continuously and warning them when they come close to a restricted (hazardous)

area.

The current paper presents an in-depth analysis of existing approaches to 3D object tracking which
can be deployed to monitor workers and try to prevent injury. The final goal is to design, implement
and test an SoC capable of performing real time object tracking in 3D which can send the

coordinates to a standalone computer to be displayed and processed.
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1. Thesis Introduction

1.1 Motivation

With the rapid development of the work place there is an ever growing hazard to human health and
well-being. Between 2002 — 2004 in Canada alone, there have been 465 deaths and close to 300,000
hours of compensated time loss. With more than 66% of those injured being employed in trades,
transport, primary industries, processing or manufacturing [1]. Since then, the numbers have increased
dramatically. In 2012 there have been 144,865 cases of injury reported in British Columbia alone, for a

total of 2.9 million days of work lost [2].

Out of the injuries reported in 2003, close to 19% were cooks or chefs, and over 17% were people
working in primary industries such as mining [3] [1] for a total of 36% of the injuries happening to those
working in hazardous environments. Furthermore, out of the total injuries reported in Canada in 2003,
more than 22% of the injuries were falls, close to 20% were accidental contact with sharp objects, 12%
were accidentally struck or crushed by objects and 6% were accidental contacts with hot objects, liquids
or gases [4]; representing a total of almost 60% of the total injuries suffered that year. These are types
of injuries which can be avoided through continuous supervision of employees and by making them

aware of the fact that they are entering or approaching a possible hazardous area of the workplace.

Most surveillance systems used today are not capable of tracking motion in 3D and those which are
capable of doing so are very expensive due to the sheer amount of raw data that needs to be
processed. Therefore, there is a real need for an inexpensive system which is capable of detecting and
tracking motion in 3D which can be used to warn anyone who is approaching a hazardous area in the
workplace (such as a hot stove, a hole in the ground etc.), thus helping to prevent injury in the

workplace.

Furthermore, such a system can also be used to assist with the automation of processes such as
spacecraft docking on the space station, satellite docking, in-flight refueling systems — which is currently
done manually by the pilots of the two planes and requires a lot of skill and patience to be done —and

many other processes.



1.2 Objectives

The main objective of this work is to create a System — on Chip implementation on an FPGA-based
device capable of tracking objects in 3D space, in real time. The following steps need to be taken to

achieve the above goals:

1. Research and analyze the existing available approaches in implementation of stereo vision

rectification, object tracking and motion tracking in 2D and 3D;

2. Determine possible designs for effective SoC implementations which are capable of tracking objects

in3D

3. Develop the architecture for the system;

4. Design and implement the SoC based on the Xilinx Virtex FPGA platform;

5. Analyze the experimental results associated with the performance parameters;

6. Verify the approach, identify any potential limitations during the test and verification process

introduce alternatives for future improvements of the design.



1.3 Contributions

The following contributions were made during the course of the work to meet the objectives stated in

section 1.2:

1. Extended literature research in the area of stereo panoramic vision, object tracking and motion

detection/tracking.

2. Developed the architecture for the SoC capable of tracking a moving object in 3D (process the images

coming from a stereo panoramic camera setup) in real time.
3. Designed the SoC based on Xilinx Virtex 4 FPGA

4. Performed in-depth analysis of the experimental results and observation and recommendations were

suggested and discussed for future expansion and implementation of the system.



1.4 Thesis Organization

The remaining organization of this thesis is as follows:

1. Chapter 2 presents an in depth analysis of algorithms currently used to perform object tracking,

motion detection/tracking in 2D or 3D and stereo rectification.

2. Chapter 3 presents the proposed architecture of the system which is capable of performing real time

tracking of motion in 3D space.

3. Chapter 4 presents an in — depth description of each of the components needed to perform object

tracking in 3D space.

4. Chapter 5 presents the observations and experimental results of the proposed system. Additionally,

this chapter discusses solutions for further improvement and expansion of the system.



2. Related Works

2.1 Introduction

3D object tracking has many real world applications and as a result, there has been much research in
the field in the past few years. There are numerous ways which have been used to perform object
tracking in 3D, each of which has its strengths and weaknesses. Some of the most popular methods
used to track objects in 3D or in 2D are through use of radar [5], sonar, lidar [6] or through digital

image processing (or computer vision) [7]. In this paper

Radar technology has been developed secretly before and during World War 2. It uses radio waves to
determine the location, altitude, speed and direction of travel of objects. While it is extensively used in
the military, it has many other applications such as air traffic control, radar astronomy, aircraft anti-

collision, etc.

Another method which is extensively used for 3D object tracking is through the use of Lidar. While it

works in a similar manner to traditional radar, it uses laser beams instead of radio waves.

Computer vision refers to the process of acquiring, processing, analyzing, and understanding images or
a stream of images from the real world in order to produce numerical or symbolic information in the
forms of decisions [8]. The main objective of computer vision is to copy the human vision system and
implement it in an automated environment. As a scientific discipline, computer vision focuses on
developing artificial systems which are capable of extracting features or information from images or a

stream of images.

Object tracking using computer vision has been one of the most researched topics of the 21* century.
Despite the fact that most research has focused on 2D object tracking, this should not be an issue since
3D object tracking is only an extension of this topic. 3D tracking can be obtained by combining the 2D

tracking results to extract depth information.



2.2 Radar and Lidar based 3D tracking

Historically, multi-target radar tracking has focused on tracking targets at large distances in the
presence of clutter, which it can reliably perform. However, when it comes to tracking objects which are
closer to the emitter, radar technology has limitations since an object can have multiple reflection
points which cause multiple measurements on the same object. As a consequence there will be large

errors in position estimation [5].

Radar systems have a transmitter which emits radio waves. When these waves come into contact with
an object, they are reflected or scattered in many directions. It is the waves which are reflected back,
towards the transmitter that allow the radar system to detect the object. These reflected waves are
picked up by the receiver and are analyzed. If the object which reflected the waves was moving, then

the reflected waves have a slight change in frequency due to the Doppler Effect.

Some materials reflect radio waves better than others. Thus, metals (which are electrical conductors)

reflect radio waves the best. This is why radar systems are extensively used in the military.

It is possible to use the multiple reflection points of the close range object to generate a more detailed
representation of said object. However, this can be done under the assumption that all the reflections
of the radio wave were due to a single object. Therefore, it is very hard to track multiple objects at close

range [5].

There have been efforts to improve radar technology in such a way to make it possible to track multiple
objects in close range. This is necessary for applications such as vehicle collision avoidance. For
example, Adam in [9]proposes the use of a Kalman filter in order to track multiple objects in close range
using radar technology. This method improved the tracking ability; however, the technology is still not

suitable for tracking multiple small objects in close proximity.

Efforts were made to extend on the above idea in order to improve tracking abilities. For example it was
proposed to use an Extended Kalman filter which takes measurements in spherical coordinates and
then relate them to state vector in Cartesian coordinate system. Through this method researchers were
able to track 2 moving objects travelling at constant velocities. Errors were in the range of 15%.
However, during experiments, the two objects started moving from different positions. Kalman filter
has properties which allow it to track and predict the location of moving objects and therefore would

pose a problem if trying to track multiple objects which start from the same location [10].



Despite extensive research efforts, radar is far from being a viable method of accurately tracking objects
in close range. Furthermore, radar is an active tracking method which requires generating radio waves
in order to track moving objects. This also implies that the system power consumption goes up

considerably.

Another, more popular method of tracking object in 3D is through the use of lidar. Lidar works in a
similar manner as radar does, the only difference being it employs the use of laser beams instead of
radar waves to detect objects. As a result, lidar is not only more suitable in detecting moving objects

than traditional radar, but it can also easily differentiate between moving and stationary objects.

One of the main applications for lidars is for vehicle collision-avoidance systems and this is due to their
high accuracy in tracking objects in short range [11]. Furthermore, they can operate regardless of the

ambient lighting conditions.

However, the main issue with lidar systems comes from the way they operate. The laser beam must
scan the environment, horizontally, line by line. This means not only that it has moving components
which can be less viable than electronic components, but also that they are slow at acquiring a data

from their surroundings compared to other sensors (such as cmos cameras).

In order to improve scanning speeds, multilayer lidars were introduced. These bring the advantage of
scanning the frame horizontally and vertically in the same time [12]. However this increases the
bandwidth of the data which needs to be processed. Based on experimental data obtained in [6], a

single layer lidar which scans a scene at 10Hz requires 370ms on a 2GHz modern processor.

2.3 Stereo vision

Computer stereo vision is the processing of digital images obtained from two cameras in an effort to
obtain 3D information. For example, by comparing information about an object from two different
vantage points, 3D depth information can be extracted by examination of the relative positions of

objects in the two images.

Computer vision strives to emulate the human vision system as close as possible in order to successfully

automate everyday tasks such as parking enforcement, security systems, face recognition, etc.



2.3.1Human binocular vision

When the rays of light enter the eye through the cornea and the lens, they are brought to focus. These
rays travel to the back of the eye where they are projected on the retina (which contains 100-120

million rods and about 6-7million cones).

Cones are highly perceptive to color and detail, while rods are more sensitive to light intensity. The
highest concentration of cones is found in the fovea, which a region on the retina which is specialized in
object recognition. The concentration of cones decreases dramatically as we move outside of the fovea.
This is the reason why humans have poor vision in the peripheral region. On the other hand, rods are
more prominent on the periphery of the retina and are used for night vision, motion detection and

detection of large objects.

When light comes into contact with the rods and cones a series of chemical reactions occur, which
generate electrical impulses in the optic nerve. These impulses are sent to the brain where they are

processed.
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Figure 2. 1: Anatomy of human eye

Each eye acquires individual images of a scene from two slightly different perspectives. This difference

is due to the fact that the eyes are placed at a horizontal displacement of about 60-80mm of one



another (this separation is called baseline). When the two images are processed in the brain, it uses the

difference between them to obtain depth information as well as the object’s spatial location.

The normal human visual field extends to approximately 60 degrees nasally (toward the nose, or
inward) from the vertical meridian in each eye, to 100 degrees temporally (away from the nose, or
outwards) from the vertical meridian, and approximately 60 degrees above and 75 below the horizontal

meridian.

As a result of the anatomy of the human eye, people are only capable of seeing in 3D only in the central
visual field and is only capable of detecting motion, light or large objects in peripheral region. The field

of view is illustrated in Figure 2. 2.

Central Visual
Field

Figure 2. 2: Field of view

A basic understanding of the human vision is required for computer stereo vision because this science

tries to emulate the human vision in order to automate different tasks.



2.3.2Rectification

Similar to the human binocular vision, in traditional stereo vision, two cameras, displaced horizontally
from one another are used to obtain two differing views on a scene. By comparing these two images,
the relative depth information of the scene can be calculated in the form of a disparity map. Disparity is
the difference between the horizontal coordinates of the same object as seen by the two cameras [13]
[14], and is inversely proportional with the distance between the camera assembly and the observed

object [15].

Therefore, in order to compute the disparity map, the system must be able to recognize the same
object in both frames and calculate the horizontal difference between the positions of the object in the
two frames. In real camera systems however, the images sensor are not completely coplanar and as a
result, there is a difference between the vertical coordinates of the objects as well. This is illustrated in

Figure 2.3 a) [15].

Radially distorted Inverse lookup
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Figure 2. 3: the rectification process: a) distorted images from left and right sensor, b) fixed lens
distortion, c) rectified (coplanar) images
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Stereo image rectification is the process of transforming the images to align them horizontally and
obtain perfectly aligned epipolar lines [13]. All the objects in a rectified pair of images have the same
vertical position. This is done in order to simplify the already complex process of recognizing the object

in both frames [14].

Figure 2.3 illustrates the different stages the rectification process needs to go through before obtaining
the final result. As can be seen in a), the images are tilted and have radial distortion (caused by the
lenses). The first step is to remove the lens distortion and finally the images are shifted in such a way

that they become coplanar and their epipolar lines are parallel (as seenin c) ).

Extensive research in the area has led researchers to perfect a standardized approach of performing
rectification. Thus, a set of image pairs is used to recursively compute the intrinsic parameter s of the
cameras (focal length, baseline etc.) [13].0nce the intrinsic parameters are known, they are used to
compute a 3x3 matrix — known as transformation matrix — which is used to compute the location of

each pixel in the rectified final image [14] [16].
Rectification is performed in a succession of steps as follows:

1. The correspondence problem. The correspondence problem consists in taking a set of points
from the image coming from one camera and finding the corresponding set of points in the
image coming from the second camera. This is an iterative process, having as input frame pairs
coming from the two cameras and outputting a series of points which will be used to find the
intrinsic parameters of the camera.

2. Computing the intrinsic parameters of the cameras.

3. Finding the transformation matrix.

4. Apply the transformation matrix to images in order to rectify the images.

While the process is the same, the difference is in the implementation. The preferred approach for
many researchers is to transfer all the necessary frames in order to perform the rectification on a PC
using software such as MATLAB or using the OpenGL libraries [17]. Once the matrix is known, some
continue to use software to perform the rectification stage as well [15], while others prefer to do this

real time with the use of an FPGA [17].

The advantage of using software to compute the transformation matrix comes from the extensive

support from the active open source community, making it a trivial task to process the frames in order

11



to obtain the intrinsic parameters of the cameras and find the transformation matrix. Furthermore, this
approach also takes advantage of the processing power of modern PCs allowing for computations to be

performed very quickly.

However, for many embedded applications, the advantages are overwhelmed by the bandwidth
required to transfer the frames necessary for the matrix computation and by the fact that this approach
requires continuous access to a PC, which is not desirable for all embedded applications. Moreover,
these kind of devices are not suitable for mobile devices or devices which need to be deployed in
hazardous environments with lots of objects which can interfere with the wireless communication (such
as mines, indoor etc.). Therefore, some researchers prefer to perform the necessary processing on their

embedded application [14].

This approach eliminates the need for access to a PC which lowers the overall cost and power
consumption of the system. Furthermore, by eliminating the need for a communication interface
needed to transfer data to and from the PC, the effective range of a mobile device is increased
dramatically while simplifying the hardware and the design process. The result is a well-rounded,
standalone embedded application capable of performing all the necessary processing without the aid of
any external devices [14]. These kinds of devices can be deployed in any environment since they do not

need to communicate with an external device in order to operate properly.

However, since the embedded application needs more processing power, its complexity and cost
increases. As a result, there is a tradeoff between the complexity of the algorithm which needs to be
employed and the cost and power consumption of the embedded device. Therefore, by decreasing the
complexity of the computation algorithm, the cost and power consumption is reduced and as a
consequence the accuracy of the rectification process is reduced, potentially increasing the error in the
rectification process [14]; on the other hand, by using a complex algorithm for solving the
correspondence problem, then the cost and power consumption of the device increase while

decreasing the error of the rectification process [18].

For example, in [15] the rectification process was simplified by selecting the images coming from the
left camera as reference and applying the algorithm to the images coming from the right camera. As a
result, the resources necessary to perform all 4 steps were almost halved. However, as a direct result,

the rectified images were tilted and had visible lens distortion.
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Moreover, in [18], the researchers used a complex algorithm to solve the correspondence problem and

extract the intrinsic parameters of the cameras. As a result, while their results were better than [15]

they used a bigger FPGA and 5 times more resources, as seen in Table 2.3.1.

[18] Jin S., et all [15]Greisen P. et all
FPGA used Virtex 4 Spartan 3
BRAMs 322 of 336 28 of 28 [19]
Slices 51,191 of 89,088 9,468 of 26,624
LUTs 60,598 of 178,176 15,969 of 26,624
Slice Flip Flops 53,616 of 178,176 10,788 of 26,624

Table 2. 1: resource comparison

2.3.30Dbject tracking

Object tracking has many applications in the field of intelligent robots and Al, human — computer
interaction, vehicle tracking, biomedical image analysis etc. As a result it has been one of the most
researched topics in computer vision in the past few years [20] with much advancement in terms of
new algorithms and real time working systems [21]. Unfortunately it is also a very complex task which
requires processing of large quantities of data and therefore most research focuses on implementation

on stand-alone computing platforms [22] or expensive DSPs [23].
No matter the algorithm, object tracking (in 3D) is performed in 3 steps as follows:

1. Image segmentation — separates the moving object from the background
2. Blob detection — finds the pixels which are a part of the detected moving object

3. Centroid calculation — finds the coordinates of the centroid of the selected blob

Image segmentation in computer vision is the process of breaking down the image into blocks (or
segments) [24]. More precisely, image segmentation is the process of labeling each pixel in an image,
such that all the pixels with a certain label share a certain characteristic. Segmentation is important in
object tracking because it helps distinguish between the pixels of a moving object (which are of

interest) and those of the background (which are not of interest).

The difference in object tracking algorithms comes from how each of them performs the image

segmentation stage. Thus, there are 2 methods of doing this. The first method is detecting the object
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based on a certain feature of the object (such as shape, size, color etc.) which was previously extracted
and stored in a database of known objects [25]. The second method, which is the most widely used
approach for real time tracking systems is to subtract the current frame from a previously stored frame

[20] [23].

There are many approaches when it comes to object tracking. However some are more suitable for the
current application then others. For example some researchers propose a method of tracking objects
which were first detected based on previously known features [26]. However, this requires additional
storage space to store known objects which need to be detected. Furthermore, despite the fact that it
does not require a lot of processing power, is not suitable for tracking objects which are not in the
database. Moreover, in [27] [21]researchers tried to make the object detection and object tracking
stage cooperate with each other and even though he obtained better results than traditional object
detection and tracking methods, the additional storage space needed for its operation outweighs the

benefits it brings.

In [25] Schulz proposes a method of tracking objects based on color. This method is a very simple one
which can be implemented on inexpensive hardware. However, it brings no real benefit other than that.
The fact that it relies on color to track objects means that it cannot track objects of different colors or

that it will track parts of the static background which is in fact not moving but is of the correct color.

An interesting approach is presented by Nasrullah in [28].He proposes a combination between object
detection and frame subtraction which yields really good results. Thus, he uses the subtraction between
frames I(t) and I(t-1) to find moving objects and from I(t+1) he continues to search an area around the
last known location of the previously detected moving object in previous frames. The advantage of this
method is that it performs less overall computations than just continuously subtracting the previous
frames while also restricting the movement of the object, not being able to track fast moving objects

(which usually are not of interest anyway). However, it can only track one moving object.

Another popular method is the MeanShift algorithm. It was first introduced by Fukunaga in 1975 and
since then it has been a favourite for many researchers due to its simple calculations and the theory
behind it [29]. Thus nowadays, there are many variations of the algorithm [8], [30], [29] and [31]. The
algorithm itself is a nonparametric density gradient statistical method which is used for image
segmentation and clustering. But ultimately its popularity comes from its effectiveness in tracking

moving objects.
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The basic idea behind the algorithm is to use the features (color, intensity and edge histograms) of the
tracked object — which were extracted from previous frame — to create a confidence map in the new
image, and use MeanShift algorithm to find the pixels with the highest probability of being part of the
object in the current frame. The search area is selected around the location of the object in the old

frame.

CamShift is an extension of the traditional MeanShift algorithm [8], [30]. Cam shift also utilizes
histogram-based object model representation, and iteratively performs a mean shift procedure on the
back-projected images generated from new incoming video frames to find the object’s location while
adjusting the size of the search window at the same time. However, because CamShift can
automatically adjust the object scale during tracking, it allows this algorithm to track objects effectively
even with target deformation [30], thus making it more successful at tracking objects of interest than

the MeanShift algorithm.

In [31] Lu proposes a variant of the MeanShift algorithm which can be implemented on FPGA. The result
was that he was able to track an object of interest in real time at 60 fps while using only 3284 logic
elements. However, the downside of his approach comes from limitations of the MeanShift algorithm.
MeanShift (and a result CamShift) was designed to track a single object of interest at a time, making it
unsuitable for applications where tracking of multiple objects is important. While it can be extended to
be able to track multiple moving objects the resources required to do so make it an option which is less

viable than other methods.

The most widely used approach is to subtract the current frame from a previously stored frame. This
stored frame can be a dynamically reconstructed background [32], or the frame before the current

frame [17] and [28] or a combination of both [7].

Background subtraction is achieved by taking the absolute difference between the pixels of the current
frame and the pixels of the background [26]. However, changes in illumination, weather and shadows
make segmentation a difficult problem. The effect of these problems can be reduced by introducing a
background learning algorithm which continuously updates the background image. However, a good
algorithm requires a lot of processing power. Therefore, a successful model should provide acceptable

adaptive background and satisfy the timing requirements [7].

Subtraction of consecutive frames, as the name suggests, is achieved by taking the absolute difference

between the pixels of two consecutive frames. If the absolute result of the subtraction is smaller than a
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predefined threshold, then the pixel is labeled as part of the background. Otherwise it is part of the
moving object. This method is more accurate in environments where illumination and weather changes
are a problem [28]. However, the problem with this approach is that it cannot track objects which
become stationary within the frame. Furthermore, the result is almost never a homogenous blob but

instead, it will have edges and will be empty in the middle [7].

Through the extensive research which has been performed, it was observed that many of the
researchers discourage the use of RGB color space due to its high susceptibility to noise and changes in

lighting [30], [31] & [33]. It seems that the most reliable color space is HSV [34].
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Figure 2. 4: HSV color space
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max= max (R, G, B) and min =min (R, G, B)

S=(max-min) /max,

V=max

To compute the H value, first compute,

_ max— R B = max—5 _ max— G

mMdx — min max—mnin max—min
If =max and G=min H=5+B’
elseif R=max and G#min H=1-G’
elseif G=max and B=min H=R’+]
elseif G=max and B#min H=3-B’
elseif R=max H=5+G"
otherwise H=5-R’

Then to convert H into degrees

Hex=H%*60.

Figure 2. 5: Algorithm to convert RGB to HSV

In the HSV color space, each pixel is represented by hue, saturation and lighting intensity value. Thus, it

separates the color value (hue) from the other components which are more susceptible to noise and

are highly dependent on lighting conditions. The HSV color space is often times represented as a cone,

with the hue being the angle from the line representing red as shown in Figure 2. 4 [33]. The algorithm

used to convert a pixel from RGB to HSV is shown in Figure 2. 5: Algorithm to convert RGB to HSV [34].

Another proposed color space is YUV. While it is not as insensitive to lighting changes and to noise as

HSV, it is an improvement over the traditional RGB. In YUV, the Y component stores the luminance of

the pixel while U and V store the color information and some luminance information. Conversion from

RGB to YUV is done as shown in Figure 2. 6 [34], [30] & [31].

0 .587 0.114 R
- 0 .289 0 .436 x| G
- 0 .515 0. 100 B

Figure 2. 6: RGB to YUV conversion matrix

While it adds some insensitivity to lighting changes, YUV is still susceptible to noise. However, the effect

of noise can be reduced through some simple noise reductions techniques as the ones shown in Figure

17



2. 7. While the first filter computes a simple average of a 3x3 block of pixels, the second filter computes
a weighted average which gives more importance to the pixel in the center and less importance to the

pixels in the corners [28].
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Figure 2. 7: Gaussian filters

These filters take advantage of the fact that in an image, pixels in close proximity to each other are
likely part of the same object, and thus should have a similar value. Therefore, in case one of the pixels

value was compromised by noise, the noise can be reduced by using the pixels around it.

2.4 Summary

Radar and lidar technology has been used traditionally to detect large objects at long distances.
However, with the rapid growth of many industries has driven many researchers to find new
applications for the technology. The greatest demand comes from the car industry, where they are
being used in collision avoidance systems. Despite the fact that radar technology has issues tracking
multiple moving objects in 3D, this is not an issue because collision avoidance systems need only detect

objects which are coming close to the vehicle.

Object tracking is one of the most researched topics in computer, vision having many contributors.
Extensive research was performed in order to determine the most appropriate approach for the current
application. There are many suitable candidates for the required implementation and a thorough
analysis will be performed in order to determine the most suitable approach for the 3D object tracking

application.

While most researchers proposed their method of performing object tracking, some also made
recommendations on approaches which can be used to improve processing results, such as using a

different color space than RGB or different noise reduction techniques.
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3. Architecture organization of the 3D

Object tracking system

3.1 Introduction

Extensive research has been conducted in the field of object tracking and 3D object tracking. With so
many different algorithms and approaches which were developed over the years, thorough analysis
must be performed in order to determine the most appropriate approach. Therefore, before creating a
design for the 3D object tracking system, it is important to know its technical requirements. Based on

the requirements, a decision can be made about which tracking option is the most suitable.

As mentioned previously, the main application of the current device is to protect employees in the
workplace by warning them when they are getting close to a possible hazard. For example a worker
who is working in the kitchen often times is very busy and is required to move large objects from one
side of the kitchen to another. These objects are large enough to obstruct his view, thus making it

possible for him to touch a hot stove and injure himself.

Therefore, the application must run at real time speeds, which for human vision is approximately 30fps.
The tracking accuracy in 2D (horizontal and vertical coordinates) and 3D (depth coordinate) has to be
quite high, with an error rate less than 5%. While the start-up delay is not important, the system must

have a response time of at least 0.25s to ensure that accidents are prevented.

By continuously monitoring the position of moving objects in 3D, the device, knowing the location of
the stove (which never changes), can easily alert the worker and thus prevent the injury. As a result,
monitoring must be made in real time and the device should be able to monitor multiple objects of

different shapes, sizes and speed of motion and be able to do so at close range (less than 25m).

Another important requirement of the system is to perform its task in a cost efficient manner. This
implies both that the overall cost of the system is low and that its power requirements are kept at a

minimum.
Summary of the requirements:

a) SoC which has to minimize system cost and power consumption;
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Tracking of multiple moving objects at speeds of at least 30fps;

Being able to track these objects in 3 dimensions (vertical, horizontal and depth);
Tracking should be done for distances within 25m of the device;

Alert in the case where a moving object comes close to a hazardous area; and

Be able to cover an area of at least 200 sq feet.
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3.2 Concept and theory analysis

3.2.1 Lidars and Radars

As discussed in Chapter 2, both radars and lidars work in a similar manner. They generate some sort of
waves and detect the reflection of the mentioned waves to detect moving or stationary objects. While
radar technology was developed to detect object at great distances, efforts were made to make it
appropriate for tracking objects at short distances also. However, as shown in the literature report, the
results which were obtained show that this approach is not suitable for accurately tracking multiple
moving objects in short range [10]. As a result, for this reason alone, radars cannot be suitably used for

the mentioned application.

A more suitable approach is to use lidars. Lidar technology enables the tracking of multiple objects in 3D
at distances which are less than 50m and in 2D at greater distances. Lidar technology boasts small error
rates for tracking objects in close range regardless of the ambient lighting conditions [11], [12].
Moreover, they are capable of covering large areas [6] with an angle of vision which can exceed 180

degrees.

However, the slow scanning speed and large bandwidth of data which needs to be processed raise the
question if lidar technology can be used for real time tracking. In an effort to increase scanning speeds
and reach real time processing timing, multilayer lidars were used to scan the environment horizontally
and vertically in the same time. However, the vertical coverage of such a system is -1.6 to +1.6 degrees

[11], which is not enough for the 3D object tracking system.

Furthermore, for the simple reason that lidar technology relies on the actively generated laser light in
order to be able to detect and track objects, their power consumption greatly exceeds that of passive

systems which do not need to output power in order to track objects.

Another drawback of the approach is the bandwidth of data which needs to be processed in order to
track a moving object through the use of lidar technology. Thus, in order to process the data coming
from a single layer lidar system which is capable of monitoring an area of 50x50m requires 370ms on a

2GHz Centrino Duo processor [6]. While it is enough to reach real time constraints, it begs the question
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if such an approach is suitable for embedded applications. It is quite obvious that in order to achieve
similar or better results in an embedded environment, the application needs to be deployed on an

expensive multimedia processor.

3.2.2 Computer vision

Object tracking has always been a hot topic in computer vision. Being an extensively researched topic
also means that there are many algorithms which were developed to track objects in a string of digital
images. While some methods focus on tracking a single object, others are suitable for tracking multiple
objects. However, most of the methods focus on tracking objects in 2D (in a single frame) but this
should not be an issue since the depth component which is needed for tracking objects in 3D can be
obtained through the processing of the disparity between the position of an object as seen in the image

pair coming from 2 cameras, horizontally displaced from one another.

With CMOS camera price dropping every month, this approach is one of the most cost efficient. The
bulk of the cost will be shared by image storage and processing components of the system. Moreover,
while it is not as accurate as lidar technology, the results which can be obtained from such a system are

more than acceptable and as a result is a good compromise between system cost and tracking quality.

However, one of the drawbacks of the approach represents the actual 3D tracking area offered by such
a system. In order for an object to be tracked in 3D, it must be visible by both cameras. While the
coverage area of the system can be quite large, the issue comes from the fact that such a system cannot
track objects which are extremely close to the rig, nor can it track objects which are only visible in one

camera.

The accuracy of the depth computation can be increased at the cost of a larger minimum distance at
which the system can track an object. Thus, if the cameras are placed further apart, then the accuracy
increases but at the cost of an increase in the minimum and maximum distance at which objects can be
tracked. This is illustrated in Figure 3. 1. Generally, the maximum distance at which an object can be
tracked in 3D is the distance from the rig at which the disparity of the object which is tracked becomes

0.
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One of the most obvious differences between human vision and computer vision is that the sensor in
computer vision is flat while the retina in human vision is round. Furthermore, for the current
application, the system will try to mimic the area around the fovea since it is not necessary to identify

the moving object but simply track it.

Another issue with computer vision in general is that it performs poorly in environments where lighting
conditions change continuously. Furthermore, due to the electrical properties of the sensors, they are
prone to error and as a result and different pixels of the same sensor can have different sensitivities to

the 3 main colors. As a result, no 2 sensors will output exactly the same values.

However, as outlined in Chapter 2, there are many fixes which can be applied in order to reduce noise
and the effects of illumination changes on computer vision in general. Thus, it is highly recommended
that the final system have some sort of filter to reduce the noise of the pixels, and that the

computations are not performed on the RGB color space.

As already discussed in Chapter 2, there are 2 types of tracking algorithms which are used to track
objects. The first type of algorithm revolves around the idea of extracting the features of the object of
interest and tracking it in every successive frame using these extracted features. MeanShift is the most
popular algorithm which employs this approach and it is the foundation of many other highly utilized

algorithms such as CamShift [30], ensemble tracking [35] etc.

The second type of algorithm tries to segment images by computing the absolute difference between
the current frame and a previously stored frame. This stored frame can be a dynamically reconstructed
background [26], [32], [36] & [30], or the frame before the current frame [28] or a combination of both
[7].

Further analysis of the advantages and disadvantages of each of the approaches needs to be performed

in order to determine which one is potentially more viable for the current system.
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Figure 3. 1:Stereo vision coverage area [37]

Feature extraction

In the case of the MeanShift algorithm, objects are tracked based on features which are stored in a
database. These features are stored in the form of color histogram, edge histogram or intensity
histogram. However, such a system is limited to tracking objects which are known. Therefore, in order
to make it more robust, it was proposed to allow the system to identify which objects are of interest

and then extract their features in order to track these objects in future frames [30].

Most researchers focus on the color histogram of the object which offers the best results and is the
easier to compute out of the 3. While using all 3 histograms would be ideal and would offer the best
results, the extra resources necessary to compute, store and process all three histograms outweigh the

results [29], [31].

One of the biggest issues with the MeanShift algorithm is that selecting the object which needs to be

tracked is a complex issue. A possible solution to simplifying this could be to manually select the objects
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which should be tracked in the frame [38]. However, this is not desirable as the system must be

completely autonomous.

Furthermore, it is also complicated to select an appropriate window size. Improper window selection
can cause the system to perform poorly. A solution to this problem comes from CamShfit algorithm

which allows for the tracking system to dynamically adjust and resize the window.

CamShift performs well in real time processing constraints. Despite the fact that it can reliably track
moving objects, it was designed for tracking of a single object. While the algorithm can potentially be
extended in order to facilitate the tracking of multiple objects, this implies the use of multiple search

windows and will require a more powerful processing unit.

Feature extraction algorithms, due to their properties, perform really well but ultimately their suitability
for the current application will be dictated by the processing power of the device and the complexity of

the device since it needs additional hardware for storing the features extracted from objects.

Frame subtraction

Another method which is attractive due to its simplicity is to continuously subtract consecutive frames
in order to find the differences between them. Assuming that the rig is free of vibration, then it can be
concluded that the difference between the frames is the actual moving object. It does not require any
complex calculations and can be implemented through the use of a simple subtraction block.
Furthermore, its simplicity allows for fast and effective implementation using an FPGA which would

allow for impressive frame rates (120fps+) if the process is appropriately pipelined.

However, the downside is that it is very susceptible to noise and change in lighting conditions. This is
one of the main reasons in [7] Li had to combine background subtraction with consecutive frame
subtraction in an effort to reduce the error rate of the system. By doing this he took advantage of the

positive traits of both methods.

Furthermore, while it is easy to find moving objects within the frame, it is a challenge to determine how
many objects are present in the frame at a time and calculate their centroids. From this point of view,
the feature extraction method has an advantage here. However, even with the added complexity of
blob detection, this method requires less complex computations compared to the feature extraction

algorithms.
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3.2.3Determination of approach

While radar systems are not yet suitable for tracking multiple objects in close range, lidars have the
advantage of being very accurate at tracking objects in 3D. However, following the theory analysis, it is
evident that their high cost, high power consumption and processing requirements render them not

suitable for the current application.

As a consequence, the most viable method is computer vision. While it has its shortcomings, it has
many advantages over the use of lidar in terms of power consumption, overall cost and complexity of

the system.

Thus, the system will need to be able to acquire digital images from a pair of CMOS cameras. This is not
a trivial task since the bandwidth will have to be fairly big in order to achieve real time processing

constraints.

Considering a 24 bit camera pair of 1204x768 resolution running at 30 fps the necessary bandwidth to

read in the image and process it is:

W 1024 » 768 pixel * 24bit/pixel » 30fps
B 8 bit/byte

= 67.5 MB/s

As a result, the current application cannot be deployed on uC because that would require a powerful
multimedia processor which are not only expensive but also consume a lot of power. Another option is
to deploy the application on an ASIC, but since this is a research project it cannot account for the high

cost of the ASIC and as a result it will be deployed on a Xilinx Virtex 4 FPGA.

The main advantage of using an FPGA is that a properly pipelined design can be developed, which will
allow for achieving higher than real time speeds. Furthermore, depending on the algorithm which is

used, a small FPGA can be employed which will mean that the system will be an inexpensive one.

On the other hand, the development of an FPGA application will be slightly more complicated and time
consuming than the development of C code (which can be run on a multimedia processor). However,
the high efficiency of an FPGA system means that the cost efficiency will greatly exceed that of a
multimedia processor. As a result an FPGA system is the recommended approach for the current

application.

26



The use of an FPGA will simplify many things including the acquisition of images from the camera since

this can be done in real time without the need of any additional external hardware.

As discussed in Chapter 2, in order to simplify the process of computing a disparity map, rectification
must be performed on the frames coming from the 2 cameras in order to ensure that the two images
are coplanar and do not have lens distortion. For the purposes of the 3D object tracker project it is
assumed that the images do not have lens distortion and as a result only basic rectification will be

needed. This should be enough for the current system, which is a proof of concept.

Most CMOS cameras output the pixel values in RGB on 24 parallel lines. However, it is not necessary to
use all 24 bits for further processing. Instead it is sufficient to use the green component. But as shown
in Chapter 2, the RGB color space is not reliable enough because it is susceptible to noise and lighting

changes. As a result of the literature research YUV or HVS color spaces are recommended instead.

While HSV offers the best performance due to separating the color information from the saturation and
light intensity, the transformation itself is complicated to calculate. Since the system needs to be
designed as a pipeline it will be very hard to design a pipelined version of the HSV converted which can
assure the computation can be performed in 1cc. Not only does it require performing 2 divisions and 1
multiplication per pixel, but these operations are also float point. As a result it is too complicated to be

implemented on an FPGA with no multimedia blocks.

While the computation of YUV transformation also requires float point multiplication and division, the
process is much less complicated. Furthermore, with slight modifications the transformation can be
performed with the use of a few shifts and additions. As a result, the process can be implemented ina 2

stage pipeline which can be used to process 1 pixel per cc.

As seen in Figure 2. 6 the transformation needed to calculate the Y component is
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Y =0.299R + 0.587G + 0.114B Equation 3.1

Green is the main component followed by red and finally blue. By keeping this intact and rounding the

fractions to the closest divisor of 2, the equation can be simplified to
Y =025R +0.625G + 0.125B Equation 3. 2

Therefore, the computation can be performed in two stages through the use of 4 barrel shifters and 3

adders as follows:

Left shift Left shift Left shift Left shift
By 1 By 1 By 4 By 8

Time 0

Time 1

Equation 3. 3: Color space converter

Since the Y component contains the most detail information and is the least susceptible to lighting

changes, it will be the only component used for further processing.

Moreover, in order to reduce the effects of noise on pixels and in the same time reduce the storage
requirements of the system, the image will be divided in blocks of 8x8. The average value of every such
block will be calculated and used as a new image. The resulting image will be of smaller resolution than

the original but it will be less noisy.

CamShift algorithm is very accurate at tracking moving objects based on their extracted features. While
the algorithm itself can be extended in order to be able to track multiple objects, the process of

selecting the object which needs to be tracked is complicated and outweighs the benefits the algorithm
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brings. Furthermore, in order to implement it on an FPGA, it is necessary to create an instance of the
tracking component for each object that needs to be tracked (i.e. 2 instances to track 2 objects, 5
instances to track 5 objects etc.) which means that in a real life environment the design will scale

uncontrollably.

Furthermore, by extracting the object features, the algorithm performs more computation than is
needed. The 3D tracker should track any moving object which is of a certain dimension. Because it is
extracting the object’s features, the CamShift algorithm can be compared to an object recognition

algorithm.

A more appropriate algorithm which can be used is the subtraction of consecutive frames. The most
important feature of this object is its simplicity. However, for the simple reason that it can detect the
motion of any object coming within the frame (independent of shape, size or speed) it is more

appropriate for tracking motion than CamShift for the purposes of the current project.

Therefore, the system needs to be able to store two full frames (one coming from each camera) which
are necessary for the subtraction algorithm. Two dual ported BRAMs will be needed to perform the
storing and reading operation needed for the system to run in real time. In order to ensure that there is
no data collision, a read will be performed first and the write stage. Furthermore, the read and write

will be delayed and such the read and write are not done on the same cell of the BRAM.

The subtraction operation will be performed on pixels coming from the average and from the storage
block. In order to improve the noise reduction, the subtraction block will compute the absolute
difference between the inputs and will output whether or not it is greater than a known threshold.
Essentially marking the pixels as either being part of the background or of the moving object. Once this

is known, a blob detection algorithm can be used to compute the centroid of the object.
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3.3 System architecture

An overview of the system is shown in Figure 3. 2.

The images coming from the camera are read into the FPGA by the image acquisition blocks. These
blocks need to also generate all the signals required for proper VGA operation, in addition it also
generates an address number for each visual pixel which is needed to determine the location of the
object which is being tracked. Once the images are acquired, a basic rectification is performed. Since
the assumption is that there is no lens distortion and that the images are displaced vertically,

rectification stage will remove a few lines from both cameras.

The actual processing of the 3D object tracker starts with the color transformation block. As mentioned
before, the purpose of this block is to reduce the effect of lighting changes and of noise and operates as

described in section 3.2.3.

The color transformation block outputs the value of the Y component in the YUV color space. This signal
is fed into the average block which tries to further the noise reduction process by dividing the image in

8x8 blocks and finding the average value of the pixels in each block.

This can be done in real time by having a buffer with enough size to store 8 times fewer entries than a
full line (because we need only store the addition of the 8 pixels of each block in the line) and enough
bit resolution to be able to store the addition of all 64 pixel values. As an example, assuming a full line
has 1024 pixels and each pixel is 8 bits, then the buffer has to be able to store 128 entries of 14 bit

each.

As pixels values are coming in, they are added to the value stored in the buffer corresponding to which
block the current pixel is part of (which is 0 if the current line is a multiple of 8 i.e. the first line of the
8x8 block). This is done until the last pixel value of the block is added to the sum. Once this happens,

the result is shifted 6 times (division by 64) and the result is output for further processing.

The output of the average block is sent to 2 other blocks: storage block and subtraction block. The
purpose of the storage block is to output the value of the pixel in the previous frame corresponding to
the address of the pixel output by the average block. In order to do so, it must be able to store a full
frame of values. In order to avoid data collisions, the block outputs the previous frame pixel before

replacing it in memory with the new value.
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The subtraction block receives as inputs pixel values from both the storage block and the average block.
These pixels are synchronized using the address of the pixel in order to make sure that they are the
previous value and the current value of the same pixel. These two values are compared to each other to
make sure that they are similar within a certain threshold. If they are not similar then it is concluded

that the pixels are part of the moving object. Otherwise they are part of the background.

This decision is input to the next block — the blob detection blob — which accumulates all the pixel
addresses of the pixels which are part of the moving object. These are stored in order to compute the
centroid of the object. While the accumulation of data can be done in real time, the computation can
only be performed after all the data has been accumulated. As a result, the processing is done after the
current frame has finished and before the start of the new one. This period of time is indicated by vsync

value of 0.

The output of both blob detection blocks (one for each camera feed) is sent to the next block. The 3D
coordinate and filtering block must compute the 3D coordinates of the object. In order to smoothen out
the transitions and eliminate jumps, the 3D coordinates are averaged on a window of 16 frames. After
the first 16 frames have elapsed and after each consecutive frame a new 3D coordinate will be output

and sent to the transfer block.

The transfer block has to send the coordinates to the PC for processing.

32



3.4 Summary

Object tracking is a complex task which requires processing large quantities of data. In order to be
performed in real time and in a cost efficient manner, it was decided that the system be implemented

on an FPGA.

Considering the constraints of the 3D tracker, a top-down approach was employed in order to come up
with the overview of the system. All the approaches found during the literature research were analyzed

and the best solution for the purposes of the project was selected.
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4. Implementation of the 3D Object
Tracking System

4.1 Introduction

The objective of this chapter is to build on the decisions taken in Chapter 3 and come up with a design
for all components presented in Figure 3. 2. This is necessary as a preliminary step to the
implementation stage of the project. The actual implementation of each component (HDL code) will be

attached in the appendix section of the current paper.
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4.2 System implementation

As already mentioned in section 3.4, the camera outputs color information in Bayer Pattern. The
conversion was performed in the past and the current system merely re-uses the IP. This IP can be
identified as the Image Acquisition stage shown if Figure 3. 2 and is tasked with acquiring the images
from the CMOS sensors, converting the Bayer Pattern to RGB color space and with generating all the
necessary synchronization signals needed for the VGA display. As such, the acquisition block is shown in
Figure 4. 1. It is the one which takes the input from the two cameras, converts the Bayer Pattern to

RGB, and generates all the necessary control signals for the rest of the system.

Cam1 Cam 1 red (8 bit)

Cam 1 green (8 bit)

Cam 2 Cam 1 blue (8 bit)

Cam 2 red (8 bit)

Cam 2 green (8 bit)

Cam 2 blue (8 hit)

clk Pixel Addr (20 bit)

V VVV VVY

clk

Hsync

rst

\/qynr‘
Valid line

Valid frame

Figure 4. 1: Acquisition block

Thus, it must output the RGB values for the two cameras, the pixel address (which is the address of a
specific pixel within the frame), the clock, vertical synchronization signal(vsync), horizontal
synchronization signal (hsync), reset signal, line valid signal (which indicates the portion of the line

which has valid display data, without the front porch and back porch), and frame valid signal (which
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indicates the portion of the frame with valid display data, without the front porch and back porch). The

output signals are described in Table 4.1.

The following sections describe the components in detail.

4.2.1Color transformation

The color transformation block transforms the pixel value from RGB to YUV. However, only the Y
component needs to be used in the frame processing. This saves a lot of space on the FPGA by reducing
the memory which is required to store a full frame (in the storage block), but also by reducing the
amount of signals which need to be routed. This allows for the use of a smaller FPGA, saving power and

cost — which is beneficial to the scope of the project.

Cam 1 red (8 bit)

Cam 1 green (8 bit)

Cam 1 blue (8 bit) Cam 1Y (8 bit)

Cam 2 red (8 hit)

Cam 2 Y (8 bit)
Cam 2 green (8 bit)

Cam 2 blue (8 bit)

Pixel Addr (20 bit)

Pixel Addr (20 bit)

V. VVY VVY

clk

rst

Veynr \/qynr‘
Valid line Valid line
Valid frame Valid frame

Figure 4. 2: Color Transformation Block
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In order to make a more compact system and make the design more efficient by reducing the number
of duplicate registers and control logic that is needed, there will be only 1 color transformation block for

both cameras. The block will perform color transformation as illustrated in Figure 4. 3.

G R B
Left shift Left shift Left shift Left shift
By 1 By 3 By 2 By 3

Time 0

Time 1

Figure 4. 3: Flow chart for color transformation

As the RGB values are read in, the first step is to calculate the fractions of the colors shown in EQ3.2.
Therefore, the G component is shifted 1 bit to the right (to get 0.5 G) and also by 3 bits to the right (to
get 0.125G. The results are added together for a total of 0.625G. In the same time, the R component is
shifted 2 bits (0.25R) and the B component is shifted 3 bits (0.125B). ). The shifts are performed without
delay, by taking the appropriate signal wires and appending ‘0’s to them. The addition; however, will
require lcc to complete. Once the first stage of addition is finished, the results are added together

again to obtain the final value which needs to be output.
Therefore, this block needs to take as input the signals described in Table 4. 1.

The incoming pixels are read 1 per cc while the valid line signal is asserted. As a result there is no need
for a special latch signal. For each incoming pixel, the block calculates the Y component for the YUV
color space in the manner described in Chapter 3. Once processing is done it will output the Y
component. Because of the pipelined design, it will output a new value on each cc after the 2cc delay

needed to fill up the pipeline. The output signals are shown in Table 4. 2.
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Name Description Size (Bits)
Left cam red Red value of the pixel coming from left camera 8
Left cam green Green value of the pixel coming from left camera 8
Left cam blue Blue value of the pixel coming from left camera 8
Right cam red Red value of the pixel coming from right camera 8
Right cam green Green value of the pixel coming from right camera 8
Right cam blue Blue value of the pixel coming from right camera 8
Pixel address Address (location within the visual frame) of the pixel 20
Clock The system clock (65 MHz) 1
Rst Reset signal 1
Vsync Vertical sync 1
Valid line When this signal is ‘1’, the incoming pixel is part of a valid line in the 1
visual frame
Valid frame When this signal is ‘1’ it indicates that the incoming line must be 1

displayed

Table 4. 1: Input signals of the color transformation block

Since there is a 2cc delay (because of the pipeline) all the control signals must be delayed by 2cc before

they can be used by further logic. As a result, the Vsync, valid line and valid frame signals are delayed

inside using registers and are output for the next stage in the processing pipeline.

Name Description Size (Bits)
LeftcamY Y value of the pixel coming from left camera 8

Right cam Y Y value of the pixel coming from left camera 8

Pixel address Address (location within the visual frame) of the pixel 20

Vsync Vertical sync 1

Valid line When this signal is ‘1’, the incoming pixel is part of the visual frame 1

Valid frame When this signal is ‘1’ it indicates that the incoming line must be 1

displayed

Table 4. 2: Output signals of the color transformation block
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4.2.2Average block

The average block has multiple purposes. First of all it reduces the frame size by dividing the image in
8x8 blocks and finding an average value for each block. By combining them, the resulting image is 64
times smaller than the original image and in the same time less noisy. As a result, the pixel address
signal has a smaller resolution (14 bit). The block should also forward the control signals which are

delayed to make sure the system is still in sync.

Cam Y (8 hit) average pixel(8 bit)

Pixel Addr (20 bit) ) Pixel Addr (14 bit)

L Validoutput >

Enable

clk

rst

Valid line N| Valid line
Valid frame Valid frame

Figure 4. 4: Average block

The average block must run in real time. In order to be able to compute the average of an 8x8 block
with each pixel coming in line by line is a complicated matter and needs storage capabilities in order to

store the sum of the pixels in the lines that have passed.

The block diagram of the average block is shown in Figure 4. 5. The control block controls the operation
of the average block using the address of the pixel. It splits the address in line address (19 downto 10)
and in pixel address (9 donto 0) and continuously monitors them. The logic behaves differently
depending on the positon of the pixel in the 8x8 block. Since the average block essentially reduces the

resolution of the system 64 times, the address of any block in the frame will be given by the address bits
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19 downto 13 and 9 downto 3. This means that the temporary sum of each block can be stored in the

memory block at the address represented by 9 downto 2.

Address Pixel val
\ 4
Control ¢ ¢
\
g »
!
g &
T| [
o] S
3| &
g S
Temp Accumulator
) 4
Memory
128 X 14
bit <
h 4
Shift by 6
A\ 4
Output

Figure 4. 5: Block diagram for average block

Address (12 downto 0) | Address (2 downto 0) | description

“000” “000” The first pixel in the block

“xxx” “000” The first pixel on line “xxx” in the block
“111” “111” The last pixel in the block

“xxx” “111” The last pixel on line “xxx” of the block
“xxx” Other All other pixels

Table 4. 3: Different pixels in a block

40



Furthermore, the control block can differentiate between different pixels in the block by simply

monitoring the address field as shown in Table 4. 3.

As a result the average block must behave differently depending on which pixel in the block it is reading

in:

a) When the first pixel in the block is read in, it is stored in the temp accumulator.

b) Otherwise, if it’s just the first pixel on a specific line, it is must read the temporary sum for the
current block from memory and add the new pixel value to it.

c) Otherwise, if it’s the last pixel in the block, it must add the incoming pixel to the sum in the
temporary accumulator and output the result

d) Otherwise, if it’s the last pixel on any other line, it must add the incoming pixel to the sum in
the temporary accumulator and store the result in memory at the address indicated by address
(9 downto 3) fields.

e) Otherwise if it’s any other pixel in the block it must be added to the temporary accumulator.

For example consider the buffer of 128 entries (each of which can store 14 bits) shown in Figure 4. 6.
Consider as an example that the pixels of the first line of the frame are coming in 1 by 1. Each pixel of
the block is added to a 14bit temporary register (which initially is 0). When the 8™ pixel comes in, it is
added to the register and after that the result is stored in the 1* location of the buffer and then the
register is reset to prepare for the next incoming value. This continues in a similar manner until the

whole first line has been split in 128 bins.

When the second line comes in, the previous value is restored and is added to the first pixel of the
second line. The result is stored in the temporary register again. And again, all the pixel values are
added until the last pixel of the first block on the second line is added to the temporary register. Once
this is done the register is again stored in the first position of the buffer. This continues in a similar
manner up until the 8" pixel on the 8" line is added to the temporary register. Once this is done, the

result is shifted to the right 6 times (division by 64) and the result is output.

1 2 3 4 5 6 e 126 127 128

Figure 4. 6: Buffer used to compute the average of 8x8 blocks
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As a consequence, there is an accumulation period (of 7 lines) in which the average block does not

output any value. Once the 8" line comes in, a value will be output every 8 cc until all 128 values of the

whole block average line is output.

The block uses the pixel address bytes as control. As mentioned previously, the resolution of the

camera is 768 X 1020. This means that 10 bits are needed to represent the address on a line and

another 10 bits are needed to represent the vertical address. As a result, the last 3 bits (2 downto 0 or

Pixel address) of the address are used to indicate when all 8 values of a line have been added together

and bits 12 downto 10 are used to indicate whether the current line is the first one, the last one or

anything in between.

It is important to differentiate between the first line and the last line in a block because this is how the

average block knows when it should reset the temporary register and when to shift its value and output

it.

However, since the image is resized, the address of each pixel also has to be shrunk. As a result, the

block must remove the above mentioned bits and forward them along with the average value. For

convenience purposes the pixel address is also split in its horizontal and vertical component. This is

done solely for convenience purposes and is not necessary.

All the input signals are presented below:

Name Description Size (Bits)
CamyY Y value of the pixel 8

Pixel address Address (location within the visual frame) of the pixel 20
Enable Enables the block’s operation 1

Clock System clock 1

Rst Resets all the internal registers to a known state 1

Valid line When this signal is ‘1’, the incoming pixel is part of the visual frame 1

Valid frame When this signal is ‘1’ it indicates that the incoming line must be 1

displayed

Table 4. 4: Input signals of the average block

Again, since the pixel values are coming in every cc, there is no need for a latch signal, but instead the

valid line signal is used to indicate which pixels are part of the visual frame.
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Name Description Size (Bits)

Average pixel The result of the average block 8

Pixel address New address of the pixel 14

Valid output Latch indicating that the output is valid 1

Valid line When this signal is ‘1’, the incoming pixel is part of the visual frame 1

Valid frame When this signal is ‘1’ it indicates that the incoming line must be 1
displayed

Table 4. 5: Output signals of the average block

The outputs are shown in Table 4. 5. Since there no longer is an output every cc, there is a need for a
signal which indicates whether or not the output is valid. Otherwise, the block works in a similar
manner as all other blocks and has to delay the control signals in order to make sure the system stays

synchronized.

4.2.3Frame Storage

The subtraction algorithm relies on the ability to store a previous frame for comparison with the current
one. Frame storage block stores the incoming pixels in a 12KB BRAM. In the same time it must output

the pixel indicated by the pixel address signal.

The frame storage has to perform 2 tasks. First, every time it receives a valid latch from the average
block (the latch signal is driven by the valid output signal of the average block) the block must output
the pixel which is stored at the address indicated by the pixel address signal. Secondly, after it has
outputted the pixel value, it must also store the new pixel at the same address. These two operation
could be done in the same time since the BRAM is dual ported; however, in order to eliminate any
possibility of data collision, they are not performed in the same time. First it outputs the old value and

then writes the new value.

Furthermore, to ensure that the pixel value coming from the average and the pixel value which is
output from memory are synchronized, the storage block outputs both the pixel value in the current
frame and the pixel value from the previous frame (i.e. forwards the input it receives from the average

block also).
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Average pix (8 bit) ) average pix(8 bit)

latch background pix(8 bit)

Read Addr (14 bit) Pixel addr (14 bit)
Valid output

Enable

Wr enable

clk

rst

Valid line N| done

Figure 4. 7: Storage block

Name Description Size (Bits)
Average pixel Pixel value coming from the average block 8

Read address Address (location within the visual frame) of the pixel 14

Clock The system clock (65 MHz) 1

Rst Reset signal 1

Latch Indicates that the input is valid and needs to be latched in 1

Enable Enables the block 1

Write enable The incoming value is stored in the memory when this signal is 1 1

Valid line When this signal is ‘1’, the incoming pixel is part of the visual frame 1

Table 4. 6: Input signals of the storage block

Input values are latched in every time the latch signal is asserted. On the following cc, the block outputs

the value of the pixel in the current frame, the value of the pixel from the previous frame and the
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address of the pixel. It also indicates whenever it is done processing a full frame. This signal is used later

in the pipeline to initiate the blob detection block.

Name Description Size (Bits)
Average pixel Pixel value of the current frame (coming from the average block) 8
Background pixel | Pixel value of the previous frame 8

Read address Address (location within the visual frame) of the pixel 14

Valid output Indicates that the output is valid and needs to be latched in 1

Done Indicates that the storage block has finished processing a full frame 1

Table 4. 7: Output signals of the storage block

4.2.4Subtraction block

The subtraction block performs the subtraction between the pixel in the current frame and its

corresponding one in the previous frame. As a result, it takes the outputs from both the average block

(which gives the value of the current pixel) and the output of the frame storage block (which gives the

value of the corresponding pixel in the previous frame). These 2 are compared and the block outputs a

1 if the pixel is part of the object or a 0 if it is part of the background.

The control signals are also delayed as they are needed for the next stage.
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Average pix (8 bit) > Pixel Addr (14 bit)
Latch
back pix (8 bit)
result
Pixel Addr (14 bit) )
Valid output
Enable
clk
Done
rst
Valid line >|

Figure 4. 8: Subtraction block

Avg pix Back pix

Comparison

Threshold

!

Figure 4. 9: Block diagram for subtraction block

The average block operates in a simplistic manner. Whenever the latch signal is asserted, the average

pixel, background pixel and pixel address are latched in. The pixel values are compared to see which
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one is greater and a subtraction is performed. If the result of the subtraction is greater than a threshold,

then it is concluded that the pixel is part of the moving object and the block outputs 1 on the result line

along with the pixel address and it pulses the valid output signal. If the result is less than the threshold

then it outputs 0, the pixel address and pulses the valid output. Once the block has finished processing a

full frame it pulses the done signal. This process is illustrated in Figure 4. 9.

Name Description Size (Bits)
Average pixel Value of the pixel from the current frame 8

Back pixel Value of the pixel from the previous frame 8

Read address Address (location within the visual frame) of the pixel 14

Clock The system clock (65 MHz) 1

Rst Reset signal 1

Latch Indicates that the input is valid and needs to be latched in 1

Enable Enables the block 1

Valid line When this signal is ‘1’, the incoming pixel is part of the visual frame 1

Table 4. 8: Input signals of the subtraction block

Name Description Size (Bits)
Read address Address (location within the visual frame) of the pixel 14

Result The result of the subtraction block 1

Valid output Is pulsed whenever the result is valid 1

Done Is pulsed whenever a full frame has been processed 1

Table 4. 9: Output signals of the subtraction block
4.2.5Blob detection

The blob detection block takes as input the output of the subtraction block and must output the

coordinates of the blob in the image. The blob detection algorithm is a simple one and assumes that all

pixels which were identified as not being part of the background (subtraction block output 1) are part of

the same object (i.e. the system can track only 1 moving object). Therefore, as values are latched in
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from the subtraction block, the blob detection block finds the left top corner and bottom right corner of

the object and based on these computes the size of the object and finally the centroid coordinates.

Horizontal addr (7 bit)

latch Vertical addr (7 bit)

Pixel Addr (14 bit)

Valid output

Enable

clk
rst

Valid frame

Figure 4. 10: Blob detection

Once the centroid coordinates are found, they are sent to the next block for filtering. Please note that

the latch signal is actually driven by the result of the subtraction block, not by its latch signal.

The assumption that all there is only 1 moving object within the frame at a given time greatly simplifies
the blob detection block. As a result, in order to find the centroid of the block the object is surrounded

by an imaginary box and the top right and bottom left coordinates of this box are calculated.

The right and left boundaries of the box are found by analyzing the pixel address (9 downto 3) whiles
the top and bottom boundaries are found by analyzing the line address (19 downto 13). The
calculations are performed while in the period of time when the visual frame is being output by the

cameras and the results are output when the visual frame has finished (frame valid signal is 0).

Both the vertical and horizontal coordinate are calculated in a similar manner. To calculate the

horizontal coordinate, the reset value of the right is 0 while the reset value of the left boundary is 127.
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Figure 4. 11: Block diagram for blob detection

Addresses are latched in using the output of the subtraction block. As a result, only the addresses which

have the subtraction result as 1 (part of the object) will be latched in.

Every time a new address is latched in, the pixel address is compared with the right and left boundary
and will replace the old values if the new value is larger or smaller, respectively. This is done for a
complete visual frame. When the valid frame signal becomes 0, the horizontal coordinate is found by

subtracting the right and left boundaries. The result is halved (shift by 1 bit) and added to the left
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coordinate. The result is sent to a simple 16 value arithmetic filter and then is output to the next block.

The filter block diagram is shown in Figure 4. 14.

Name Description Size (Bits)
Pixel address Address (location within the visual frame) of the pixel 14

Clock The system clock (65 MHz) 1

Rst Reset signal 1

Latch Indicates that the input is valid and needs to be latched in 1

Enable Enables the block 1

Valid line When this signal is ‘1’, the incoming pixel is part of the visual frame 1

Table 4. 10: Input signals of the blob detection block

Name Description Size (Bits)
Horizontal addr The horizontal coordinate of the centroid 7

Vertical addr The vertical coordinate of the centroid 7

Valid line Is pulsed whenever the result is valid 1

As already mentioned, there are 2 pipelines in the system. The first one starts with the color

Table 4. 11: Output signals of the blob detection block

transformation and ends with the subtraction block and is performed while the cameras are outputting

pixels which are part of the visual frame. The second pipeline starts with the blob detection calculation

and ends with the transfer block. This pipeline is executed after the cameras have finished outputting

the pixels of the visual frame (during the vertical front porch).
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4.2.6Coordinate calculation and filtering

The next block in the pipeline calculates the 3D coordinate. The horizontal and vertical coordinates are
taken from the left camera while the depth coordinate is found by subtracting the right horizontal

coordinate from the left one.

There are 2 filtering stages. The first one is performed on the horizontal and vertical coordinates coming
from the blob detection block. Filtering is done by accumulating 16 values (from 16 consecutive frames)

and outputting the average value. The pipelined design is shown in Figure 4. 14.

As seen in Figure 4. 14, when the coordinates come in, they are latched in the 16 value FIFO and in the
same time they are added to the subtraction result. This works because the oldest value of the FIFO will
be 0 until it gets filled up and as a result, the addition stage is simply adding the 16 values together up
until the point when the FIFO is filled. Once the FIFO is filled; however, the result of the subtraction will
always be the previous value (the sum of the 16 values currently in the FIFO) minus the oldest value.
Therefore, the new addition result will always be the sum of the newest 16 values. Before outputting

the result, it is shifted 4 times to the right (division by 16).

Centroid 1 addr (14 bg Horizontal (8 bit)
Latch 1 Vertical (8 bit)
Centroid 2 addr (14 bi; Depth (8 bit)
Latch 2 Data ready
clk
rst

Figure 4. 12: Coordinate calculation and filtering
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Figure 4. 13: Block diagram for coordinate calculation

Name Description Size (Bits)
Cenroid 1 addr Address of left centroid 14
Cenroid 2 addr Address of right centroid 14

Clock The system clock (65 MHz) 1

Rst Reset signal 1

Latch 1 Indicates that the left centroid is valid 1

Latch 2 Indicates that the right centroid is valid 1

Table 4. 12: Input signals of the filtering block
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Figure 4. 14: Filter design

Name Description Size (Bits)
Horizontal addr The horizontal coordinate of the centroid 8
Vertical addr The vertical coordinate of the centroid 8
Depth addr The vertical coordinate of the centroid 8
Data ready Is pulsed whenever the result is valid 1

Table 4. 13: Output signals of the filtering block
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4.2.7Transfer block

The results from the Blob detection blocks from both cameras are transferred to the pic

microcontroller, which in turn sends them to the PC through UART.

Horizontal addr (8 bit)

h_latch

Vertical addr (8 bit)

V_latch

Depth addr (8 bit)

d_latch

clk
rst

nav strobe N|

Data out(8 bit)

Data rpady

Figure 4. 15: Transfer block

Once the coordinates are received from the filtering block, they are stored in a small, 3 value buffer.

When all coordinates are received, the first byte (the horizontal coordinate) is output and the data

ready signal is asserted. The next step is to wait for the uC to read in the value and pulse the nav strobe.

Once this is done, the data ready signal is set to 0, and the block waits for the nav strobe to be de-

asserted before outputting next value. This process is repeated another 2 times for the vertical and

depth coordinates respectively.

Name Description Size (Bits)
Horizontal addr Horizontal address of object 8
Vertical addr Vertical address of object 8
Depth addr Depth address of object 8
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Clock The system clock (65 MHz) 1
Rst Reset signal 1
Nav strobe Feedback signal coming from the uC 1
H_latch Indicates that the horizontal coordinate is valid 1
V_latch Indicates that the vertical coordinate is valid 1
D_latch Indicates that the depth coordinate is valid 1
Table 4. 14: Input signals of the transfer block
Name Description Size (Bits)
Data out Data which needs to be sent to the uC 8
Data ready Valid data is on the line 1

Table 4. 15: Output signals of the transfer block

4.3 Summary

In this chapter, the design of the system was described in — depth. The system itself was designed as an

8 stage pipeline in order to ensure that each frame is processed before the next one starts. This ensures

not only real time operation but also that there is no delay and the response time of the system is fast

enough to prevent injury.

The next step is to test the implementation of the system and make sure that it meets the technical

requirements presented in Chapter 3.
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5. Experimental Results Analysis and

Discussion

5.1 Introduction

This chapter presents and discusses the experimental results of the design presented in Chapter 4. The
main objective of the conducted experiments was to collect and analyze the performance parameters

data of the system such as timing characteristics, power consumption and the occupied area and used

resources to investigate the behavior of the proposed design.

This chapter is concluded by recommending ways of improving the results.
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5.2 Experimental setup

In order to implement the system and perform the required analysis on the results, an appropriate
platform is required. The platform is composed from operational hardware and the

configuration/verification tools.

The system was deployed on the MARS platform. An overview of the system is shown in Figure 5. 1. The
MARS platform is a custom board which consists of the following elements which are used for the

purposes of the 3D object tracking system:

a) Video processor based on the XILINX XCV4LX160 FPGA. This element is the one which performs
all the image processing: i) Synchronous reception of the video streams which are needed for
the processing; ii) Image processing as outlined in Chapter 4 of this thesis; iii) Send the 3D
coordinates for display on the PC

b) Two Cypress CY7C1462AV33 SRAM banks used for video frame buffering

c) One PIC18F8410 microcontroller which is used to facilitate the data transfer between PC and

FPGA.
The system configuration/verification tools consist of the following:
Programmers:

- Xilinx Platform USB cable

- Microchip MPLAB ICD3

Software:

- Xilinx ISE 14.2

- Xilins Chipscope Pro 14.2

- Microchip MPLAB X IDE 2.1

- Microsoft Visual Studio Express 2012

Equipment:

- HP 54620C Logic Analyzer

- BK Precision Digital Multi Meter and Power supply
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Figure 5. 1: Overview of MARS platform

Communication between FPGA and uC is done through a custom interface. The system is receiving the
pixel values from the acquisition block and performs processing in real time. Once the valid frame signal
becomes 0, the blob detection block starts computing the centroid of the detected blob and sends the
coordinates to the transfer block. Once the coordinates from both cameras are received, the transfer
block will assert the data ready signal. This signal is configured to generate an interrupt on the uC and
forces the uC to read in the first 8 bit coordinate. Once this is done, the uC asserts the data strobe line

to indicate that the data has been read. This is performed 4 times in order to transfer all 4 coordinates.

Communication between uC and PC is done through UART.

5.3 Timing Analysis
As already mentioned, the system was implemented employing an 8 stage pipelined design. This allows
the processing to be performed in real time, as the pixels of the new frame are read in by the FPGA
using the acquisition block. The actual result is merely delayed by 8 cc (the size of the delay before the
pipeline is filled). As a result, all the processing is finished before the frame enters the vertical front

porch thus having no issue performing all computations in real time.
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The task which is the most time consuming is the transfer from the FPGA to the uC and from the uC to
the PC. The reason behind this is that the uC is a basic and operates fairly slowly. However, this should
not be a problem since the FPGA runs the all the hardware blocks in parallel and thus can start
processing a new incoming frame even if the previous coordinates were not sent yet. However, timing
analysis using Chipscope shows clearly that the FPGA finishes sending the 3D coordinates during the

vertical sync period (as expected).

The baud rate is limited to 35000 because the uC is run using a 20 MHz oscillator. Furthermore, to
ensure correct transmission, the uC appends a header byte and a checksum to the coordinates before
sending. Thus, in order to send 6 bytes with 1 start bit and 1 stop bit and no parity will take roughly

2ms.

The cameras are running at 60Hz which means that they are acquiring a new frame every 33ms. Since
2ms is considerably smaller than 33ms, it can be safely assumed that the system is able to process the

frame and transfer the data before a new frame is done processing.
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Figure 5. 2: Timing: last coordinate is sent before front porch
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5.4 Area and power consumption

When it comes to FPGAs power consumption is highly dependent on the size of the FPGA as well as to
how many logic elements are being used in the design (the area of the design). There are two types of

power consumption in FPGAs:

e Static power consumption (also known as quiescent or standby power). Is the power
consumption of the FPGA when no logic is switching (the FPGA is not processing anything). This
consumption is dependent to transistor leakage current, temperature and the cube of the
supply voltage.

e Dynamic power consumption: is the power consumption created by switching activity that
occurs inside the FPGA. It depends on switching frequency, the square of the supply voltage and

the load capacitance.

As supply voltage is dependent on the technology behind the FPGA, the consumption of the current
system can be reduced through the use of a more modern FPGA, which requires 1.8V or even less for
the internal logic. However, this is not under the control of the developers of the application but rather

in the control of the FPGA manufacturer.

Dynamic power consumption can be reduced by optimizing the code. If the HDL code is as small as
possible then a lesser number of transistors is used to implement the design and as a result there are

less components which are switching when the FPGA is processing.

However, there is not much that can be done to reduce the static power consumption of an FPGA and
therefore it is paramount that the smallest FPGA possible is selected for the purposes of the current

project.

Figure 5. 3 shows what is the requirement of the current system. However, as mentioned earlier, the
acquisition block of the current design converts the input from the cameras from Bayer Pattern to RGB
only to be converted to YUV later. This is a waste of resources especially since the Bayer to RGB

requires storage, which in turn takes a lot of space.

Figure 5. 4 shows the resources needed by the Bayer Pattern converter alone. As can be seen, a large

amount of resources can be saved by using a different kind of CMOS sensors, or by using the Bayer
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Pattern colors to perform the processing. However, even as is the system requirements are small and as

a result a smaller FPGA can be used ( XC4VLX60, which is 3 times smaller than the current one).

Whole system

Bayer Patter to RGB only

FPGA board Camera board FPGA board Camera board
System not 0.9 0.4 0.9 0.4
programmed (mA)
System programmed, 13 04 1.18 0.4
not running (mA)
System programmed, 135~14 04 1.2 0.4
running (mA)

Table 5. 1: Current consumption comparison

As can be seen in Table 5. 1, the largest portion of the consumption is due to the static power

consumption; with 0.3 mA being consumed by the Bayer Converter and only 0.15 ~ 0.2 mA by the 3D

object tracker.
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Figure 5. 3: Summary of the whole design
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Logic Utilization Available Utilization Note(s) Logic Utilization Available utilization Note(s)
Number of Sice Flip Flops 2,42 135,168 1% umber;of Sice Fi Fops 0 335:168 L
Number of 4input LUTs 1,554 135,168 1%
Number of 4input LUTS 2,703 135,168 1%
- - Number of occupied Slices 1,054 67,584 1%
Number of occupied Slices 2,142 67,584 3% of Slices containing only related ogic 1,054 1,054 100%
Number of Slices containing only related logic 2,142 2,142 100% Number of Sices containing unrelated logic P 1054 =y
Number of Slices containing unrelated logic 0 2,142 0% Total Number of 4input LUTs 1,789 135,168 1%
Total Number of 4 input LUTs 3,082 135,168 2% Number used as logic 1,554
Number used as logic 2,630 Number used as a route-thru 235
Number used as a route-thru 379 Number of bonded [0Bs 255 768 33%
Number used as Shift registers 73 108 Laiches 2
Number of BUFG/BUFGCTRLS 8 32 25%
Number of bonded 108s 256 768 3% =
Number used as BUFGs 6
108 15iches % Number used as BUFGCTRLS 2
Number of BUFG/BUFGCTRLS 13 32 40% Niaber F IO TS RAMIIES 7 558 o5y
Number used as BUFGs 11 Number used as RAMB16s 14
Number used as BUFGCTRLs 2 Number of DCM_ADVs 3 12 25%
Number of FIFO16/RAMB 16s 30 288 10% Average Fanout of Non-Clock Nets 3.08
Number used as RAMB16s 30
Number of DCM_ADVs 3 12 25% Figure 5. 4: Summary of Bayer Pattern converter
Average Fanout of Non-Clock Nets 3.05




5.5 Summary

As shown, the implementation, while it is small enough to be deployed on a small FPGA, it is suitable to
process each frame in real time (finish processing current frame before the new one begins). The most

time consuming process is the one which transfers the coordinates from the FPGA to the uC. This is due
to the fact that the uC is a very basic one, and it is run at 20MHz. However, even as is, the system is able

to transfer the coordinates before the start of the new frame (as seen in Figure 5.1).
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6. Conclusion

Due to its compact size, the system can easily be implemented on a smaller (cheaper) FPGA. As can be
seen in Figure 5.2, the whole system only needs 30 BRAMs. This means that the system can be deployed
on the smallest FPGA available in the Virtex 4 family (XC4VLX15). This not only will reduce the system
overall cost but it will also dramatically reduce the power consumption because the static power
consumption will be a lot less since it is about 12 times smaller than the VLX160 which was used in the
current test. As a result the system will consume less than 1.35A, which is in orders of magnitude less

than what is consumed by standalone computers or multimedia processors.

Furthermore, due to the pipelined design, the system was able to perform all the computations in real
time. As a result, the current frame was processed and the results were transmitted before the

beginning of the front porch area of the next frame.

Due to limitations of the experimental setup, the system was not able to extract depth information for
distances greater than 7m. This was due to the small displacement between the cameras. In order to

improve this in order to track objects at up to 25m, the cameras should be set further apart from each
other. This will increase the disparity resolution, while in the same time causing the min coverage area

to increase (see Figure 3.1 for illustration).

Both effects are desirable, since the system was never meant to track objects which are really close to
the cameras. The system will typically be deployed on a wall or in a corner of the workplace, and as a

result, the min coverage area can realistically go up to 0.5m and the system will still be effective.

Another big advantage for the system is the fact that it only needs to transfer 3bytes of data to the PC
for further processing and display of results. The bandwidth is dramatically less that what is needed to

transfer the frames and perform the whole processing on the standalone computer.
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