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Executive Summary

Vehicle tracking is an important area of intelligent transportation systems (ITS) technology,
which could be applied in a wide range of transportation applications. Tracking typically needs
to monitor real-time vehicle movements, and thus real time tracking is highly desirable.
However it is well known that vehicle tracking processes are computationally very intensive. In
the past, regardless of different algorithms employed in vehicle tracking, they have been
implemented using software approaches, e.g., FPGA (Field Programmable Gate Array), micro-
controller or embedded micro-processor, and PCs. While software approaches have an advantage
of flexibility in implementation and future modifications, its long computational time often
prevents real-time vehicle tracking from high resolution spatial or temporal data. It is well
known in the area of VLSI (Very Large Scale Integrated) circuit design that a customized and
dedicated hardware implementation of any algorithm minimizes its computational time. This
gives us the motivation for direct implementation of tracking algorithms in hardware (i.e., device
level), whether it is a partial or full implementation, to enhance real-time operation.

The goal of this seed project is to investigate the feasibility and related issues in developing a
tracking system with a new tracking algorithm based on vehicle motion detection, which is
implemented in hardware whenever possible so that the computational time for tracking is
minimized. The proposed overall tracking system consists of two parts. One part is the hardware,
more specifically, a CMOS (Complementary Metal Oxide Semiconductor) hardware processor
which is mainly responsible for vehicle motion detection. The other part is the software, for
example an FPGA or micro-controller which is responsible for analyzing the data transmitted
from the hardware and properly associating vehicles for tracking. The main computational time
saving for the tracking process comes from the hardware part since the core of the new tracking
algorithm, motion detection, is run on a dedicated hardware for that particular purpose.

The proposed tracking algorithm is simulated in MATLAB and tested on traffic images captured
from an intersection. It is found that vehicle movements can be accurately identified in spite of
some noisy motion. Also, in this project, we estimate the computational time for the tracking
algorithm in hardware implementation and discuss high-level hardware designs for actual
implementation of the tracking algorithm.



Chapter 1
Introduction and Previous Work

Real-time operation is essential for tracking vehicle movements. For example, [1] presents a
method for tracking and counting pedestrians using a single camera. In order to accurately
capture important movement information, the system must acquire pictures at a high-frame rate.
However, due to a large computational delay required by software implementation of the
tracking algorithm, frame rate is limited. As reported in [1], the peak frame rate is at most 30
frames/sec using low resolution gray scale images (256%256 pixels). As higher image resolution
or colors are introduced for accuracy, the frame rate often drops to just a few per second, which
may present significant problems in tracking accuracy [1].

There are two ways to improve real-time operations. One is to develop new tracking algorithms
that are simpler and faster, thus requiring less computational time. While this is feasible and has
been under research [4], a tradeoff exists between the tacking accuracy and algorithm
complexity. In general, the more complex the tracking algorithm is, the more accurate the
tracking is, so the longer the computational time is.

A more plausible solution is to make the computational of tacking algorithm faster by
implementing the algorithm in hardware [12]. In order to get quantitative insight regarding the
possible amount of improvements on the computational time for the tracking in the hardware
approach as compared to the software approach, the tracking algorithm reported in [1] in
software approach will be used as the reference work. The tracking algorithm in [1] is divided
into three phases of operation: raw image processing, blobs graph optimization and Kalman
filtering based estimation of object parameters. First, at the raw image level, Gaussian noise
filtering, background subtraction and thresholding is performed to produce binary difference
images in 256x256 pixels. The difference images are then supplied to the next phase of
operation, where the changes with respect to two consecutive difference images are described in
terms of motions of blobs. After extracting blobs from the difference images, blob motions with
respect to two consecutive difference images is modeled as a graph optimization problem for
which the overall goal is to find the blob motions that cause the smallest amount of size change
with respect to two consecutive difference images. Note that in this process, additional
constraints are enforced in order to make the graph manipulation computationally tractable [1].
But these constraints are based on the critical assumption that images are captured in a very high
frame rate (which may contradict the actual situation of being not high frame rate). Also note
that blob graph optimization is an iterative and enumerative process, which requires a lot of
computational resources. In the final phase of the tracking algorithm, EKF (Extended Kalman
Filtering) is used to estimate object parameters. Note that, the computational requirement of
Kalman filtering is quite high and sometimes even beyond the system capability [5]. Without a
proper timing control of Kalman filtering, the overall tracking performance may degrade
significantly [5].



The overall tracking algorithm in [1] is implemented on a Datacube MaxVideo 20 video
processor and a Max860 vector processor and is later ported to 400Mhz Pentium PC with C80
Matrox Genesis vision board. For the software implementation of tracking algorithm, peak frame
rate is reported to be 30 frames/sec while in many cases it drops to 10~20 frames/sec depending
on the number of objects and weather conditions [1]. An inherent conflict exists between the
requirement of higher time and space resolution (or to have high frame rate) and the requirement
of a longer computational time by the software implementation. Note that the same tracking
algorithm presented in [1] has been applied to many other cases, such as [2] [3] and the same
software approach is used.

Software implementation of the tracking algorithm, which already has a longer computational
time, will experience a severe time-crunch problem when the algorithm is to improve the
tracking performance by adding more processing steps. For example, considering the shape of
objects being tracked adds a considerable amount of computational overhead [1]. Detection and
classification of vehicles can only be done for two general classes (cars versus SUVs), while
further classifying within the two classes significantly lengthen the computational time,
preventing real-time classifications of vehicles [3]. To improve the tracking accuracy, some other
operations, such as shadow removing, may be required, which again takes significant amount of
computational time [1][6][7]. As a result, pure software approaches may not meet the more and
more demanding requirement of real-time operations.

Motivated by the limitations of the software approaches for vehicle tracking, there has been
recent research interests in hardware implementation of algorithms used in different areas of ITS
applications. Yang proposes a 256x256-pixle CMOS image sensor used in line-based vision
applications [8]. Nakamura implements a sensor with inherent signal processing functionalities
[9]. Fish also implements a CMOS filter which can be used in lane detection applications [10].
Hsiao uses circuit design techniques from previous works [8][9][10] and proposes a hardware
implementation of a mixed-signal CMOS processor with built-in image sensor for efficient lane
detection for use in intelligent vehicles [11]. Hsiao does not compare the computational time of
the processor to that of software implementation for the lane detection algorithm, but it is shown
that a hardware approach can even improve the performance of simple lane detection [11].

Drawing from the current and future demands for real-time operations of vehicle tracking, the
seed project intends study the feasibility of developing a new tracking system largely based on a
CMOS vision processor. Note that our main initiative to implement a CMOS vision processor is
to improve real-time operation of vehicle tracking, since a hardware implementation of tracking
algorithm could significantly improve the processing time compared to the software approach. In
addition, a few other advantages can be identified for hardware implementation of tracking
algorithm. First, the performance of real-time vehicle tracking will be greatly improved. Many
other tasks that previously could not be incorporated in the tracking process due to computational
time constraint may now be enabled. Second, potential improvements on tracking accuracy may
be expected. For instance, the performance of lane detection for a CMOS processor is improved
compared to the software approach, as reported in [11]. This may not be surprising from the
VLSI circuit design point of view, since a dedicated hardware has less undesired effects, such as
accumulated digitization error [12]. Another benefit is that the hardware size could be much
smaller compared to micro-controllers (software implementation), thus the overall system will be



more portable. Moreover, the power consumption of dedicated hardware will potentially be
hundreds of times less compared to software implementations [12]. This feature would be
especially important in the future effort to save energy. Even more importantly, the cost of the
tracking system could be reduced to a fraction of that of software implementations.

But we also identify some potential disadvantages of the hardware approach. First, the initial
development cost may be huge and design cycle for a hardware processor is typically much
longer than that of the software approach. This possible huge design effort could be only
compensated for by extensive usage of the developed hardware in real ITS applications. Second,
typically a hardware approach is not as flexible as a software approach. In the software approach,
designers only need to change the software codes to adapt to new situations, whereas the
hardware approach may not be easily adapted to new situations. Though reconfigurable design
techniques can be applied during hardware design to achieve flexibility, this is at the expense of
extra design effort and hardware components.

The rest of the report is organized as follows. Chapter 2 presents the proposed motion detection
based tracking algorithm. Chapter 3 investigates the feasibility of hardware implementation for
the tracking algorithm to achieve high frame rate real-time operation. Finally, Chapter 4
concludes the report.



Chapter 2
The Proposed Motion Detection Based Tracking System

The main initiative of hardware implementation of tracking algorithm is to minimize the
computational time to improve real-time operation for vehicle tracking, but directly proceeding
with hardware implementation of a tracking algorithm may make the overall design process
impractical and un-rewarding considering other factors. The other factors that have to be
considered for hardware design include the overall development cost, the overall hardware
complexity (design cycle) and the required flexibility [12]. If the overall development cost is
prohibitively high, then a software approach to implement tracking algorithm should be favored
since micro-controllers are much cheaper. Similarly, if the design cycle is too long (time-to-
market is thus seriously delayed), hardware implementation is also at a disadvantage.
Considering all these factors, a strong argument for hardware implementation is that the
hardware can be designed in a both time and cost effective way and the designed hardware will
be re-useable in different tracking algorithms [12]. The later also relates well to the area of
Hardware-Software-Codesign [12] since we may expect that some processing steps of the
tracking algorithm are more suited to hardware implementation while the others are to software
implementation. Considering all these factors, simply taking an existing tracking algorithm, such
as the one in [1][2][3], and implementing it in hardware may not be a good solution. In fact, our
study shows that implementing the tracking algorithm in [1][2][3] in pure hardware is extremely
costly. But on the other hand, if we implement only some part of the tracking algorithm in
hardware, the overall computational time saving is not promising. As a result, improving real-
time operation of tracking is more than just pure hardware implementation, and instead it
requires innovation in both tracking algorithm design, which has to be well suited to hardware
design with reasonable design effort, and then hardware implementation of the tracking
algorithm.

2.1 Overview of the proposed tracking algorithm

With the above guidelines, the seed project needs to consider the following two questions. First,
what is the overall processing flow of the tracking algorithm? Second, for such a tracking
algorithm, what processing operations can be implemented in hardware to minimize the
computational time? These two questions are highly related to each other, and therefore can not
be treated separately.

Our proposed solution to the above questions is a new tracking algorithm based on vehicle
motion detection, with motion detection being well suited to hardware implementation. The
motion detection is based on the popular block-matching algorithm used in image processing
[14]. The motion vectors found from the block matching process contain information on how and
where the blocks of the images move. For the proposed tracking algorithm, a system diagram is
shown in Figure 1 below.



The processing flow of such a tracking system is explained as follows:

» Step 1: we assume that an image sensor or a digital camera captures images at a high frame
rate, for example, 60-100 frames/sec. Note that this assumption has to be validated by relatively
short computational time for the hardware approach.

» Step 2: each captured image frame is subject to Gaussian noise filtering to remove the thermal
noise.

» Step 3: two consecutive image frames are first stored and then compared to identify object
motion (in this case, the objects are vehicles). The vehicle motion detection is based on the block
matching algorithm. The outputs of the block matching computation are the motion vectors of all
blocks in the image.

» Step 4: the motion vectors that define whether each block moves and how it moves need to be
digitized (if it is not digital signal) and transmitted to the next stage of processing.

» Step 5: in this final step, the data transmitted from the previous step is analyzed to identify
moving vehicles and track how and where each vehicle moves.
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Figure 1. The system diagram of the overall tracking system

For the proposed tracking algorithm, step one to step four are well suited to hardware
implementation, whereas the final step is suited to software implementation. As a result, an ideal
plan to implement the tracking system is to design a CMOS hardware processor for vehicle
motion detection and then a software system for vehicle association and tracking. The reason for
such a decision is that we believe it is a good tradeoff between computational time and
development cost. If the overall tracking system is implemented in hardware, the development
cost and design complexity could be huge. Another reason is that a hardware processor for
vehicle motion detection can be widely used in many image processing applications and ITS
applications [14]. In that case, it would be worthy of the possible high development cost and
design effort associated with hardware implementation of the tracking algorithm.



Step 1 and step 2 are typical operations of vision-based vehicle tracking system [1]. Their
hardware implementation will be discussed in the next Chapter. Step 3 is the core of the
proposed vehicle tracking algorithm. The algorithm aspect of this step, i.e. the block matching
algorithm, is discussed next while the hardware implementation is discussed in next Chapter.

An illustration of block matching algorithm is shown in Figure 2 below. Suppose that the image
size 1S MxS and the block size is nxn, then a total of (MxS)/(nxn) blocks are defined for each
image (for illustration purpose, Figure 2 shows only 16 blocks for each frame). With respect to
two consecutive images, shown as “current frame” (say frame number N) and “previous frame”
(frame number N+1) in Figure 2, reference block A (the dark shaded region) in “current frame”
can be considered as a moved version of block A’ in “previous frame” and block A’ is in the
neighborhood area of the A. This neighborhood is defined by parameter p in all four directions
(up, down, right and left) from the position of block A. The value of p is determined by the frame
rate and object speed. If the frame rate is high, as we assumed in the proposed tracking system,
then parameter p can be set small since we do not expect the block A has moved dramatically
within a short period of time. In the neighborhood area of (2p+n)x(2p+n), there are a total of
(2p+1)x(2p+1) possible candidate blocks and the block A’ in frame N that gives the minimum
matching value is the one that becomes A in frame N+1. The matching value, more specifically
MAD (Mean Absolute Difference), is defined as follows [14]:

MAD(u,v) = E| SG+u,j+v)-R@G j)|, —ps@v)=p
=1 j=1
where R(i, j) is the reference block of size nxn, S(i+u, j+v) is the candidate block within the
search area and (u,Vv) represents the block motion vector. Though more accurate matching value
computation can be obtained by using MSE (Mean Squared Error) criterion instead of MAD
[14], MAD becomes a standard since the computational overhead of MSE may be significant due
to square operation.
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Figure 2. Motion estimation based on full search block matching



In the above computation of MAD, pixel values corresponding to light density can be used if the
image is of gray scale. Block matching algorithm has been widely used in image compression to
save memory space [14], but it involves heavy computations, i.e. a huge number of subtractions.
Whether the tracking system is able to achieve high frame rate real-time operation critically
depends on the computational time of the block matching algorithm. From algorithm point of
view, one way to reduce computation time of block matching algorithm is to use partial search,
instead of full search. That is, instead of trying out all possible combinations of motion vector (1,
v), only a subset is explored [14]. The other effective way is to use small p so that the number of
motion vectors to be explored is relatively small. This could significantly reduce computational
time. But in order to warrant small p, the tracking system has to operate at high frame rate, which
on the other hand demands small computational time. Another way to reduce computational time
is to use hardware implementation of the block matching algorithm. If the algorithm is
implemented in software, as will be shown below in the case of MATLAB simulation on a PC
(Personal Computer), the matching computation of all blocks takes excessively long time.
Hardware implementation employing parallel processing techniques is very promising to reduce
the computational time. This is to be discussed in next Chapter.

The above block matching algorithm for motion estimation corresponds to step 3 in the proposed
tracking algorithm. When block matching for all blocks is completed, the motion vectors are
recorded and transmitted to the software part. This corresponds to step 4 of the tracking
algorithm. As discussed in next Chapter, there are possible two techniques for hardware
implementation of the tracking algorithm, analog and digital. If analog technique is used, a
hardware unit for signal conversion in step 4 is necessary since step 5 is implemented in software
which takes only digital signals as inputs.

Step 5 is the last step of the proposed tracking algorithm. It is also a typical operation employed
in conventional tracking algorithms [1][2][3]. This step is kept for software implementation due
to the possible huge design effort if it were to be implemented in hardware. Besides, the
qualitative reasoning nature of this step may not be well suited to a dedicated hardware
implementation.

2.2 Comparison with conventional tracking algorithm

In this section, we compare the proposed tracking algorithm to the conventional ones in
[1][2][3]. Both algorithms adopt the video based tracking approach. That is, the inputs to the
tracking algorithm are images at different time instants.

Regarding the difference, in general, motion detection in [1][2][3] is object-based, in contrast to
block-based motion detection for the proposed tracking algorithm. [1][2][3] rely on background
subtraction and then thresholding to identify objects (vehicles in the context). Using the
terminology, these objects are called blobs [1]. The blobs can be extracted from the difference
image using a contour following algorithm [1]. It does so for two consecutive image frames N
and N+1, so that then these two difference images are compared to identify blob motion. To do
that, it adopts a graph optimization approach. The blobs in each difference image is represented
as a graph and the two consecutive graphs are optimized to find the a best matching of the blobs



in terms of minimum total size change with respect to the two consecutive difference images.
After this, blob motion data processing and Kalman filtering for prediction is used, similar to
step 5 in the proposed tracking algorithm.

We identify several disadvantages of the conventional tracking algorithm and explain the
detailed difference from the proposed tracking algorithm in amid of the discussion. First of all,
the background subtraction involves a static background image, but the background may keep
changing, which is not well addressed even with dynamic background updates [1]. Further, the
image frame after background subtraction (the difference image) is then thresholded to obtain a
binary image. The threshold value has to be obtained by background training and is set to the
absolute maximum fluctuation of pixel values (range from 0 to 255, for instance). This involves
manual setting and could introduce undesirable noise [1]. In contrast, our approach of block
matching does not require a static background image and the background change has negligible
effect for block matching provided that the frame rate is high and the background change is
uniform which is usually true. This makes the proposed tracking algorithm more robust to
whether and environment changes. Second, after thresholding, the image is a binary digital
image and only objects (blobs) are remained in the image. Note that by now the pixel data
information is lost and all we know is that whether each pixel corresponds to background or
object. But in the proposed tracking algorithm, the rich pixel data information is kept and
intentionally used for block matching computation. This makes the block matching algorithm
potentially more accurate since it is based on pixel value difference instead of size difference in
graph optimization of conventional tracking algorithm. Also, graph optimization is an iterative
optimization process, which may take significant computational time in software implementation
(in the order of milliseconds as reported in [1]) depending on complexity of the graphs. It also
relies on the assumption of high frame rate to achieve the reported execution time. It the
assumption is not satisfied, then the graph optimization may incur tracking error.

On the other hand, one possible disadvantage and the challenge of the project, is that the block
matching algorithm in the proposed tracking system is even more complicated than graph
optimization in conventional tracking algorithm from algorithm point of view and typically takes
longer computational time. For example, block matching computation is in the order of minutes
in MATLAB simulation. This means that the proposed tracking algorithm can not be applied in
real applications if it is implemented using a software approach, such as MATLAB in general
purpose PC and other embedded microprocessor. But on the other hand, block matching
algorithm is well suited to hardware implementation. Therefore, we need to rely on efficient
hardware implementation of the block matching algorithm so that the computational time for
block matching would be minimized. In particular, in a first order estimation, the computational
time of block matching in hardware implementation has to be lower compared to graph
optimization in conventional tracking algorithm in order to have the proposed tracking algorithm
outperform the conventional one. If this is true, we expect the conflict between the assumption of
high frame rate and the actual computational time as in the conventional tracking algorithm
would be solved or become less severe [1][2][3]. As a summary, the proposed new tracking
system could improve real-time vehicle tracking, provided that the hardware implementation
minimize the computational time of the block matching algorithm in step 3.



2.3 Simulation and verification of the tracking algorithm

In the context of the above described tracking system shown in Figure 1, our first step toward
feasibility study of the proposed tracking algorithm is to simulate and verify the tracking
algorithm in MATLAB [19]. All tested traffic images were obtained at the intersection before
District I DoT building (intersection between Mesaba avenue and 1-194) by a JVC Camcorder at
30 frames/sec. Note that these images were not captured optimally, in the sense that no special
case was taken to mount the Camcorder to get a best view of the intersections. The recorded
video was then converted to sequences of image frames using QuickTime Pro software [20]. By
testing it on real traffic images, we found that vehicle movements could be accurately identified
in spite of some noisy motion detection. In the following, we show some results obtained in
MATLAB and illustrate some features of the proposed tracking system. The image size is
720%480 and the block size is 8x8. The parameter p that defines the search region is set to 8.

Figure 3 and 4 show two consecutive image frames with a number of vehicles (frame N and
frame N+1). The vehicles enclosed by the red box in Figure 3 actually moved with respect to
Figure 4. Specifically, vehicles A and E moved to the right, whereas vehicles B, C and D moved
to the left. Other vehicles either did not move or too small in the Figure. Note also these two
images were colored. When we tested the images on the proposed tracking algorithm, we
converted them first to gray images with the same size. Thus, only light density information was
used in blocking matching. Then, the two gray images were Gaussian-filtered to eliminate
thermal noise and subsequently they were block matched to identify the motion vector for each
block in the image. The block size was 8x8, therefore there were a total of 90x60 blocks defined
in image frame. Here, there are tradeoffs in selecting the block size. If the block size is too large,
then some blocks may not accurately represent a vehicle since each vehicle may be represented
with multiple blocks. For example, a block may show only part of the vehicle and the rest of the
block is just background. On the other hand, small block sizes may create multiple solutions in
block matching. This is because the feature of a small block is less unique, and it is more likely
that there exist many blocks nearby with similar features. This may result in wrong decisions for
the motion vectors.

Next, in order to show the motion detection by the proposed tracking algorithm, we define the
following definitions. Suppose that a block A has original coordinates as (X, y) in image frame
N. To be uniform, (X, y) is taken as the coordinates of the upper-left corner of a rectangular
block. Further suppose that the block A is found to be moved to (x’, y’) in image frame N+1,
determined by the block matching process. Then we define motion of block A in the following
five cases:

1 represents moving up if block A has (y’>y && |y’-y|>=|x’-x|)

2 represents moving down if block A has (y’<y && |y’-y|>=|x’-x|)
3 represents moving right if block A has (x’>x && |x’-x|>=|y’-y|)
4 represents moving left if block A has (x’<x && [x’-x|>=]y’-y|

5 represents no move if block A has (x’=x && y’=y)

Note that it is possible to define more refined movements, for example, moving both up and
right. But we found that it is typically enough to identify the motion using the above five



directions due to high frame rate and moderate resolution of the images. Also note that 5 does
not mean necessarily that the block is a background block. In fact, a vehicle could also have 5 if
it is not moving.

With the above definitions, we can now present the motion diagram showing the motion of each
block computed from block matching. Since the block size is 8x8 pixels, all pixels in the block
have the same moving direction. Therefore, it is enough to show how each block moves. This
gave the following Figure 5 with dimension 90%24 and each element corresponded to the motion
of that block. Note that only 24 out of 60 blocks in y-axis were shown in Figure 5, due to the
upper part and lower part of the image frames anyway corresponding to background (background
should not move). The red boxes in Figure 5 represent the same vehicles as in Figure 3. It can be
seen that vehicle motion for those vehicles is accurately identified. For example, vehicles A and
E had many values of 3 for the blocks corresponding to the vehicle positions in the image.
Practically, the number of 3s is also a good idea of the size of the vehicle in the image. Here, the
red box A actually represents two vehicles. Vehicles B, C and D had values of 4 for the blocks
and the number of 4s can also be seen as good indication of the size of the vehicles. The left-
most white vehicle and a few other vehicles beside B (refer to Figure 3) had no motion since they
were waiting for the traffic signal. So, the motion diagram for these vehicles should be 5, which
was the case as shown in Figure 5. But note first that there were some noisy motion detections,
which typically happened to background blocks since the background was quite uniform and
block matching computational might made wrong decisions. And this noisy motion also
happened to vehicle E, especially at the right edges of E (some 1s and 2s there). This was
because the vehicle E was moving out of the scene, and those blocks at the right edge could not
find correct matching since they disappeared in the next image frame. This wrong decision could
be corrected at the software part of the tracking algorithm, where information on current vehicle
location, predicted future vehicle location (by Kalman filtering) and vehicle size change can be
combined to fix it. This problem would not happen to vehicles staying inside the image for two
consecutive image frames. Second, here in Figure 5, there is no way to differentiate vehicles if
multiples vehicles are grouped and move in almost the same direction. To differentiate them,
motion vectors need to be check up and Kalman filtering in the software part of the tracking
system need to be used. Also, since we did not optimize the location of the Camcorder and view
of the intersection, the traffic poles became a problem in block matching, which might be a
source of error for noisy motion. In addition, there were no cars identified moving up or down.

Figure 5 gives the motion of each block, but could not tell where each block moves. To gain that
information, we show the motion vectors in Figure 6 for y-direction (rotated 90 degrees for better
view) and Figure 7 for x-direction. It can be seen that almost no blocks move in the y-direction
except those block corresponding to vehicle E, which is almost the case in image frame N with
respect to frame N+1. The vehicle that actually moved slightly along y-direction was vehicle E in
Figure 3, and this movement was represented by 1 or 2 units. Note that, the values here should
not be confused with the motion direction values as defined above and shown in Figure 5. Here,
the values correspond to the movements in terms of (X, y) coordinates of the image, 0 to 720
along x-direction and 0 to 480 along y-direction. As a result, these values are called motion
vectors since they show how much the vehicles move. In Figure 7, the block motion vectors in x-
direction for all vehicles were shown. Right moving vehicles like A and E had positive values
and left moving vehicles like B, C and D had negative values. For four of the five vehicles A, B,



C and D, the motion vectors in x-direction were quite good and accurate. One problem here was
that there were noisy motion detections for some blocks corresponding to the background. This
could be corrected by defining smaller search regions (thus small parameter p) in block matching
computation assuming high frame rate for the tracking system. Besides, there were also noisy
motion detections around the edge of vehicle E due to vehicle E moving out of the scene. As
mentioned in the above paragraph, this could be fixed in the software part of the tracking system.
Practically, the values could be used to compute vehicle velocity. Of course, the effect of camera
view on the vehicle velocity should also be taken into account in that case.

In the MATLAB verification of the tracking algorithm, the image size is 720%480 and the block
size is 8x8. For computing the motion vectors of the 90x24 blocks in Figure 5, 6 and 7, the
execution time was about 30 to 40 minutes in a Dell PC with 1Ghz XEON microprocessor. This
time is simply NOT acceptable to have the proposed tracking algorithm to be useful in a software
approach like the PC. Hardware implementations to cut down the execution time are discussed in
next Chapter.

Figure 3. A traffic image captured at an intersection (frame N)



Figure 4. A traffic image captured at an intersection (frame N+1)
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Figure 5. The block motion of frame N with respect to frame N+1
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Figure 6. The block motion vector in y-direction



O0O0ONDODO~«~O0DO0O0O0OO0OCO0ODOWMOOOOOOOODO

OO0 0000000000 -

wow

.
-

0000000000000 0OOOOODOOOOOOOOOOOOOOOOOODOODOOOOOOODOOOOOOODOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOODO
oooooOO0OOOOOOOOOODOODOODOOOOOOOOOODOOOOOOOOOOOOOOOO-OODOODOOOODOOOOOOODOOOOOOOOOOOOOOOOOOOOOODO
oooooO0O+100000000000O0OCOOOODOOCOOODOOOOOOODOOO-1O0O0O0O0O0OOOOOOODOOOODOOOODOODOODOOODODOODOOOODOOOOOOD-1OODO
ooooOoOOOOOOOOOOOOOOOOO+Y 12-100000000000000000-1000000O0O0O0100000000100000O0O0OO0OOOOOODOOSOOODOOO
ooooO0oOO0OO0-000000O0O0OOCOOOOODOIOOODOOYI0OO000O0O0O00O0ODIO0OOO0O0O0OOOO20000000110000000000CO0O0O0OQOO0OCOOODOOOODO
unnuu._nnn_‘nun_u_u_u.‘nnnn‘_u_u_u.‘_u_u_u_un_u¢nunnunnnnnnnunnﬂunnnun_u_u_u_unn_u.‘.‘_u_unnuDQL.W.A.BBBEUEEBEULD.‘D
ooooH D._._nn__uﬂunnAnnu.‘DNnann_u_uanAnnDnnnnnnnnnuunhu‘a.ﬂ.nunnnn_n‘nn_.a uunnnnP.n._._._.‘.\‘nu._nnwnun;._an
ouuuunnn_n_n_n_nn_u_u_u_u.‘nuunnnnnnnﬂn_u..l .0 uuuunuNn_n_n_n_q_u_u_u_u_u_uu.annnunnn_.,_.ND_u._.u..n..uu..‘.__n__un__u_u_u‘un;uun_u
3-10200-+-1004 100002032204 DBE¢U0u'oo._n..bnnunnnuun.ﬂnn.N.N_._k.N*U_unnnunnC‘n.nnn.‘FD!_.;nnnnn.u.m__nnnnnu
.un.m‘.A_.Nm.UN.o.w.¢nnunon¢n=un_n.¢.NDUo0¢¢¢oo‘W_u_unnnnnNt_n.N.N.N.N.N.NL.N .NDDnn_un_n._...‘i_._.‘.‘f_;_QODD‘DDUDDDWDUB
365120001 002800050-207-100-¢4 Du.uuuoouuuﬂ_nun.N_u_ub.Nm.N.N._A.N.N.N.a.w_uL_i.‘._‘LL;L.‘.‘L.._.—._L__un_u_u_u_u_uin.._un‘n_
132061201 000000000221 ¢n$nhuuuuuuuuoNuuunnnn.‘n.w.N.N.N.N.N.N.N.N.N.Nﬁn‘n;.‘ .L.‘.‘.N.‘.‘Ai.n‘mm:.q”u..:u.“_c._.n.q4ﬂ.__n:.mmn_
nu.‘unDnnnnn__u_u_u_u_unn.wn.nn_n‘.“ﬁnuu‘UU¢ouxuu_un_D¢‘O.N.W.NN.N.N.NN.NNuNm O0-1 ¢« 0-¢4 ~A.an.‘.‘.‘umnm_*r.‘.0.0*N.,_.u.‘@“N‘N_NA_N‘NWn_
_unu.ﬂun_uunun_u_u_u_u_u_u_unnunn_unn.ﬂnuuQuuoomuuunnnnnnn‘.uunm..__.Nr_.N.N.M_u_u_uLA._DFA“UdﬁﬂnmmN...‘mw‘N:u:_NANw‘Nmm
n‘L.n.‘nnnunnnnnun‘n_n_n_n_nnn.....un.anA.‘._ummumunun"Nn‘Nn_.Jﬁu.ALL.uun‘._‘nnnn.u.ﬂ._n_n..u_anAN‘BZ‘N:‘N‘UW‘.NEE

16" T1i00000004 _un_n_n__u‘.‘nn‘_uNDn_n_n_LD_u_uD_umuu‘wﬁ_nw:qNu‘nam:‘m.~.oauuu

oooo<41 0000000000000 O00010010<4 00000

SzZ0000000000000€0-1000000000000001 1000000004 0-1000000000-10-70002-32-10065061VO0OVWSD0 S _‘_u:‘um_u_u‘_u
0-22 0000000004 0151 ¢4 nnnnnnnuunnnunnnnninnnnunnnnnuuunnnnnnnnuunonnu.UNn_‘A.Nﬁ_n_n‘nwa_...ﬁnnm_NE‘nu._.u
110000000015 00-1-1-100000100004400100000000000-1-«000-1-101+4 _unnn_uﬂ_ununnnn_.‘owmﬂﬁﬂ:ﬂmumao*N_Nﬁ&ﬁ‘nn
n‘mN4.N_nni‘N_un_uann_unnnnnnuﬂnﬂaéun‘nu.n__u"uﬂn.ﬁnuunnnnnku".annnnnnnnnmmqu:m. .nbﬁ.ﬂ.nnnn‘o;unmm
oo7vi1002-10-G0-1000000000000111500002210141-1-100000000000000000~+00003¢«1-20000000-1-10000080770W3000
ooos1-140000-13€0000000221000002000001005-1-101-10001-1-331000010100-1000000-1-10-100010010006866% 050
0Oooo0O03224000000000000000000000009S% 1021001020115 00000203069%100001102271000-10-10160-1S100100-1
ooz2-200000-10-1000000000O0O0€E000000001950000100-1000000001001000000000000-1000000E8+S5S004 00300000+

Figure 7. The block motion vector in x-direction



Chapter 3

Feasibility of Hardware Implementation for the Tracking
Algorithm

In the previous Chapter, we describe the overall operation of the proposed tracking algorithm
with block matching based motion detection. The algorithm is also simulated in MATLAB to
verify its ability to track vehicles in spite of some noisy motion. The main motivation for such an
algorithm is to enable hardware implementation of the tracking system since conventional
tracking algorithm with graph optimization based motion detection may not be well suited to
hardware implementation [1]. In spite of long execution time for the proposed tracking algorithm
in MATLAB on a PC (the software approach), we hope that hardware implementation could
significantly cut down the execution time so that the execution time for vehicle tracking would
be smaller compared to conventional tracking algorithm implemented in software approach.
Investigating the feasibility of design of a CMOS hardware processor for vehicle motion
detection (corresponding to step one to step four of the proposed tracking algorithm) is the main
topic of this Chapter. Next, we present first order timing analysis of the proposed tracking
algorithm with hardware implementation to see whether it has the potential to achieve better real
time operation than the traditional tracking algorithm with software implementation.

3.1 First order estimation of computational time for hardware
implementation

Referring to the tracking system diagram in Figure 1, the first hardware part is the image sensor
or digital camera. But it has to be high-throughput to minimize the latency when outputting data
(the data is pixel values of the image). For example, a commercial image sensor, such as the
MTI9V111 sensor from Micron Technology [21], runs at a high frame rate of 60 frames/second
with resolution of 352x288 pixels. The master clock is 27 MHz and the output is 8-bit parallel.
Assuming 8-bit is used to represent each pixel, it takes 3.75 milliseconds to transport all the data
to block matching in the proposed tracking algorithm. Note that each cycle of vehicle tracking
has to finish within 1/60=16.67 milliseconds. Considering that the software part in Figure 1
(corresponding to step 5 of the proposed tracking algorithm) takes up to 10 milliseconds for
vehicle association and Kalman filtering, this leaves only 16.67-10-3.75=2.9 milliseconds for
motion detection based block matching. In conventional tracking algorithm [1], the motion
detection based on graph optimization may not be able to meet the tight timing constraint. As a
result, it is not possible to achieve high frame rate.

Therefore, we need to estimate whether the block matching computation in the proposed tracking
algorithm can finish within such a timing frame. Note that the most important function in block
matching algorithm is subtraction operation (refer to the definition of MAD criterion for block
matching in last Chapter), which needs to be implemented by a high-speed hardware adder block
(subtraction is implemented by the adder in hardware, the same as addition operation). For



example, refer to Figure 2, if the block size is nxn, then nxn additions are needed for one
candidate motion vector (#, v). As mentioned in last Chapter, in the search region (defined by
parameter p), there are a total of (2p+1)x(2p+1) candidate motion vectors to be matched (this is
full search block matching), thus theoretically this means that there are nxnx(2p+1)x(2p+1)
additions for one block matching. Then considering there are total of (MxS)/(nxn) blocks in an
image, this simply implies that the total number of additions in block matching is as follows:

TC = nxnx(2p+1)x(2p+1)x(MxS)/(nxn)

Then assuming that each addition in hardware takes time #d to finish, a rough estimate of the
total computational time would be

TT =TCxtd

So, then it comes down to find out #d. To do that, we implement in Cadence [13] an adder circuit
using TSMC 0.25um technology [22]. This adder employs carry look-ahead technique [24],
which typically has the smallest execution time compared to many other techniques [12]. When
simulated in Cadence, the estimated execution time was about 2 nanoseconds considering also
the time incurred when storing the output into a memory. Substitute this value into the above
equation, we can find out that the total computational time for block matching is: (image size
M=352, S=288, block size n=8, search region p=8):

TT =29297664%2 nanoseconds = 58.6 milliseconds

Although the adder execution time was pessimistic and could be made smaller, the above TT
shows that using the simple hardware implementation was not enough since 58.6 milliseconds
much larger than the timing constraint of 2.9 milliseconds for overall block matching
computation.

Note that the previous method uses sequential computation of adder function. That is, before one
candidate block matching is complete, the second one can not start. This is a waste of time, but
save hardware. For example, the above sequential computation employs only one adder.
Typically, to improve hardware throughput, pipelining technique can be used at the expense of
extra hardware design. One possible pipelining technique in the context of block matching
without incurring much extra hardware design is called the systolic array processing technique,
which allows parallel processing of block matching [23]. In this approach, we would use nxn
adder circuits for block matching computation (compared to only one adder for the previous
case). It can be shown that using this parallel architecture, the number of additions for one block
matching decrease to (n+2p)x(n+2p) from the previous nxnx(2p+1)x(2p+1) for sequential
computation [23]. Then, the total execution time for block matching in this case would be
(M=352, S=288, n=8, p=8):

TTp = (n+2p)*(n+2p)x(MxS)/(nxn)xtd = 912384%2 nanoseconds = 1.8 milliseconds

Thus, it can be seen that now the execution time for block matching would meet the requirement
of 2.9 milliseconds in order to achieve 60 frames/second vehicle tracking. In spite of only a first



order estimation (we neglected many control overheads in hardware design), it shows that
hardware implementation could potentially achieve real time operation of vehicle tracking. Also,
if more advanced technology, such as 0.18um, 0.13um etc, is used, smaller execution time is
expected.

Note that in the previous estimation, we assume that M=352, S=288, n=8 and p=8. Parameter n
and p are quite reasonable under normal conditions. But it is arguable that M and S are enough
for high resolution tracking. If both M and S are increased, the computational time is not
satisfying. In that case, on solution is to further take advantage of massive parallel processing
techniques at the expense of hardware cost and design complexity. For example, more adder
circuits can be included in the hardware. Note that the number of adders in the above case of
parallel processing is nxn. If we had X times that number of adders, we can partition the original
image into X equal parts so that each group of adders (nxn) works on one part. This would help
cut down the execution time for block matching to 1/X#h of TTp in the previous equation. In this
way, block motion vectors can be very efficiently computed.

3.2 High-level view of hardware design for the tracking algorithm

In terms of hardware design, two possible techniques, digital and analog, can be used. Between
them, digital technique for hardware design has been by far the most popular. In fact, there have
been some digital VLSI implementations of the block matching algorithm for motion detection
[16][17][23] for different applications such as low resolution video conferencing with 15
frames/second. On the other hand, analog technique for such type of hardware design is rarely
used, not because of the performance issue, but mainly because of the design effort issue.
Typically, analog technique for hardware design is much harder and more time-consuming.
Next, we briefly discuss both techniques for hardware implementation of the proposed tracking
algorithm.

For digital technique for hardware implementation, the signal processing flow is more
straightforward and it can save Analog-to-Digital or Digital-to-Analog converters since the
signal is always digital. Referring to Figure 1, the image sensor or digital camera can be
commercial ones. Then in the second step of Gaussian filtering, standard adders and multipliers
can be used. The detailed hardware design for block matching computation should take the
systolic array architecture proposed in [23]. The output will be motion vectors in digital format,
which are then transmitted to software part for vehicle association and Kalman filtering.

Analog technique for hardware design is an alternative. In fact, it typically saves more
computational time than digital technique [18]. In this case, an image sensor may have to be
designed instead of a commercial one. We favor the use of a built-in image sensor since an
integrated image sensor could help shorten the image processing time. In the case of image
sensor, output signal is analog current or voltage, the value of which is proportional to the pixel
values (or the light intensity). The image can be a high-resolution one (for instance, 1024x1024)
due to computational time saving compared to a low-resolution (256x256) image in traditional
software approaches [1][2][3]. Then each image frame goes through Gaussian filtering to
eliminate noise, which can also be efficiently performed using analog techniques (analog



multipliers and analog adders) [18]. The resulting frame N can be stored temporarily in an analog
memory. In this scenario, an effective analog memory could be arrays of capacitors to hold the
voltage corresponding to pixel values of the image. Special techniques may be required to
prevent voltage loss or leakage that affects accuracy of block matching computation [18]. When
frame N+1 is available, the block matching module is used to detect vehicle motion for the two
consecutive images. Again, parallel processing technique is probably necessary to minimize the
execution time. Finally, the motion vectors obtained from block matching need to be converted
to digital signal before they are transmitted to the software part. Thus, an Analog-to-Digital
converter circuit is needed.

After receiving the data of block motion vectors from the hardware part, the software part
performs vehicle association and tracking. Since these data are motion vectors of all blocks, any
block with zero motion vector is either background or non-moving vehicles, and on the other
hand any block with non-zero motion vector is a moving object or part of a moving object.
Especially, we are interested in a number of neighboring blocks in image frame N that move to
new positions but still form neighboring blocks in image frame N+1, which implies a moving
vehicle. To check whether they still form neighbors can be done by simply looking into the
corresponding motion vectors. The number of blocks involved for a certain vehicle depends on
several factors, such as vehicle’s size, vehicle’s moving direction and camera’s position. But in
all cases, it is most likely that the vehicle in the image frame consists of more than one block in
realistic images as those shown in Figure 3 to 7. Under ideal cases with no vehicle shadowing,
blocking and noise, these motion vectors themselves track how and where each vehicle moves
and Kalman filtering is not needed. But realistically, noisy or false motion, blocking and
shadowing occurs frequently. So, Kalman filtering is still needed in the software part so that
future positions of the blocks can be predicted. This is especially helpful in the case of vehicle
blocking.



Chapter 4
Conclusion

This seed project studies the feasibility of developing a hardware based tracking system. We first
survey the literature work on vehicle tracking algorithm and find conventional tracking
algorithms are not well suited to hardware implementation. Developing a hardware based tacking
system requires a revised tracking algorithm that could ease hardware implementation. Thus, we
propose a new tracking algorithm with motion detection based on block matching. To validate
such a tracking algorithm, we simulate it in MATLAB and test it on real traffic images obtained
from an intersection. It is found that vehicle motion can be accurately detected in spite of some
noisy motion for background and vehicles on the edge of the image. This error can typically be
corrected at the software part.

With the proposed tracking algorithm validated, we study the feasibility of hardware
implementation of the tracking algorithm. A first order analysis is applied to estimate the total
computational time for block matching for a typical image size of 352x288 as specified by
commercial high frame image sensors (60 frames/second). Assuming the block size is 8x8 and p
is 8 for the search region, we find that the timing constraint to achieve 60 frames/second can be
satisfied using parallel processing techniques in hardware design.

Overall, the proposed tracking system with hardware implementation shows promising features
compared to conventional tracking system with software implementation. Future work along this
direction includes actual hardware implementation of the tracking algorithm, detailed and
accurate characterization of computational time, and development of the software part so that a
prototype of the overall tracking system can be tested.

Two potential problems need further investigation. First, if the resolution of the image is further
increased but high frame rate (e.g. 60 frames/second) needs to be maintained, hardware
implementation with massive parallel processing techniques may be over-complex. Second,
when the computational time of the tracking system is dominated by the software part, then
implementing hardware for block matching computation alone may not be rewarding. In that
case, moving (some) operations in the software part to hardware may be considered.
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