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Abstract

In the internet and smartphone era, video conferencing and live streams are a big
part of information transmission. Video processing involves many domains, from
high-quality video transmissions to real-time decision-making systems. The usual
software-based models and serial approach running on single-issue cores are slow.
Hence, there is a need for speed up to make it compatible with real-time applications.
The video processing tasks have parallelism that can be exploited for this speedup
via the hardware acceleration. Thus, this work is aimed towards achieving this task.
In this aspect, two algorithms were targeted for hardware acceleration. In addition,
the processor domain is also explored in order to select cores for video processing.

The first algorithm is in the domain of object tracking. Tracking objects in real-
time is a crucial step in image processing. Thus the hardware real-time object tracker
for several image resolutions should provide good accuracy alongside meeting the
frame rate requirements. The sophisticated algorithms employed in the state-of-
the-art are computationally demanding for embedded architectures. An algorithm
with good performance and high parallelism is discriminative scale space tracking.
The parallelism can be exploited for speedup with hardware acceleration. The first
part of this work proposes hardware architectures for the major blocks to attain
the real-time requirements of a discriminative scale space tracker on FPGA. The
main contributions in this work are the improvements in the architecture for the core
mathematical functions in the algorithm, including the discrete Fourier transform,
QR factorization, and singular value decomposition. Further, for 320 x 240 image

resolution, the proposed architecture obtains a mean 25.38 fps.

The second algorithm is in the domain of video encoding. In recent years, many
devices have been using videos for communication. With the adaptation of high-
quality video and image content, the need for more memory space is increased. It

also demands more data compression from the advancing video coding techniques.
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These demands led to the development of AOMedia Video 1 or AV1 by the Alliance
for Open Media. AV1 is a royalty-free codec, thus allowing it to be used in many
devices without paying extra cost. This work also studies the AV1 model and selects
the Wiener filter as a complex block requiring acceleration. Wiener filter is an in-
loop restoration tool in AV 1. This work presents a separable symmetric normalized
architecture for its implementation. The proposed design allows 100 x reduction in
processing time and 5 X speedup in mega samples per second concerning existing

works in literature.

The thesis’s third part concerns the processor core for video processing ap-
plications. Many Instruction Set Architectures are available but often closed and
incremental Instruction Set Architectures. On the contrary, RISC-V is the new open
and royalty-free Instruction Set Architecture developed at UC Berkeley in 2010.
Apart from being an open architecture, RISC-V is a modular Instruction Set Archi-
tecture. Starting from the base Instruction Set Architectures, any other extension
can be implemented as per need without implementing all the previous ones. This
modularity allows RISC-V to be adaptable for video processing tasks. This work
first identifies the core requirement for video processing tasks based on which a
processor can be selected. Next, it explores the RISC-V cores in literature based on
the selected parameters. Afterward, it compares them and selects those most suitable
for video processing. In addition, the work also extends a RISC-V core in literature

called LENS for video processing.
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Chapter 1
Introduction

Humans use the processing of information in many different fields. Processing and
sorting to a meaningful form and getting a result out makes information valuable and
vital. Humans use the brain (a constant information-processing machine) and tools
for information processing. As human society grows, the amount of information to
process increases; thus, just using the brain is insufficient and slow to process. In such
times, humans turn to tools for rescue. The tools have become more sophisticated
through the years, from simple mechanical machines like the abacus to analog
devices, simple circuits, and modern digital computers. Digitization started with a
primary circuit like a counter to count, timers, and automatic switches, then circuits
that could process information from sensors and, based on the transistor, could take
decisions to control the actuators [1]. In this case, the processing of information is on
a tiny scale. Next, the circuits moved from simple to complex designs that process
instructions called processors. A processor is a machine that processes information

by taking instructions and operating on some data based on these instructions [2].

With this evolution, the trend was to process more information in less time.
Now several scientific fields could take advantage of these tools. The new applica-
tions instead started demanding more and more processing. So now, latency and
information size have become crucial. When this trend entered medicine, accident
prevention, and security, real-time and accuracy became a priority. Recently, most of
the information flowing in mainstream media and the Internet is based on images
and videos [3]. They are responsible for the majority of the information population.
For purposes such as real-time streaming, and accident prevention based on road
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scene understanding, there is a need for fast and accurate information processing (in
this context, image/video processing). Thus there is a need for fast algorithms and
devices to implement them. Based on these motivations, this thesis’s work focuses
on the implementation and hardware acceleration of image and video processing
algorithms.

The variety of applications requires that the processing is tailored to their need.
Some required speed, some demanded accuracy, and others required less response
time. Consequently, to accommodate all, different objectives are targeted. The
processing devices are mainly processors, Application Specific Integrated Circuits
(ASIC) devices, or Field Programmable Gate Arrays (FPGA). Processors provide
much flexibility with software support but have a cost and limited speed. Also,
the software-based implementations are serial. Thus if the algorithm offers high
parallelism, the software running on a single-core single-threaded core cannot exploit
this. The software running on a multi-core or multi-threaded architecture can perform
better but at the cost of high power and resource consumption. On the other hand,
FPGAs can utilize parallel processing. They provide high flexibility with reasonable
speed with limited resources. ASICs can be customized to get more speed or less
area but have less flexibility [4]. An alternative is a Graphical Processor Unit (GPU),
which can operate at a very high speed and utilize a high degree of parallelism
but is costly. So based on the task at hand, the corresponding device is utilized
for implementation. Applications requiring low power, remote usability, and fast
implementations use ASIC or FPGAs. This work focuses on ASIC and FPGA-
based processing providing customization, portability, low cost, and low power
consumption [5].

There needs to be more than merely the selection of a device and acceleration to
achieve the target optimization in video and image processing. As applications may
use algorithms for better accuracy and performance, the corresponding hardware
cost can be high. The goal is also to improve algorithm-to-architecture mapping
and resolve the complexity in the algorithm domain keeping in mind the final archi-
tecture. So then, architecture-level optimization can achieve further improvement.
Furthermore, it will help develop much better final designs as compared to if only
architecture-level optimizations are applied [6]. Thus the choice of algorithm is also
considered. In this work, the focus is on selecting the algorithm that has a better

chance of hardware acceleration.



Thus from the discussion above, three main elements are highlighted. First,
information processing in video and image processing requires attention in terms of
speed to achieve real-time portable solutions. The target devices for such applications
can be ASICs and FPGAs, which offer portability and parallel execution capabilities
at low power. The selected algorithms from the literature on a critical path with
parallelism to be exploited can help improve the overall system. Thus the goal from
here is to review the literature, select the algorithm, analyze the algorithm to find the
critical block, and accelerate the critical block with the help of hardware to improve

the system’s overall performance.

The information processing for security uses a lot of video processing at remote
locations like surveillance. Video processing in such environments is essential as
they are unsuitable for human presence. Furthermore, streaming video processing
in real-time plays a significant role in live sports and events, with a vast potential
market. Given all these primary motivations, the focus is on algorithm-to-architecture
mapping for these video processing algorithms. Two algorithms were analyzed for
this purpose. Fast Discriminative Scale Space Tracking (FDSST) and Wiener filter in
video encoding as they present reasonable complexity and have crucial applications
[7, 8]. Thus acceleration for them is essential. The first goal was to observe the
improvements that the selected algorithms for the implementation of sub-blocks, for
the FDSST and Wiener filter, can have on the final architecture. Next, was to focus
on how the techniques involved, such as pipelining, parallel processing, unfolding,
and folding, can improve the usual parameters at Register Transfer Level (RTL) level.
The first topic is in the domain of object tracking. It is considered highly applicable.
It was selected as it has one of the most complex implementations. It is introduced
in section 1.1. The second topic is the process of video encoding. It is on the critical

path for determining performance. It is discussed in section 1.2.

Apart from the hardware acceleration of the two algorithms discussed above, this
work also investigates the processor domain. Processors are the core component
in many applications and the whole embedded world. The talk of information
processing will only be complete if the most used tool for them is discussed. This
work focuses on the implementation of Reduced Instruction Set Computer Five
(RISC-V) processors available in the literature. A detailed survey is performed to
understand the different applications and optimization of processors thoroughly for
video processing. The processor core parameters important for video processing

are highlighted. Next, the cores are compared on the basis of these parameters
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to provide a selection procedure of cores for video processing tasks. Finally, the
RISC-V core called LENS5 [9-11] is analyzed in detail with an ASIC implementation.
It is discussed in section 1.3.

1.1 Real-Time Discriminative Scale Space Tracker
(RT-DSST)

In the domain of videos, visual object tracking is prevalent. It has been on the
prominent inquest in recent times. The video is generally obtained in a sequence
of frames. The primary mission of visual target tracking is to obtain the object’s
new location in the current frame of the video, provided the initial location in a prior
frame. The major applications are video surveillance, computer vision, automation,
etc. Target tracking in real-time is a computationally demanding task. The final
performance of the tracker is decided by several elements like the camera’s motion,
scene background variations, and the object’s complex motion. More sophisticated
algorithms are needed to resolve these challenges by attaining reasonable accuracy.
In addition, the high-quality video from cameras further amplifies the computations
needed for fruitful object tracking.

Object tracking is predominantly incumbent upon software-based platforms,
typically personal computers and embedded processors. But, the frame rate needs
to be faster in these cases to be applicable for real-time applications like accident
prevention systems, defense, etc. Furthermore, the variations in scale and the need
for multi-target object detection and tracking hinder the use of this serial method
for data-centric applications. Thus, massive advancement at the algorithmic level
is needed, along with implementations for building real-time, standalone visual
tracking devices for high mission-critical systems. FPGA is highly feasible for such
applications, as it has massive parallel processing architecture and interfaces with
high throughput. The literature shows that significant works in this domain are on
either discriminative [12—14] or generative [15, 16] approaches. The former relies on
machine learning by using a filter to learn the target’s location. In contrast, the later
method uses statistical models of the object to get the target location. The authors in
[17-19] show that the former performs better, requiring less computational effort. In

this aspect, a new multi-aspect detection approach deals with the target location and
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size based on two primary techniques. The first technique, joint scale space tracking,
uses a 3D correlation filter. The second technique, multi-resolution tracking, uses
a 2D filter at multiple resolutions, thus creating a 3D pyramid for object detection.
They both are expensive in terms of computational resources, thus insufficient for
hardware implementation. Recently, the authors in [7] present an approach called
DSST that shows good tracking performance with a reasonable amount of complexity.
They use different filters for target translation and scale estimation [7, 20]. Starting
with the translation filter to obtain the estimate of the new target location, followed
by a scale filter for the object size estimation with an updated location. In the
end, for each frame, both filters are updated. This process is iteratively repeated
for the whole video sequence. Thus, the high amount of parallelism in the DSST
algorithm makes it feasible for hardware implementation. The main operations in
the filter are mathematical, involving QR factorization, two-dimensional Discrete
Fourier Transform (DFT?2), Singular Value Decomposition (SVD), and Histogram
of Gradients (HOG). The critical among the minor mathematical operations is
windowing, which is the point-wise multiplication of the filter coefficients with all

the frame’s pixels.

Much literature is software-based, focusing mainly on performance and a minor
on hardware resources for high-resolution images. It begs the need for hardware
implementation of these operations targeting a complete object tracking system
for a standalone device. The authors of [21] also present a survey on hardware
implementations of object tracking systems. Thus this work is focused on the FPGA-
based realization of the main blocks of the DSST algorithm. The author of this
thesis proposes suitable implementation strategies for the core operators in [22].
It is further discussed in Chapter 2. The background of the work is provided in
section 2.1. Next, the proposed architecture is presented in 2.2. Then, the results are

discussed in 2.3. Finally, the conclusions are given in section 2.4.

1.2 Wiener filter in video encoding

In recent years, the demand for an open media codec has increased with the increase
in internet video content. It stems from the idea that the internet is based on essential
technologies like operating systems and web browsers, which are open and available

to be implemented freely. Thus it urged numerous companies to obtain some



6 Introduction

substitutes for codecs with complex and costly royalties. The target was to build a
new genesis of video coding to share the videos faster, easier, and cheaply. In this
spectacle, Mozilla, Netflix, Google, Cisco, and some hardware vendors like AMD
and Intel, co-founded AOMedia in 2015. Three years later, in 2018, released the first
draft of Alliance for Open Media Video 1 (AV1) [23, 24], which is a video codec
mainly reliant on VP9 [25]. Still, it needed further modification, including several

prominent advancements, mainly the complete affinity with Patent Policy [26].

The impulsive increase in the video system’s quality has incremented the amount
of information to be stored and transmitted. In 2021 a report from Cisco Systems
showed that the monthly Internet video traffic was around 187 Exabytes [3]. It
can be augmented with the help of better video compression techniques. Video
encoding helps compress the videos and reduces the storage and processing of
information. Thus for real-time Internet video streaming, video compression is
vital. The work here involves starting from the assay of the whole AV1 codec and
then focusing on a specific module depending on the “profiling” results of the AV1
Software model [27] to figure out the usage percentage of each module. The focus
is turned on the module that requires more study based on usage percentage. The
assay pointed towards Wiener filter [8]. It is an in-loop reconstruction filter used
in video encoding. The significance of the Wiener filter in image processing is
displayed in [28, 29]. It also has many applications in the video processing domain
[30, 31]. The other applications of the Wiener filter involve noise reduction, speech
processing, deblurring, etc. [32-35]. The Wiener filter decreases the amount of noise
and helps in the removal of blurring [36, 37]. It also assists in de-convolution, noise
reduction, and signal detection [38]. Finally, it recreates a degraded video frame
via a non-causal filter. The author of this thesis provides an implementation of the
Wiener filter in [39]. It is further discussed in Chapter 3. The background of the
work is provided in section 3.1. Next, the proposed architecture is presented in 3.2.
Then, the results are discussed in 3.3. Finally, the conclusions are given in section
3.4.
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1.3 RISC-V survey and implementation for video pro-

cessing

Digital processors have been around for a long time now. They enrich almost every
single field of our lives. With time, processors have evolved based on our needs and
become more reliable. Until a decade ago, they were all controlled by a few primary
silicon design and manufacturing companies. The Instruction Set Architecture
(ISA) was not open source, and licensing was required. The previous ISAs were
incremental, meaning each new implementation, all the previous extensions need to
be implemented. With the introduction of the RISC-V ISA, the game changed. Apart
from being a modular ISA, it is also an open-source ISA. The base architecture is
frozen and will never change. On top of that, any other extension can be implemented
without implementing all previous ones. These features enhanced research on the
universities’ processors as they can use RISC-V without paying any license and can
modify it. Hence since then, there have been many RISC-V designs available in
literature like Pulp [40], Ariane [41], Berkeley Out-of-Order Machine (BOOM) [42],
etc. The RISC-V ISA is extendable and can be customized. Thus, it can be adapted

to cater to their needs in many applications.

Generally, the processor has a simple working principle. The blocks can be
categorized into three major parts, the Front End (FE), the Back End (BE), and the
memory. The program which is executed is stored as instructions in memory. The
FE communicates with the memory to get these instructions and dispatch them to
the BE. The BE deals with decoding and assigning the instruction to the proper unit
for execution. If it is just a computational instruction, it is assigned to Arithmetic
Logical Unit (ALU). The address is calculated and communicated to the memory to
load or store data if it is a memory instruction. The data internally in BE are stored
in register files and pipeline registers. The performance of the processor depends
on the target application. A good and fast computer for one application may mean
something different for another. The performance-defining parameters are operating
frequency, power consumption, energy dissipation, latency, area, throughput, and
reliability.

The simple 5-stage pipelined processors can show good latency with reasonable
area and performance. But regarding instructions executed, they predominantly suffer

from the data and structural hazards. The hazard resolution involves replicating the
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functional unit required or stalling the instruction execution until the unit becomes
accessible. Thus, the latency is partially or entirely masked using the forwarding tech-
nique, but the hazards are not completely eradicated. The simple 5-stage pipelined
processors execute the instructions in-order, meaning they execute them in program
order. In contrast, some Out-of-Order (OoO) processors execute the instructions
000 and commit them to avoid data corruption. There are two primary techniques to
perform OoO execution, namely, Scoreboarding [43] and Tomasulo technique [44].
The former technique deals with keeping a scoreboard of the instructions that are
being dispatched with the help of three major structures. The first one is the register
status, which saves the information of the register number where the computation
unit will produce the result. The current status of the executing instruction to track
the instruction execution. Also, the status of the execution unit is to know when
the unit will be available for accepting new instructions. So for each instruction
execution, all three structures need to be updated. Also, we need to reorder the
instruction before committing to hazard resolution. Thus it becomes too complex to
manage the effective execution of instructions. In contrast, the Tomasulo approach
comprises a reservation station unit for each execution block. It also consists of a
typical data bus where the result produced is placed and broadcasted to all units. For
each register, there is a unit called register status to show the availability of results.
Finally, a Re-Order Buffer (ROB) at the end to commit the instructions in-order and
help resolve the hazards. Thus, it is much simpler than the former approach and

inherently resolves the hazards.

The other major part which all processors require is memory. The memory
hierarchy allows fast answers to FE with low latency. Typically, the memory system
has 1 or 2 levels of cache, and the main memory is arranged in Von-Neumann [45]
or Harvard [46] architectures. The first uses a single memory for instructions and
data, while the second uses two separate memories for instructions and data. Caches
[47] are small and faster memories near the processor to have fast access as they

exploit the space and temporal localities to feed a constant data stream.

The RISC-V processors present in the literature use the techniques mentioned
in the above discussion and are built on both ASIC and FPGA technologies. The
implementations are not only of the RISC-V ISA itself but are for many customized
ISA based on applications. In the literature, there are also surveys on RISC-V
ISA, which mainly focus on the available open-source cores and contrast them. For

instance, one study covers seven open-source cores and implements them on the
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same platforms for a fair comparison [48]. Another study shows the procedure of
selecting a core for low-cost Internet-of-Things (IoT) applications [49]. However,
the literature needs more study on other types of RISC-V cores, especially for a
particular application. Thus, this work attempts to review what is available in the
state-of-the-art. Mainly it attempts to be as encompassing as possible for what
is available in the literature, covering articles about surveys on RISC-V, and core
implementations. The cores are then analyzed for video processing tasks. In this
context, the parameters concerning video processing are highlighted first. Then the
cores displaying suitable performance for these parameters are detailed. Afterwards,
they are divided into categories and a comparison is performed among them. This

study will aid in the selection of cores for video processing applications.

This work also analyzes an implementation of an OoO RISC-V processor called
LENS [9-11], a Tomasulo-based architecture with support for virtual memory. Apart
from this, it also can be extended to support dedicated hardware accelerators. This
work also performs the additional modification to LENS. It basically adds the
features missing in the core pointed out by the authors in [10]. The rest of the
discussion on this topic is in Chapter 4. First, section 4.1 provides the literature
overview and details the solutions available in the literature. Then, section 4.2
details the comparison between them. Next, in section 4.3 the selected core LENS is
analyzed and additions are provided. Finally, the conclusions are given in section
4.4.



Chapter 2

Implementation of Real-Time
Discriminative Scale Space Tracking
Algorithm

2.1 Introduction to the FDSST algorithm

Part of this work is published in the article by the author of this thesis in [22]. This
section discusses the particulars of the object tracking algorithm FDSST [7]. In
addition, the involved mathematical operations are also introduced. The section
also reviews the implementations available in the literature for the mathematical
operations involved in FDSST, highlighting the parallelism in the algorithms for the
involved operations. The flow of the FDSST algorithm is shown in figure 2.1 while
the computational steps are presented in the algorithm 1. At the start, the input image
(first frame) is taken as input, along with the target’s initial location and the target’s
initial scale. First, an image patch f is obtained from the input, centered around
the target location /. This extraction is performed with the help of a HOG feature
extractor with 4 x 4 cells. The extractor size is set to the initial target size. The HOG
extractor outputs image features that are used for learning the translated location of
the target utilizing a Discriminative Correlation Filter (DCF). Since the extracted f
is arbitrary in domain dimension, the same filter can be used to translate the scale.

Let’s consider H' denote a filter whose correlation error between the desired output
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and the extracted image patch is minimum. The derivation of the filter equation (2.1)

is detailed in [7]. The overall filter equations are provided as,

Algorithm 1 FDSST algorithm [7, 22]

Inputs: Image [, Prior target position p;_ and scale s;_1,
Translation model A; 1 trans, Bi—1 trans-
Scale model At—l,scalea Bt—l,scale
Outputs: Estimated target position p; and scale s;,
Updated translation model A; tans, Bt trans.
Updated scale model A; cqie» By scale
1: for all frames t do
2:  ifr # 1 then
3: Translation estimation:
4: Extract z; rans < Ir at {p;—1,5:—1} using HOG extractor
5 Zt trans < Zttrans Using DFT2 and compute correlation Scores y; trqns using
equation (2.2)
Set p; = max{yr7trans}
Scale estimation:
Extract z; scate < I; at {p:,s,—1} using HOG extractor
Zt scale < Zt,scale USINg DFT2 and compute correlation scores y; g4/, USing
equation (2.2)
10: Set s; = max{yr scale }
11:  endif
12: Model update:
13 Extract f; srans < It at p;—1 , fi scale < Pr at 5,1 using HOG extractor
14:  Using SVD compute P, ;yans, calculate DFT2 of u; trq4ns and f; 1rans then update
the translation model A; ;ans, Bt trans Using equations (2.3) and (2.4)
15:  Using QR compute F; g4, calculate DFT of u; 40 and f; scaro then update
scale model A; scqie» Bt scale USING equations (2.3) and (2.4)
16: end for

0 23

GF'!
H=— = I=1,....d 2.1
Ye_ FEFE A
d 3l 51
‘LAY o/
yt:M7 Ve (2.2)

B_j+2

Al=GoU!, I=1,....d (2.3)
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Table 2.1 Description of the symbols in the DSST algorithm [7, 22]

Symbol Description

Complex conjugate of the quantity
Quantity with compressed dimensions

A Regularization parameter

n Learning rate

o Element-wise multiplication

F Input image extracted features

/ Feature channel dimension

d Feature length dimension

G Gaussian function for the correlation filter output
Y; Correlation scores

Al Numerator of the correlation filter

B; Denominator of the correlation filter

z! Image features extracted from new location
P Projection matrix using PCA

U! Iterative compression of features f

d
Bi=(1-mB_1+nY FroFf, Vi (2.4)
k=1

The Fourier transform of the involved quantities is denoted by capital letters. The
rest of the quantities are described in Table 2.1. Equation (2.2) is the last version of
the equation that defines the correlation filter. Since this method is iterative, the filter
is updated for every new frame. The equation (2.3) updates Af, the numerator of the
filter while equation (2.4) updates B;, the denominator of the filter. As suggested
by the authors in [7], standard Principal Component Analysis (PCA) is performed
to compress the dimensions. The compressed dimensions help reduce the Discrete
Fourier Transform (DFT) sizes, thus realizing the fast DSST. The mathematical
aspect of PCA can be achieved by attaining a template as,

w=1-nu+nf;

Using a low-dimension subspace of the features P and performing the windowing
with the quantities will produce the filde terms. The eigenvalue decomposition is
used on the auto-correlation matrix of u; to obtain the compressed dimensions. This

eigenvalue decomposition, as shown in algorithm 1, is accomplished with QR and
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SVD. This step completes the learning or training of the filter. Object detection or
the filter usage component is completed by calculating the correlation scores using
equation (2.2). The HOG extractor extracts the updated sample z; using the estimated
2D target location. The translation estimation is completed by performing the inverse
transform of Y; as,

yi=F 71{Yt}

and selecting the one with the maximum correlation score. For the scale estimation
part, repeat the above-performed steps for a 1-dimensional scale filter. This estima-
tion is performed with the new target location from 2D estimation. Thus, seeking
the scale of the target in an estimated 3D location saves computations. The scaling,
translation, filter estimation, and update process in the algorithm are described in
(2.1), (2.2), (2.3), and (2.4). As mentioned in section 1.1, the primary mathematical
operations of the DSST algorithm are DFT2, QR, SVD, and HOGs. These operations
are discussed next.

2.1.1 Discrete Fourier Transform

The DFT transforms an array of uniformly spaced samples of a function into an exact
length array of uniformly spaced samples of the discrete-time Fourier transform,
a complex function of frequency. The length of the DFT is the reciprocal of the
duration of the input array. The well-known equations defining the synthesis and

analysis of DFT are given;

Xp=) xe N (2.5)

27

Xk=—= ) XyeVN
N n=0

2
respectively. Where W]’\}k = ¢~ '¥ ¥ is the twiddle factor and X, and x,, are complex
numbers. The twiddle factor can also be expressed as;
27n 27n

Wik = cos(==") — j.sin( =
cos(N) ]sm(N)
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by adopting Euler’s identity.

N—1
2 2
X = ;::Oxn cos(%) —J. sin(%) (2.6)

The direct implementation of an N-point DFT unit has operational complexity of
the order O(N?). An improvement on this is a hardware-friendly method called Fast
Fourier Transform (FFT) that scales down the DFT operations to O(Nlog,N), using
the famous Decimation in Time (DIT) and Decimation in Frequency (DIF) techniques
[50]. In literature, there are many implementations of the FFT, including parallel
[51] and serial approaches [52]. However, the FFT approach requires the condition
N = 2", which is not fixed in this case; thus, instead of FFT, DFT is implemented
in this work. Coordinate Rotation Digital Computer (CORDIC) algorithm-based
hardware implementation for DFT is provided in [53] where the authors use CORDIC
for the twiddle factor calculation. At the same time, the approach in this thesis uses
pre-calculated twiddle factors, thus improving performance.

The DFT?2 is the 2-dimensional DFT performed on a matrix that is computed
using 1-D DFTs. First, apply DFT along the matrix rows and transpose the results.
Next, apply DFT along the matrix columns and again transpose the results, which
produces the output. The central part of the literature uses 2D FFT to compute DFT2,
while this work uses a modified row-column decomposition approach shown by the
authors in [54].

2.1.2 QR factorization

QR factorization has many applications in digital signal processing, such as Multiple-
Input—Multiple-Output (MIMO) communication, beamforming, echo cancellation,
channel equalization, and noise cancellation. The main computational requirement of
these applications primarily is QR factorization [55]. QR factorization decomposes
a matrix A with row and column dimensions of m X n into a product of two matrices,
the first orthogonal matrix Q of dimensions m x m and the second upper triangular
matrix R of dimensions m x n [55]. Mathematically, it is given by,

A=OR
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An example of matrices A, Q and R are,

ajy app a3 dy
ay| axp ax3 axy
A= a3 a3z a3 asy
as] G4 a43 A4
asy asy das3 as4

qii 4912 413 414 415
Q1 922 423 4924 425
0= |q31 932 933 q34 ¢35
441 442 443 444 q45
1951 952 453 {454 455 ]

riy ri2 3 rig
0 rp r3 s
R=10 0 ry3 ryu
0O 0 0 ruy
O 0 0 O

In the literature, there are three primary methods for the calculation of QR factor-
ization, namely, Gram-Schmidt approach [56], Householder transformation [57], an
approach based on Givens rotation [55, 58]. The Givens method is by far the most
used one and is also the one used in this thesis work. It starts by applying the Givens
rotations to the lower triangle elements of A and turning them to zero. Continue this
rotation until all of the lower elements of A have turned to zero; the result is matrix
R. Consequently, applying the same transformation to an identity matrix / in parallel

gives the matrix QT. The Givens rotation matrix is of the form,
c s
—s cl|’

a
Va?+b?
_b
va?+ b?

G=

where the elements c and s are given by,

S =
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a represents the first element of the row-pair, and b represents the second element,
which has to be turned to zero below a. In the matrix A for the rows 5 and 6, a =
aq1 and b = as;. A systolic array-based implementation is proposed in [55]. The
solution presented in this thesis is similar, but the focus is on resource optimization
rather than performance. The thesis also employs a row-parallel approach, improving
performance by offering more parallelism.

2.1.3 Singular Value Decomposition

SVD has many applications in digital signal processing, image processing, speech
synthesis, pattern recognition, and biomedical engineering [59]. SVD is the eigen-
value decomposition of a matrix A with rows and columns dimensions m X n into
three matrices U, S, and V. The left eigenvectors matrix U has dimensions m X m,
the right eigenvectors V has dimensions n X n, and the diagonal matrix S contains

real eigenvalues has dimension m x n. Mathematically, it is given by,
A=UsV"

An example of matrices A, U, S and V are,

aij; ap aiz dau
a; axp ax a4
A= |a31 a3 azx axy

aq) a4y a43 a44

ds| dsy ds3 as4
Uiy Ul U3 U4 Ugs
Up| Upx U3 UD4  UDS
U= |uz1 uzx wuzz uz4 uss
Uyl U4 U3 U4 U4S
Us| Usy Us3 Us4 USs
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[s1 0 0 0]
0 522 0 0
S=|0 0 s33 0
0 0 0 su4
0 0 0 0

Vit V12 V13 Vi4
Var V22 V23 V24
V3l V32 V33 V34

| V4l V42 V43 Va4

In the literature, there are many methods for calculating SVD, namely, the one-
sided Hestenes—Jacobi method, the QR algorithm, and an approach based on the
two-sided Jacobi method. Among them, the two-sided Jacobi approach for parallel
implementations, which is crucial for a hardware solution, provides better numerical
accuracy [59]. Thus, SVD in hardware is predominately implemented with the
two-sided Jacobi method [60]. It divides the whole matrix into small 2 x 2 matrices.
Then applying the Jacobi rotations to the 2 x 2 sub-blocks of matrix A from left and
right turn them to zero. Continue this rotation until all of the non-diagonal elements
of A have turned to zero; the result is matrix S. Consequently, applying the same
transformation to two identity matrices / in parallel gives the matrices U and V. The

Jacobi rotation matrix is of the form,

cl —s1
Uz x2 =
sl ¢l
c2 s2
Vax2 =
—s2 2
air an
azyx2 =
_a21 a22_

Thus, by using two-sided rotation,

cl —sl| |ann an c2 52 _ s 0
sl ¢l ar; axp| |—s2 c2 1o so |’
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where the elements c and s are given by,
¢ =cos(0)

s =sin(0)

Finally, theta is given by,

1 app +apy

0, = —arctan ———
azx —aii

1 app —apy

6, = —arctan ————
2 axn +apy

The final matrix obtained is s>7. In literature, fixed point-based implementations of
the SVD are provided in [60, 61]. This thesis work uses a similar approach, focusing
on time optimization. This unit has smaller dimensions in the FDSST algorithm, so

it is operated in parallel at the cost of more area.

2.1.4 Histogram of Gradients

The HOG is a feature descriptor used in the recognition of targets. It is obtained
with assistance from image gradients and extracts features contained in image pixels.
It is a very computationally intensive task, and many approaches are available
for its implementation in literature [62—64]. First, the authors of [62] provide a
comparative analysis of HOG implementations. Next, an implementation in [63]
with low resource consumption is presented but has a lower operating frequency.
Finally, the authors in [64] present a solution with a low area cost and a high frame
rate of 60 frames per second (fps). The improvements are achieved using integer

multiplication and inequality comparisons to replace critical angle computation.

Starting from the initial target location, an image patch around the target is used
to extract features. The patch is divided into coarser cells, and a histogram of oriented
gradients is computed for the pixels within the cells. This is accomplished by first
calculating the difference in pixel values from the neighboring ones in horizontal
and vertical directions. Then, an image gradient’s direction and magnitude are
computed. The magnitude is distributed among the nine available bins based on
orientation ranging from 0° to 180° or 0° to 360°. The detection window consists
of 8 x 8 pixels of non-overlapping cells thus, the summation is performed using
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the aggregate module of 64 pixels for each bin, and the histogram is obtained.
Finally, normalization is performed that allows invariance to changes in illumination.
These gradients help describe object appearance and shape within the frame via the

distribution of gradient intensities. The detailed algorithm is presented in [64].

2.2 Proposed architectures

This section details the implemented architectures of the mathematical operations in
FDSST described in the previous section. The flow of the FDSST process is shown
in figure 2.1. It consists of four main steps. First, the 2-dimension (2-D) location
of the target is searched in the translation search step. Next, the 1-dimension (1-D)
scale search is performed on the updated target 2D location. Then, the translation
filter is updated based on this frame’s data. Finally, the scale filter is updated for the

new frame. These steps are repeated for all the frames.

In the translation search stage, feature extraction is performed via the HOG
extractor that takes the window around the target and outputs a 3-dimensional matrix.
The extracted features are passed via a windowing phase and fed to the DFT unit.
Next, the DFT?2 of the 3D matrix is performed, which makes this step computationally
expensive, and the output of the DFT block is passed again via a windowing phase.
Then, the inverse DFT of the matrix is performed, and the maximum correlation
output is selected as the new location. Finally, this new location is fed to the scale

search.

In the scale search stage, similar to the translation search, the feature extraction
is performed via the HOG extractor but for one dimension. First, the extracted
features are passed via a windowing phase and fed to the DFT unit. Next, the DFT
of the scale array is performed, and the output of the DFT block is passed again
via a windowing phase. Then, the inverse DFT of the matrix is performed, and the
maximum correlation output is selected as the new scale. Thus, the new location
and scale of the target are tracked. The procedure is stopped if it is the last frame;
otherwise, the data is fed to filters.

The feature extraction is performed via the HOG extractor in the translation filter
update stage. First, the extracted features are sent to the SVD calculation unit, which

is a computationally expensive operation. Next, the output of the SVD is passed via



2.2 Proposed architectures 21

a windowing phase and fed to the DFT unit. Next, the DFT2 of the 3D matrix is
performed, which, again, as mentioned above, is a computationally expensive task.
Finally, the output of the DFT block is passed again via a windowing phase. This

data is used to update the interpolation and is fed to the scale filter update search.

In the scale filter update stage, similar to the translation update, feature extraction
is performed via the HOG extractor, and the extracted features are sent to the QR
calculation unit. The number of rows of the input matrix is the product of the target
dimension, thus making it computationally expensive. The output of the QR is
passed via a windowing phase and fed to the DFT unit. The output of the DFT
block is passed again via a windowing phase. This data is used to update the scale

interpolation. This step completes the search in one frame.

The computationally expensive blocks in the translation search, i.e., the 2D
position of the target and translation filter update steps, involve HOG extraction and
DFT2 of 3D matrices with HOG also being expensive and used in all four phases.
The scale search and scale filter update involve HOG extraction and DFT of a 2D
matrix. The other expensive blocks are SVD and QR, involved in translation filter
update and scale filter update steps, respectively. The DFT unit is the most critical

block in terms of performance because of operation on the 3D 320 x 320 matrix.

Vivado High-Level Synthesis (HLS) is used as the base tool for synthesizing
and simulation. It is a software tool from Xilinx named Vivado Design Suite and
is developed for analyzing and synthesizing hardware designs alongside Xilinx
Integrated Software Environment (ISE), with extra features for performing SOC
development and, most importantly, high-level synthesis. Thus, the code written
in C will be converted to an HDL design. The pragma feature in the HLS permits
unrolling, pipeline, or partitioning loops and pieces of code for optimization. It is a

handy tool since it controls hardware while using higher-level language.

2.2.1 Discrete Fourier Transform

In this subsection, the proposed architecture for the DFT unit for RT-DSST is
presented. The vector DFT unit is an essential building block for the matrix DFT,
i.e., DFT2 computation, which is used for 3D matrices as well. The architectures for

both are discussed in detail as follows.
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DFT

The proposed architecture of the basic unit of vector DFT computational unit is
shown in figure 2.2. The basic unit separates the real and imaginary parts as input

Basic DFT Accumulator
X real [i]
Cos [i] :(g)\‘/\ ) 4 ,/— Y real[j]
S' . ;f\; » FF »
ine[i] \\J Demux
}@N - - Y real [j+ 1]
X imag|i] reset atli = max
J
X real [i]
v — Y _imag [ ]
Sine [i] :(g)\ﬁ/‘\ /) ;|/
. U/ ;\\J > FF Demux
o :®/ + Y imag [j+ 1]
X imag[i] reset atli = max
J

Fig. 2.2 RTL diagram of DFT basic block.

alongside the twiddle factor terms in the form of cos and sine coefficients. Start
from the first cycle i the inner loop counter for the DFT, the first current samples
X _real [i], X_imag[i] and the initial coefficients cos[i] and sine [i] are received. Two
adders/subtractors with four multipliers are needed to accomplish the basic DFT
block’s complex multiplication. The accumulator follows this block, which has the
other initial input as O since the register is at the reset. This step produces the real

part of the results for complex multiplication, i.e.,

X _real [i] .(cos|i]) — X _imag [i] .(sinei])
Similarly, the second accumulator provides,

X _realli] .(sine[i]) + X _imag [i] .(cos|i])

Afterward, in the following clock cycles, the basic DFT block has the inputs
X_real [i+ 1], X_imag[i+ 1] along with twiddle factors cos[i+ 1] and sine[i+ 1].

Again, it computes the complex multiplication and passes it to the accumulator,
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which produces
X_real[i+1].(cos[i+1]) — X_imag [i+ 1] .(sine[i + 1])

X_real [i+ 1] .(sine[i+1]) + X _imag [i+ 1] .(cos[i+1])

Finally, for the last input, when the i reaches N, the basic DFT block has inputs
X_real [N], X_imag [N] along with twiddle factors cos[N| and sine[N]. Again, it
computes the complex multiplication and passes it to the accumulator, which pro-
duces

X _real [N].(cos[N]) — X _imag [N] .(sine [N])

X_real [N] .(sine[N]) + X _imag [N].(cos [N])

Currently, j, the output loop counter for the DFT, which is O till now, assigns
the first output Y_real [j], Y_imag|j] using the demultiplexers. In the end, j is
incremented, and the accumulator register is reset to 0. Again after another set on
inner loop counter i goes through 0 to N, then the demuliplexers assign Y _real [j + 1],
Y_imag|[j+ 1]. This process is repeated till N outputs are produced, with the last
one being Y_real [N], Y _imag [N]. This approach is serial as it takes about N cycles
to provide one output and meanwhile consumes one input per cycle.

Now, for fast DFT, the architecture needs to be parallelized. The higher dimen-
sions are supported via fast parallel architecture built from the basic DFT discussed
above. This parallelization is shown in figure 2.3. Modifying the equation (2.6) for
supporting eight elements in parallel gives;

NE! 27n 27n
Xk = Z Xn |:COS(T) —]SIH(T):| —|—Xn+1
n=0

[COS(%) — J.sin(

e

2n(n

TJrl))] +Xn12

26042

2.7

21(n+2)) ;i sin(

2n(n+17)
N

ot

)_j.sin(w)]

X7 {cos(

where x,, is complex. For each one of the complex multiplication, i.e.,

2z 2
Cy = xp. [cos(Tn) —j.sin(Tn)]
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Fig. 2.3 RTL diagram of DFT 1D unit.

is obtained from the basic DFT unit. The outputs of basic DFT are added by the
L1 adders in the pairs of {Cy,Cor1},{Cr12,Crr3}s {CitasCars}, {Cui6,Cai} -
Consider that M,, = C,, + C,,4> be the output of L1 adders, then L2 adders add the
pairs {{M,,M,12} ,{My+1,M,+3}}. Consider that P, = M,, + M,;, be the output
of L2 adders, then L3 adders add the pairs {{P,, P12}, {Pu+1,Pu+3}}. This step
produces the 8-point DFT. The accumulator keeps summing the DFTs until N inputs
are processed. Similarly to the serial approach, demultiplexers assign the output after
the last input is processed, j is incremented, and accumulators are reset. Hence, with
a tree of adders between the basic unit and the accumulator, the 8-parallel DFT is
computed. The DFT coefficients are calculated beforehand and stored in the memory
to avoid complex computations at runtime. The HLS compiler mostly handles the
intermediate computation results. But in some cases, the intermediate values Block
RAMs (BRAM)s are instantiated and partitioned so the elements can be processed
in parallel. This unit’s input and output arrays are partitioned into 8 BRAMS for
eight elements to be accessed in parallel. The DFT has a O(N?) delay. The proposed
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architecture improves it, too,

N2 N2
delay = 0(?) + pipelinestages ~ 0(?)

The maximum values of N = 320 are used for the implemented architecture. If
N < 320, a comparator limits the traverses from the DFT block. For further enhancing
performance, task-level parallelism is used. It is achieved with the help of Vivado
HLS dataflow pragma.

DFT2

The row-column decomposition-based proposed architecture for the DFT2 is shown
in figure 2.4. The real and imaginary parts are kept apart, so the throughput can be
enhanced by running the operations in parallel. First, it inputs the 2D matrix, and
for the first round, mux selects the rows for sending to the DFT calculation blocks,
while the coefficients are pre-computed and saved in BRAM blocks. An 8-parallel
unit is used for the DFT computation here, and the output is sent to the transpose
unit and next to the memory. Finally, the mux selects the columns for the DFT
computations for the next round. Thus, it performs the column-wise DFT. The delay

of the transpose unit is proportional to N. It is given by,

and the total delay is,
2M X (Tprr + Trrans) = 2M X (Tprr)

where M is the number of rows of the matrix. Since DFT?2 lies on the critical path,

to reduce the delay, using twice the hardware, the maximum delay is halved, that is

2M x (TDFT) ~M X (TDFT)
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Transpose unit
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Fig. 2.4 RTL diagram of DFT?2 unit.

The DFT?2 was synthesized for a maximum size of 320 x 320. The same input matrix
was used to store the results, thus saving the BRAM resource. DFT2 acts as the basic
block for the DFT2 (3D). If P is the value of the third dimension, i.e., the number of
2D matrices, the maximum delay of this unit is given by,

P x (Tprr2) = P xM x (TpfFr)

The maximum value in FDSST of P is 18. For the inverse DFT, the same DFT2
block is utilized with a divisor in the accumulator before the delay element to divide
it by N.

2.2.2 QR factorization

In this subsection, the proposed architecture for the QR unit for RT-DSST is presented.
The Givens rotation method [55] is used for the QR unit implementation. The Vivado
HLS QR factorization library [55] is utilized as a reference unit and modified for
RT-DSST architecture. The implementation in this work is for real numbers and
is shown in Fig. 2.5. Algorithm 2 features the primary computational steps of QR
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factorization. It consists of two major blocks: Givens matrix generation and rotation
units. The Givens matrix generation consumes, as input, two elements from the two
rows of matrix A and produces the Givens matrix as output. The input 2D matrix A

and the Givens matrix G are given by;

air a2 a3z ai4

azl azy a3 adi4 C S
A= | and G = , (2.8)
aszy  azpy asz ds4 —S C

asl a4 a43  aq4
~—

where ¢ and s are

Magnitude M is calculated as;

M=+Va?>+b>=xx+/1+yxy, (2.9)

where x and y are

x =max(a,b)

__ min(a,b)

X

The Givens matrix generation and rotation blocks are displayed in figures 2.6 and
2.7, respectively. Consider that if a = a3 and b = a4, using equation (2.9) matrix G
is computed. The implementation of equation (2.9) is shown in figure 2.8, which is
the magnitude calculator. It starts by considering the maximum using a comparator
and two multiplexers, and the y is obtained via division. Finally, M is calculated
using a combination of an adder, multiplier, and square root unit. To obtain matrix
G, the terms ¢ and s are determined. As the magnitude is in the denominator, the
division by zero check is performed using a comparator and a multiplexer. For matrix
R, turn the lower triangular elements of matrix A to zero by applying the rotation.

Hence, the Givens rotation is applied in the following manner,

G-[a31 a41r: [aﬂ* o]T (2.10)
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The Givens rotation block is in figure 2.7. It consists of a simple 2 x 2 matrix to

vector multipliers. If the second element b is already zero, Givens rotation is a = M
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Fig. 2.7 Givens Rotation Unit.

and b = 0, and the multiplexers are used for assignments. A comparator accompanies

Givens rotation unit to avoid assigning wrong values to zeroed positioned elements

shown in figure 2.8. In such a case, the first element is equal to the magnitude. For

the complete matrix, R now select a = ap| and b =a3;* and repeat until all the lower

triangular elements are turned to zero as,

aip apz a3 ayg ari
~ =~
az; azxp a3 a4 G azl
— — /
az]p dzy azz asg asy
~—~
asr A4 a43  A44 0
~—
~ = -a’
aip apx aiz a4 11
/ / / /
G dyy Ay dyz dy| ¢ 0
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0 a3y az ay
/ ! ! 0
0 ay ay3 ay i

ain
ann
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Fig. 2.8 RTL diagram of magnitude calculator for QR.
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Algorithm 2 QR computation algorithm.

Inputs: Matrix: A, «,, [dentity matrix 1, x,
Outputs: Orthogonal matrix: Q,,«, , Lower triangular matrix: R,,;x,
Givens rotation Generation:

1: forall r,c € A do

2:  ifr>cand Alr|[c] # 0 then

3: for all non overlapping [ra, rb| pairs do

4: Compute magnitude M using equation (2.9)
5: Generate the matrix G using ¢ = A%[, s = A%
6: end for

7. end if

8: end for

Givens rotation Application:
9: forall r,c € A do
10:  ifr > c and Alr][c] # O then
11: for all non overlapping [ra, rb| pairs do

12: for all ¢ € [ca,cimax] do

13: Triangular matrix R computation:

14: Obtain matrix R by applying equation (2.10) to [ra, rb] pairs
15: Orthogonal matrix Q computation:

16: Generate matrix Q by applying equation (2.10) to /

17: end for

18: end for

19:  endif

20: end for

dy dyp diz dyy
o |0 b a
0 0 ay

0 0 0 d
The matrix Q is obtained by performing the same generated rotations to an identity
matrix /. A small address generation unit is utilized for the row selection and the
row pairs are selected to be operated in parallel. The rotations are applied to all the

columns of the selected rows. Operating non-occupied rows in parallel speeds up the
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process. It is given as,

T~ ] [~ / ’ / i
ar ap a3 a4 app 4 ayz 4y
a a a a / / /
- Py Ny / / / /
azy asy aszz a4 azy A4z dzz diy
aj1 a4 a43 Aa44 ! / /
[~~~ i 0 an ap ay
™ 1 " 1" 7 ™ 1 " " 1"
ap dpp a3 dpy ap dpp a3 dyy
" 1 "

0 1/ /! /! O O " "
a3y dzz diy azz  dzy
noooon 0 0 d; d

i 0 0 dy3 Ay | i Ny 44_

iy dfy dfy ay

o |0 a & al

0 0 ay ay

0 0 0 dj
A single matrix is used for input A and output R to reduce the number of resources.
The critical path is the magnitude unit in the Givens generation block, which has a
division and square root operation. The generated Verilog code can be modified at
the RTL level to pipeline the architecture to reduce the critical path. The number
of parallel rotations impacts resources and performance. Resource optimization is
employed as QR is not along the critical path of the algorithm being in the scale filter
update stage. The generation and rotation blocks are parallelized by a factor of two

and pipelined with an Initiation Interval of 4 using the HLS pragma.

2.2.3 Singular Value Decomposition

In this subsection, the proposed architecture for the SVD unit for RT-DSST is pre-
sented. The two-sided Jacobi method [60] is used for the SVD unit implementation
and the Vivado HLS SVD library [55] is utilized as a reference unit and modified for
RT-DSST architecture. The implementation in this work is for real numbers and is
shown in figure 2.9 while the RTL diagram is displayed in figure 2.10. Algorithm
3 features the primary computational steps of SVD execution. SVD computation
consists of a Diagonal Processor (DP) and a non-diagonal processor. The DP takes
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Fig. 2.9 SVD using Jacobi rotations.

as input the 2D matrix A, divided into N /2 2 x 2 submatrices. Matrix A is the same
as equation 2.8 and Jacobi left and right matrices are given by;

cl —s1 c2 s2
u= and v = ,
sl ¢l —52 2

where ¢ = cos(8) and s= sin(60). For 8 we have 6; and 6, as shown in [60] and are

given as,
0, = 1arctan
1_2 d—a
1 b—c
0, = — arctan
272 d+a

to avoid calculation of arctan consider;

b+c
(d—a)

tan(20) = (2.11)

The angle unit implementation is displayed in figures 2.11, 2.12, and 2.13. A divisor
displayed in the figures generates tan(260). Then, with the help of trigonometric
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Fig. 2.10 RTL diagram of 2 x 2 SVD.

identities, cos and sin are derived. They are as under;

1
os(0) = a8
sin(6) = cos(0).tan(O) (2.12)
) - 020

The computation of half-angle and full-angle identities are shown in figure 2.11
and 2.12, respectively. Angle calculator is shown on the right of figure 2.13, which
compromises a tree of multiplexers to select the correct angle based on whether the
number is real, imaginary, or complex.

Figure 2.14 shows the Jacobi matrices generation. The numerator and denomi-

nator of the equation (2.11) are calculated via adder and subtractor and sent to the

angle calculation unit. The Jacobi matrices are generated using ¢ = cos(a F f3) and
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s = cos(o £ B) identities. The half-angle quantities calculated before are the o and

B and are implemented using a simple vector multiplier. The Jacobi rotations are

cl —sl| a;g ap|| 2 52 _ dy 0 (2.13)
sl ¢l a1 a

—52 2 0 a’22
1 —cosf sinf 1+ cosfd

given by;

@ Comparator
Q) Divider

Half angle
calculator

60

sin —
2

Fig. 2.11 RTL diagram of Half angle calculator.
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Hence, the Jacobi rotations are just matrix multiplications realized by vector multi-
pliers in figure 2.15.

After describing the building blocks, the discussion on the computation of U, S,
and V matrices is next. As depicted in figure 2.10 SVD consists of DP and non-DP.
The symbols of the quantities used are defined as Ay denotes submatrix on the main
diagonal of A, while the terms with subscript DP mean newly updated submatrix
from DP unit, the terms with / indicate they are from the identity matrix. Finally,

DP, and col represent 2 x 2 submatrix in the current iteration and selected column

Imag Real

tan @

o ) Multiplier
an

@ Comparator
cos 6
) Divider

Full angle
calculator

sin 0

Fig. 2.12 RTL diagram of Full angle calculator.
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pairs, respectively. The procedure is repeated for a certain number of iterations
to obtain convergence. Literature suggests that most of the 6 to 10 iterations are
sufficient. In this work, for a dimension of 32, the iteration is limited to 6. The table

in [60] determines the iteration factor.

The main component diagonal processor accepts a 2 x 2 diagonal submatrix A
of matrix A. DP generates the Jacobi matrices and then applies the rotations. First,
Ay 1s rotated by DP,, then post-multiplied by DP,, and the non-diagonal elements
of Ay are turned to zero. DP now outputs the new matrices DF, DP, and DP, to the
non-DP unit. The Non-DP in figure 2.10 receives 2 identity matrices U, V and matrix

c=0 ¢=1 ¢=-0.707 ¢=0.707

s=1 s=0 s =0.707 s=0.707
| |

Full angle _ +§
- i

Half angle

ToY Y

<
c
X

S
o
|

|@ Halfangles

Fig. 2.13 RTL diagram of angle calculator.
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A alongside DP;, DP, and DP, from the DP. In non-DP, two subcases can occur;
the current 2 x 2 submatrix DP. is smaller than current column indices col, and DP,
is greater than col. In the first scenario, Ay is pre-rotated by Hermitian transposed
DP, and then post-rotated by DP,. In the second situation, Ay is pre-rotated by DP,
then post-processed by Hermitian transposed DP,. In case of the overlapping with
the submatrix DP;, DP; values from DP are used from matrix A. This process is
repeated until the matrix A is diagonalized. This diagonalized matrix is the matrix S
containing the eigenvalues. Matrix U (left eigenvectors) and V (right eigenvectors)
are obtained by applying the same DP, and DP, rotations to identity matrices I, and
I, respectively. It is given as,

d a b c c boa d
Jacobi Matrix K N@“ AR WS
Genereation @ v @ @
Angle Angle
@ Adder calculator calculator
cos o ¢cos B sin o ¢sin B
(subtractor | Yy ¥y YYYY YYVYY VYV
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Multiplier Multiplier Multiplier Multiplier
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sl¢

c2¢

32¢

Fig. 2.14 RTL diagram of 2 x 2 Jacobi matrix generation.
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A single matrix is used for input A and output U to reduce the number of
resources. The critical path is the DP block because of the angle calculator since
this block has a division and square root operation. The generated Verilog code
can be modified at the RTL level to pipeline the architecture to reduce the critical
path. The number of parallel rotations impacts resources and performance. At the
cost of resources, frequency and latency optimization is employed. The two Jacobi
generation and rotation blocks are used in parallel and pipelined with the initiation
interval of 8 using the HLS pragma.

In conclusion, initially, Jacobi’s left and right rotations are generated. Then, they
are applied to the original matrix A to obtain S. Left rotations on identity matrix /
produce matrix U while the right rotations produce matrix V’. But this approach
can only be applied to Symmetric matrices. If the matrix is not symmetric, a further
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Algorithm 3 SVD computation algorithm.

Inputs: Matrix: A, «,, [dentity matrices %, and I,,x,
Outputs: Diagonalized eigenvalues matrix: Sy, x»
Left eigenvectors matrices: Uy, xm
Right eigenvectors matrix: V,,x,
1: repeat

2. forallce A do
3 Diagonal Processor:
4: Jacobi matrices generation:
5 Compute half angles cos o, cosf and sina,sin using equations (2.11)
and (2.12)
6: Generate the matrix DP, and DP, by using c =cosa F 3 and s =sina +f3
identities
Jacobi two-sided rotation:
8: Matrix Syiagonar 18 computed by applying the Jacobi rotations on A using
equation (2.13)
9: Non Diagonal Processor:
10: for all 2 x 2 DP, € [0, <24™5] do
11: Jacobi rotations for matrix S:
12: if DP. < col then
13: Pre-rotate A by Hermitian DP, and post-rotate by DP,
14: end if
15: if DP. > col then
16: Pre-rotate A by DP, and post-rotate by Hermitian DP,
17: end if
18: Jacobi rotations for matrices U and V:
19: For matrix U rotate identity matrix I, by DP,
20: For matrix V rotate identity matrix I, by DP,
21: end for
22:  end for

23: until minimum number of iterations to converge

step is needed to symmetrize the matrix. The symmetrization can be done with the

help of Givens rotations.

2.2.4 Histogram of Gradients

The authors of [64] provide the architecture implementation of the HOG unit. It
receives a 2D grayscale image as input and computes the image pixel gradients py
and p, in x and y orientation with the help of two subtractors. Thus the gradient
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magnitude and direction are given by;

M=.\/pi+p;

tan(0) = Py
Px
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Fig. 2.16 HOG extractor [64].

Gaussian = [

of gradient magnitude to one of the nine available bins [63]. These bins are used
to create the histogram. The angle is computed using integer multiplications rather
than a division to save computational resources. It is achieved by performing both
angle calculation and bin assignments together. Thus, considering that the angle lies
between one of the nine available bins, that gradient is attributed to the corresponding

bin. As shown by authors of [64], the gradient assignment to bin one is performed if
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the following inequality holds.

0< Py < tan(20)
Dx

0< Dy < Px tan(ZO)

Thus, a simple multiplication of integer constants to satisfy the inequality is required.
It helps save resources as it avoids a calculation of tan(6), which involves divisions.
Next, the gradients are assigned to nine different slots based on the angles, which
are the contrast-insensitive slots. Further, they are averaged for smoothening among
all bins, and the L1-norm is used for normalization. Compared to the L.2-norm, the
L1-norm avoids squaring and saves hardware resources without sacrificing accuracy
too much. Two further steps are required to obtain Felzenszwalb’s Histogram of
Gradients (FHOG). First, in the bin assignment, the gradients are assigned to 18
bins based on orientation 0° to 360° which are contrast-sensitive bins. These 18 bins
from each block are averaged together, and the previously calculated nine bins are
averaged for each block. The nine normalized bin elements are also averaged for the
final four blocks. The 18 directional, nine non-directional, and four normalization
bins form the 31 third-dimensional features of FHOG. After this step, the output is

assigned. The implementation diagram is demonstrated in [64] and in figure 2.16.

2.3 Implementation results and discussion

The proposed RT-DSST datapath is specified using the Vivado HLS tool. The
prototyping for this is performed on ZedBoard with Xilinx Zynq xc7z020clg484-1
System-on-Chip. The results obtained based on the block-wise implementation are
discussed as follows.

2.3.1 Discrete Fourier Transform

For 1D DFT, the results are compared with the implementation in [53] for Spartan
3E FPGA. The 1D DFT has a maximum size of N = 320. Vivado HLS-based post-
synthesis results in terms of timing and resources utilized, referred to as HLS, are
shown in Tables 2.2, 2.3 and 2.4. The HLS-based timing results outperform [53]

by 92 % due to using pre-computed twiddle factors and an unrolled architecture.
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The two solutions provided here are based on serial and parallel approaches. The
consumption of resources of serial DFT has fewer Look Up Tables (LUTs) than [53]
but uses twice the Digital Signal Processors (DSPs) or DSP48E units indicated in
Table 2.3. This higher consumption of resources is due to the separate hardware for
imaginary and real parts. Thus, our resource utilization for the eight parallel DFTs is
also higher than [53]. The choice of higher resources is justifiable as optimization is
done for performance in the case of higher dimensions. The maximum operating
frequency value for the eight parallel DFTs 1s 112 MHz while [53] operates at
50 MHz. It can be further enhanced with pipelining in the Verilog code generated
at the RTL level. However, the frequency cannot be augmented in Vivado HLS
with the pipeline pragma. The pipeline pragma applied to the region of the code
to reduce the critical path also unrolls the architecture in the scope it is applied.
Consequently, the original architecture is modified and uses more resources. Thus,
to avoid this, only inner loops are pipelined. The authors in [51] present radix-8
parallel FFT. They only provide the LUT results for the implementation. The two
implementations on FPGAs SPARTAN 6Q and VERTEX 5Q utilizes 3 % and 8 %,
respectively. While the HLS-based implementations, series and parallel utilizes
0.7 % and 7 %, respectively. Thus utilizing fewer resources than the FFT solution as
well. The verification of results is performed as well. The simulation from Vivado

Table 2.2 Timing results for the FPGA-based DFT.

Latency [ cycles ] Time [ ps ]
DFT SIZE Spartan 3E ZedBoard Spartan 3E ZedBoard
53] HLS (53] HLS
Serial Parallel Serial Parallel
10 24179 260 247 484 2.2 2.4
12 28999 358 342 580 33 3.32
20 96509 910 883 1930 7.7 8.6

was compared against MATLAB-generated golden matrices. The relative percentage
error is calculated by,

E — Ruarias—Rurs) 10
RyATLAB ’

where E denotes the error. The golden matrices used were obtained by considering
the intermediate values from the DSST algorithm at the input of each block. They
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Table 2.3 Area results for the DFT implementation in FPGA.

LUT MULT DSP48E
DFT SIZE Spartan 3E ZedBoard Spartan 3E ZedBoard
(53] HLS (53] HLS
Serial Parallel Serial Parallel
10 616 395 3702 4 8 32
12 648 421 3710 4 8 32
20 776 460 3823 4 8 32

Table 2.4 Area and timing results of DFT and DFT?2.

DFT (ZedBoard) .y \oims] LUT DSP4SE
SIZE TYPE
320 DET 0.475 1722 32
320 x 320  DFT2 273 11352 32
DFT2
320 X 320 ) e 170 14934 64

were then applied to HLS-based units. Next, the outputs of both are compared. The
average error values obtained were 6.52 and 6.9 for real and imaginary matrices,
respectively. This is due to the usage of double precision in MATLAB. HLS results
are still approximate enough as double precision in hardware will consume four
times more resources. Also, it will affect latency, making it slower. The DFT2
implementation is for maximum dimensions of 320 x 320. The obtained results
for DFT and DFT?2 are reported in Table 2.4. It also has a maximum frequency of
112 MHz. The authors in [54] present multi-dimensional FFT IP on Xilinx VIRTEX-
5 FPGA. It utilizes 25 % of Slices and 53 % DSP48E, while the HLS-based solution
for DFT2 consumes 28 % of Slices and 29.1 % DSP48E. In terms of timing the
solution in [54] only consumes 11 ms while the HLS-based one takes 170 ms for a
dimension of 320 x 320, which is expected as the HLS-based is for DFT while the
one in [54] is for FFT only with the frequency slightly lower at 100 MHz.
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2.3.2 QR factorization

For the QR unit, the results are compared with the implementation in [55] for Virtex-6
XV6VLX240T speed-2 FPGA, which is for a 4 x 4 matrix. The QR has a maximum
size of 800 x 17. The authors of [55] use fully unrolled fixed-point iterations while
the approach is based on floating-point. The comparison is presented with the 32-bit
fixed-point version. Vivado HLS-based post-synthesis results regarding timing and
resources utilized, referred to as HLS, are shown in Tables 2.5. The HLS-based
timing results take four times more clock cycles compared to [55], while it performs
better in terms of the area. This solution uses 2.3 times fewer DSP48E resources
since this is not the critical block; thus, resource optimization was the target. The
operating frequency is almost similar to the non-pipelined version. The HL.S-based
approach is generic compared to [55] is a fixed size. The worst-case delay for
maximum input size, i.e., 800 x 17, 337 us for QR economy, and it consumes 26
DSP48Es resources with the maximum frequency of 116 MHz. The average error
is computed in the same procedure as in section 2.3.1, and its value is 0.034 for
matrix Q since only matrix Q is used for the DSST algorithm. HLS-based results
are reasonable enough since double precision MATLAB solution in hardware will
require four times more resources. The authors in [58] present 4 X 4 QR using
Givens rotations on TSMC 90 nm. It operates at 214 MHz with a latency of 4 cycles,
while the HLS-based solution operates at 115.9 MHz with a latency of 467 cycles
on an FPGA. The latency result is justified as the solution in [58] has a maximum
dimension of 4 x 4 and is optimized for it, while the HLS-based one is flexible and
the maximum dimension is 800 x 17. Also, as mentioned, this is implemented with

lower area utilization.

Table 2.5 Timing and area for FPGA based 4 x 4 QR.

Architecture Device Frequency Latency Resources
[MHz] [cycles] DSP48E FF LUT
Mult A [S5]  Virtex-6 117.1 116 48 10844 11337
Mult B [55]  Virtex-6 377.6 140 48 11520 11225

HLS ZedBoard 115.9 467 21 6054 8824
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2.3.3 Singular Value Decomposition

For the SVD unit, the results are compared with the implementations in [60] for
Xilinx xc6s 1x 100t-4 FPGA, for low values of SVD size, while for others, they are
compared with [61] for Spartan-3e XC3S500E speed grade-5 FPGA. The SVD has
the maximum size of 32 x 32. The authors of [55] use fixed-point iterations while
the approach is based on floating-point. Vivado HLS-based post-synthesis results
in terms of timing, referred to as HLS, are shown in Tables 2.6. The HLS-based
solution performs better than both in literature for all sizes except for 4 x 4 with [60].
The improvement in timing is by factors of 3.7 and 4.8 as compared to [61] and [60],
respectively. The cost is paid in terms of twice the area, as shown in Table 2.7. The
main reason is that the HLS angle calculation unit has division and the square root of
floating-point numbers, while [60, 61] has the CORDIC algorithm. The worst-case
delay for a maximum input of size 32 x 32 is 4 ms, while it consumes 30 DSP48Es
resources. The maximum frequency is 108 MHz. Similar to QR, the error calculation
is used from 2.3.1. The average error value is 7.156 for matrix U since only matrix
U is used for the DSST algorithm. HLS-based results are reasonable enough since
double precision MATLAB solution in hardware will require more resources. Also,
the latency will be higher. The authors in [65] present 4 x 4 SVD on Virtex-5 FPGA.
It operates at 233 MHz with 54072 slices, while the HLS-based solution operates
at 108 MHz with 10110 slices. The low-frequency result is justified as the solution
in [65] has a maximum dimension of 4 x 4, the data width of 12 and is optimized

for it, while the HLS-based one is flexible, and the maximum dimension is 32 x 32

Table 2.6 Timing results for SVD implementation in FPGA.

Time [ ps ]
SVD SIZE xc6s Ix 100t Spartan-3e ZedBoard
[61] [60] HLS
4 x4 - 12.1 35

10 x 10 3570 1001 207
20 x 20 4280 12100 1135
30 x 30 12550 - 3445
40 x 40 26860 - 7799

50 x 50 - 69500 14872
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and the data width of 32. Also, as mentioned, this is implemented with lower area
utilization.

Table 2.7 Area results for SVD implementation in FPGA.

Architecture [4 x 4] Device LUT BRAM DSP48E

Implementation [61] xc6s Ix 100t 5283 8 12
Implementation [60] Spartan-3e 1504 3 16
HLS ZedBoard 10110 14 30

2.3.4 Histogram of Gradients

For the HOG extractor, the results are provided from [64] for Xilinx Virtex-5
XC5VFX200T speed grade-5 FPGA. The HOG has a maximum size of 320 x 240.
The maximum operating frequency is 270 MHz. The speed is 60fps for an image
size of 1920 x 1080, while it only consumes 12 DSP blocks. The authors in [62]
present 640 x 480 HOG on Cyclone V. It operates at 50 MHz with 38 DSPs and
speed of 78fps. Thus, the one in [64] has better operating frequency and fewer DSPs,
hence more suitable for the task at hand.

Table 2.8 Area, fps, and power results of the proposed architecture for DSST algorithm.

Unit Resources FPS Power
BRAM DSP FF LUT [ mW ]
DFT 0 32 4419 6305 6153 258
DFT2 192 64 11922 18343 173 662
QR 33 26 6662 5837 2948 238
SVD 16 30 8294 10808 248 358
HOG! 7 12 3642 3924 60 244
Misc 0 8 591 1545 4392 156
Used 248 172 35530 46762 - 1916

(%) (88.6) (78.2) (33.4) (87.9) - -
Total 280 220 106400 53200 - -

!'The resources and FPS reported here are from the implementation in [64]. But the authors didn’t
provide power consumption, thus the power estimation reported is calculated using the implementation

provided in https://github.com/nikkatsa7/HOG_Zedboard.git
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2.3.5 Opverall resources and speed

The table 2.8 displays the maximum resources FDSST units utilize in terms of
DSP48E, BRAM, Flip Flops (FF), and LUTs. Alongside this, the maximum power
for each unit is displayed as well. Power is reported by using power reports of
post-place-and-route from VIVADO HLS. The values reported are for the maximum
dimensions of each unit in the FDSST. Each block’s speed/ FPS is computed sepa-
rately, and the average FPS is obtained for each block using a range of sizes as input.
The FPS is calculated as follows;

p— Enax
FPS = Cycles’

where cycles denote the number of clock cycles required to process one whole frame.
The means FPS is reported in Table 2.8. The architecture is divided into four stages:
Scale Search, Scale Filter, Translation Search, and Translation Filter. Table 2.9
depicts the mean FPS values of each stage. The total FPS for a stage is computed
by summing the reciprocal FPS of the units involved in the corresponding stage.
Regarding FPS, the most critical stages are the translation search and filter stages
since they involve DFT2 units. The most critical stage (with minimum FPS) dictates
the mean FPS of the whole architecture. Thus, using the two parallel architectures
for critical block, the FPS is improved and shown in Table 2.9. Finally, with an
image size of 320 x 240, the RT-DSST can fit in a Zync Zed board with a means
frame rate of 25.38fps. The maximum operating frequency is 108 MHz. Enhancing
the size of the image using the same FPGA would decrease FPS. If it doubles, the
FPS is lowered by a factor of 1.5. But for large image sizes with a different FPGA,
the same FPS can be attained at the cost of higher resources; for the input and output
images in Vivado, the (hls::Mat) from HLS is used. Then, they are transformed into

an 8-bit integer matrix for processing.

Table 2.10 compares the whole HL.S-based RT-DSST architecture against other
tracker implementations in the literature. HLS frame rate is nearly equal to the
original DSST [7] but is lower than the fDSST tracker. The power of HLS-based
implementation is better as the fDSST runs on Xeon Central Processing Unit (CPU),
thus consuming more resources. A correlation filter-based tracker [66] is provided
for IoT applications, and the implementation is for edge devices. It uses the server
for computations, which allows it to be faster than the HLS-based approach. Again,
considering power HLS solution is much better. The authors of the Rotation Aware
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DSST tracker [67] use DSST to integrate rotation awareness for accurate scale
estimation. In comparison, the HLS solution dominates both speed and power.
MOSSE [68] is not the DSST-based tracker but uses programmable logic. It has
a higher speed for 4K resolution images, but it is presented for power comparison
here. Again HLS solution has a lower power consumption. Regarding FPS, the
Moving Target Tracker MTT [69], which uses a Single-Instruction-Multiple-Data

Table 2.9 FPS results for proposed DSST architecture for 240 x 320 images.

Scale Translation
Target Unit
Search Filter Search Filter 2 parallel
Search Filter
HOG 60 60 60 60 60 60
DFT 6153 6153 - - - -
IDFT2 - - 29.9 - 59.8 -
DFT3 - - 86.52 43.26 173 86.52
SVD - - - 248 - 248
QR - 1474 - - - -
Misc 4392 4392 4392 4392 4392 4392
Total 58.63 5638 16.16 2271 2538 30.78

Table 2.10 comparison against other implementations.

Algorithm Platform Power [ W] FPS
DSST [7] Intel Xeon 2 core CPU - 25.4
fDSST [7] 2.66GHz 16GB RAM - 54.3
RPCEF [66] Xilinx Soc Zynq dual core - 39.3
Cortex A9 + Artix7 FPGA

RADSST [67] Intel i7 6700k CPU 64GB - 20
MOSSE [68] Zynq US+ MPSoc (4k) 8.84 60
VDSP [69] Vision DSP 4GB RAM - 165
Mini-Tracker [70] Zync ZedBoard 1.28 18.6
Gabor [71] Virtex-5 + Xilinx - 30

Microblaze processor

HLS Zync ZedBoard 1.92 254
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(SIMD) based DSP platform, performs best. It also uses 4 GB of RAM. So again,
regarding power, resources, and portability, the HLS solution is better. The authors
in [70] present a Mini-tracker implemented on ZedBoard with a lower FPS of 18.6
and power consumption slightly lower than the HLS-based one. The authors in [71]
present a Gabor filtering-based tracker implemented on Virtex-5 and Microblaze-core
with an FPS of 30. But the implementation in [70] and [71] utilize 611 and 288
DSPs, respectively. While the HLS approach uses only 172 DSPs. Compared to all
these trackers, the HLS-based solution consumes less power except the Mini-Tracker.
The speed is comparable to some of the trackers, but the fewer resources make it
feasible to operate on the field.

2.4 Conclusions

This chapter presents the RTL implementation of the significant blocks of FDSST
[7]. The RTL implementation is given for the significant mathematical operations
involved, including SVD, QR, DFT2, and HOG extractor. The DFT unit is imple-
mented by 8-parallel architecture, which is the base for the DFT2 unit.Further a
2-parallel architecture of DFT?2 is used for 3D-DFT. This approach improves the
timing by 92 % with increased resources as compared to the state-of-the-art. For QR,
the resource utilization is improved by a factor of 2.3 compared to [55]. The literature
mostly consists of non-scalable implementations. At the same time, the implemented
solution here is scalable from 4 x 4 to higher dimensions. For SVD, the timing is
enhanced by a factor of nearly 3.8 compared to [61]. The solution is scalable and
performs better with higher dimensions in contrast to other implementations in the
literature. The HOG extractor is taken from the literature as it provided a higher
frame rate with low resource consumption. Finally, an image of 320 x 240 size can
fit in Zync Zed board with a mean frame rate of 25.38fps, thus can be operated as
a standalone unit. The overall power dissipation is estimated to be 1.92 W. This is
much lower as compared to high-speed computer and server-based solutions. Further
research on this can be performed to optimize the operations involved. Also, the
work can involve the integration of the whole algorithm and interfacing with a real
camera to test it on the field. Ultimately, as a future work, the overall accuracy can
be compared to the available databases.



Chapter 3

VLSI Architecture of Wiener Filter
for Video Encoding

3.1 Background

Part of this work is published in the article by the author of this thesis in [39]. This
section discusses the video encoding and the particulars of the Wiener filter algorithm
[27, 31]. The transmission of high-quality videos requires a lot of resources, includ-
ing all the pixels. The transmission of videos with a resolution of 4K in real-time
would require a very high cost. However, all the video content is not necessary
for transmission as there is much redundancy available in the frames. Only the
necessary part of the video needs to be transmitted, and when required, the video
is reconstructed at the receiver end. Thus, the video needs to be encoded and then
sent. The real-time video transmission will be feasible if the encoding is fast and
the reconstruction is reliable. Also, the same encoding procedure can be applied
to store the video, and when required, the desired video is reconstructed. Thus the
central concept of video encoding is to compress the video into bitstreams, and then
the encoded bitstream is transmitted. The compression is possible due to the spatial
correlation of the pixels or the temporal correlation between two consecutive frames,
and the nearby frames mostly have the same content. The compression has losses;
thus, the accuracy of the video after reconstruction changes and depends on the used
codec as per parameters. The parameter is the amount of data required to represent
the video, called the bit rate, the complexity of the encoder, and the noise sensitivity.
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History of video coding standards
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Fig. 3.1 Coding standards timeline [72].

In 1984, the first digital video coding technology standard developed by the
International Telecommunication Union (ITU) called H.120 was launched. Since
then, many other standards have come into existence, and with each new standard,
new algorithms were introduced in the video encoding process. The video encoding
standards timeline [72] is displayed in figure 3.1. Among the recent ones are the VP9
video codec launched in 2013 and the High-Efficiency Video Coding (HEVC) by the
International Organization for Standardization (ISO) / International Electrotechnical
Commission (IEC) Moving Picture Experts Group (MPEG) and ITU-T Video Coding
Experts Group (VCEG). In 2015, the consortium of many companies co-founded the
Alliance for Open Media (AOMedia). It was targeted to be open and royalty-free.
Thus, a new open video coding format, AV 1, evolved from the previous VP9 and
can compete with HEVC. The main concern is improving scalability to make it
compatible with many modern devices and improving the performance in terms
of compression. The AV1 encoder block diagram is shown in figure 3.2. The
encoder accepts the video as a sequence of frames and starts compressing them.
The previously encoded frames are utilized for predicting the new one. Also, the
coding algorithm computes the difference between the predicted and current frames,
which is processed via a transform coding algorithm, typically the Discrete Cosine
Transform (DCT). Finally, the quantization is performed, and the resultant bitstream

1s sent as output.

As mentioned in the section, the Wiener filter is used for noise reduction and
removing blurring effects [36, 37]. Other applications involve signal processing
applications like de-convolution and signal detection [38]. In video coding, in
particular, in AV1, it is used as an in-loop denoising filter to restore frames and
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Fig. 3.2 The block diagram of AV1 encoder [72].

11

enhance the quality close to edges. Every one of the pixels in a frame is encompassed

with a w X w window around it. The size w is an odd number such that
w=2r+1

where r is an integer denoting the radius of the encompassing window [27, 31]. Thus,
the filtering is performed by using separable Wiener coefficients, using the symmetry
and normalization constraints; this helps reduce the number of filtered parameters
sent. So, the processed version of the input taps is used instead of w x w or w? taps.
These taps are available in matrices H and M. In particular, H is given by

H=E[XXT] (3.1)

that is the auto-covariance of X. X is the column-vectorized version of the w? input

taps, where E|[-] corresponds to the expectation operation. M is given by

M=E[YX"] (3.2)
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that is the cross correlation between X and the source pixel Y. The procedure needs
to send w? values for each filtered pixel, thus increasing both the bit rate cost and the

decoder complexity. Instead, some constraints are imposed [27, 31]:

* The implemented filter has to be separable;
* The filter in both horizontal and vertical must be symmetric;

* Both filter coefficients, horizontal and vertical, have limits on the values they
can take. The sum of them should be exactly S, where S is a constant value
that, for the AV1 implementation, equals 2'°.

These imposed constraints make it feasible to send, for each filter, just r values
instead of w. Further, as the filter is now symmetric, it spans over only the computa-
tion of the first r elements. Hence, the implementation complexity is reduced. From
here on, both the vertical and horizontal filters are called a and b, respectively, and

are reconstructed from the r values. They can be derived as follows:

a(i)=a(w—1—1),i=0,1,.r—1 (3.3)
r—1
a(r)=S-2Y a(i) (3.4)
i=0
b(i)=bw—1—i),i=0,1,.r—1 (3.5)
r—1
b(r)=S-2Y b(i) (3.6)
i=0

The process is iterative: it initiates with an initial value for horizontal and vertical
filters. Then, it optimizes one of them (a in this case) while the other is kept constant
(bin). Next, the first r-taps version of the filter is obtained, which is reconstructed
using Equations (3.3)—(3.6). Finally, it is used as input for the other filter processing.
For example, figure 3.3 represents the Wiener filter process.

This work provides a hardware implementation of the Wiener filter process for
the AOMedia AV1 video coding [39]. In addition, a high-speed implementation can
be used for real-time data processing. This is possible due to the high frame rates
achieved by the hardware implementation. First, the following section 3.2 presents
the architecture implementation. Then, section 3.3 presents the final results and a

real-time filter evaluation. Finally, the conclusions are given in Section 3.4.
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3.2 Architectural Implementation

Starting from the mathematical description of the algorithm performed in [31] and
then observing the implementation of the AV1 codec, an architecture for the Wiener
filter is proposed. The inputs to the architecture are:

* The matrix H, where each element of the H;; matrix has the dimensions 7 x 7.
¢ The matrix M, which has the dimensions of 7 x 7.

* The first guess vector b;,, that is composed of 7 elements.

The horizontal and vertical filters, represented by the vectors a and b, are the
outputs. Each of the vectors comprises seven elements. The process consists of two
major blocks, update a and update b. Each block further comprises many sub-blocks.
The data flow is shown in figure 3.3. The first stage, called update a, accepts the first
vector b and calculates matrix B and vector A with the dimensions of matrix B and
the vector A are 4 x 4 and 4, respectively. They are obtained as follows:

w—1lw—1
B=) ) Hjb(i)b()) 3.7)
i=0 j=0
w—1
A=Y Mb(i) (3.8)
i=0

The final output of the Wiener filter is generated by solving a linear system of

equations such that:

* The coefficients of the system are in matrix B

¢ The constant terms are in the vector A

The result of the solution of linear equations has the output values of filter
a. As described in the AV1 software model, r = 3 is a necessary condition for
processing them by the Enforcement block that helps reduce the dimensions. The
reduced dimensions for matrix B and array A are 3 x 3 and 3, respectively. Hence,
the linear system of equations with proper dimensions is achieved. The standard

Gaussian elimination method is exploited to solve the system of equations. The steps
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Fig. 3.3 Wiener filter process.

comprise Partial Pivoting, Forward Elimination, and Back-Substitution. Similarly,
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the blocks involved in the implementation are Partial Pivoting, Forward Elimination,
and Back-Substitution, respectively. The post-processed result is the output vector X
that compromises three elements. Next, using the symmetry property, the updated
values of vector a are reconstructed to the original dimension w. Similarly, for the
block update b, starting from the new and updated vector a, vector b is generated by
following the same sequence of steps. A matrix storing mechanism is used instead
of applying a feedback approach for matrix B and vector A. The following equations

can summarize the operations performed:

w—1lw—1
B=Y Y Hja(ia(j) (3.9)
i=0 j=0
w—1
A=Y Ma(i) (3.10)
i=0

Again, by using the same constraints as for vector a, the updated vector b vector
is also reconstructed. A detailed description of the sub-blocks mentioned above
is reported in the following subsections. The main idea of this work was to start
from the basic implementation and move toward an optimized implementation. The
architecture presented in section 3.2.5 is based on the same data path elements.
However, each sub-block is implemented depending on the kind of optimization

required. In addition, each architecture contains a specific FSM for control.

3.2.1 Enforcement block

It is responsible for compressing the inputs. The compression is to adapt them to
the dimensional linear system of equations. For example, the components of vector
A compute the enforced output described in figure 3.4. Similarly, for the matrix B
taking 16 components, reducing them to 9, i.e., 3 X 3. From here onward, the B

matrix will be called A, and vector A will be called b to be coherent with the C model.

3.2.2 Partial Pivoting

It is the most simple sub-block in the process as it only assists in interchanging matrix

rows. The hardware architecture is depicted in figure 3.5, where k = 0 denotes the
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first step of Partial Pivoting, while k = 1 represents the second one. In the first stage,
the absolute values of |Ag|, |A4|, and |Ag| are computed and then compared two at a
time to find the largest one. Next, applying the Swap Rows block, interchanging the
b elements based on the results from the comparators. Finally, in the second stage,
the absolute values of |As|, |Ag| are compared and then swapped to make the matrix
in shape to be solved with the Gaussian Elimination Method.

3.2.3 Forward Elimination

It is one of the mathematical steps in solving a linear system that performs multipli-
cation, division, and subtraction to properly combine two rows of the matrix, thus
transforming it as close as possible into an upper triangular form. Figure 3.6 reports

the hardware implementation of the Forward Elimination operation for b vector.
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3.2.4 Back-Substitution

After the previous steps, the linear system now takes the form;

Ag-aotAr-ai+Az-ar=bg
As-a1+Ag-ar=b;

Ay -ar=b>
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Now, the system must be solved by using the Back Substitution and storing. The
architecture implementation is shown in Figure 3.7. It is a complex block, performing
several expensive operators like dividers and multipliers. Also, the figure 3.8 showing
the update a data path highlights with an arrow the critical path. It goes from counter
i to the adder on the top left. It is due to the term

H,‘ijl‘ij

as it involves cascaded multipliers.

3.2.5 High Speed Architecture

Modern architectures’ primary objective is to process data in the shortest possible
time, which means operating at high frequency. In addition, the throughput is also
an essential parameter since matrix processing is involved. Hence, the proposed
architecture needs to be accelerated. Post-synthesis timing results are utilized to
recognize the critical blocks limiting the speedup. Finally, improvements were
made to the original architecture to reduce clock time and enhance frequency and

throughput. This analysis identified the two critical points of the structure:

* The total length of the combinational paths;

¢ The combinational dividers.

The first critical point identified is due to many operators present along different
combinational paths. That means the time desired to elaborate a single piece of data
is very long, thus slowing the clock down. The second critical point identified is
because of the structure of the primary dividers that perform a division between
two 64-bit operands. The dividers in the basic architecture are implemented in a
purely combinatorial way. Significantly, the one used here performs an n-bit division
exploiting 2n consecutive addition and subtraction operations. Thus, each divisor
compromises 128 operators of adders and subtractors along the same combinational
path. It also slows down the clock as well as affects the throughput. Inserting the
pipeline registers along the combinational paths using the typical Restoring division
algorithm [73, 74] is reported in Figure 3.9. It improves the clock frequency. The
pipelining is applied to the Back-Substitution, Forward Elimination basic block,
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update a, and update b top-level architectures, thus reducing the critical path to
a single operator block. In addition, all the previous dividers are replaced with
optimized Restoring Dividers (RD) [73, 74]. The restoring algorithms store the
dividend and divisor in respective registers shown in Figure 3.9. Then, they are
shifted and subtracted. The MSB of the result is complemented and shifted in the
quotient register, and the counter is decremented. The result is ready in the quotient
register when the counter reaches zero. Now, the critical path is reduced to a single
adder. Thus, the final structure proposed can work at a higher frequency and provide
a reasonable throughput.
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3.3 Implementation Results

The Wiener filter is designed in the VHDL language. Modelsim6.2 is used as a tool
for behavioral simulation. The design implementation and synthesis are achieved
using Synopsis Design Compiler and Innovus 20.11 with UMC NAND Gate 45 nm
technology. The implementation is also done for Xilinx Vivado 16.1 to estimate area
results regarding LUT and DSPs on an FPGA. The Zync evaluation board, i.e., Zync
ZedBoard (xc7z020clg484-1), is the target device. For verification, the video data are
streamed to the ASIC implementation of the Wiener filter. The architecture is tested
in testbench with matrices produced by the AV 1 software model and the outputs are
compared with the outputs of the AV1 model. The FPGA-based implementation is
just performed to compare resources against state-of-the-art fairly. For simulation,
the video is sent to the ASIC using a script to convert the video to pixel values,
which are then sent as matrices. It is done via dual-port static RAMs, which act like
a buffer. The output from the filter is compared in the testbench with that of the AV1
model. The video can also be streamed to the FPGA using the Vivado video library

as a sequence of frames. Each frame is treated as a matrix input to the Wiener filter.

Table 3.1 Timing and area results for the restoring divider.

.. Frequency Latency Area
Divider
[MHz]  [ps]  [pm?]
Combinational 15.15 29.91 87,258.107
Restoring 153.6 1.59 3426.346
RD1 [74] - 577 740.44
RD2 [75] - - 2799

3.3.1 High Speed Architecture

The proposed architecture is tested against the AV1 software model. The authors
report the error in terms of Peak Signal to Noise Ratio (PSNR) values in [27]. The
results reported here include timing, area, and power reports. The results are reported
in table 3.1 for the divider implementation. The primary combinational divider has a
low frequency and high area consumption, while the RD is better in both aspects.

Compared to the dividers in literature [74, 75], this work has timing results better by
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a factor of 100, while it suffers in terms of area. It is due to the design of a 64-bit
integer divider while the one in [74] is a 12 x 12 array divider and [75] is a 16-bit

divisor.

The overall resource, timing, and area are shown in table 3.2. The solution in
this work is referred to as High-Speed Final Architecture (HSF). The results are
provided for both post-synthesis and post-place-and-route. The die aspect ratio is set
to 1.0 x 0.6 with 5 um set as die margins. The fixCap and fixTran are kept accurate
for the clock setting, with a 10 ns period to be satisfied by the tool. The results show
that the final post-Place-and-Route optimized version has a maximum frequency of
100 MHz. The power consumption of the implementation is 1011 mW. The area
is higher as the final architecture is extensively unrolled for parallel execution to
target high performance. The ASIC and FPGA implementation layouts are displayed
in figures 3.10 and 3.11, respectively. The post-Place-and-Route timings for the
technology corners, i.e., fast and slow, are 9.95 ns and 24.128 ns, respectively. The
fast corner consumes 1519 mW of power while the slow one consumes 1196 mW.

The fast one consumes more power as it works at a higher frequency.

Table 3.2 Area, timing, and power results for the Wiener filter ASIC implementation.

High Speed Clock Frequency Area Power
Architecture [ns] [MHz] [ mm? ] [ mW ]
Post Synthesis 13.29 75.24 1,988,927.227 12.816

Post Place-and-Route  10.03 99.7 1,966,505.5 1011

Table 3.3 displays the timing and area results of the proposed solution for the
FPGA implementation. The clock cycle information is extracted from the simulation
for the latency result. The product of clock cycles and clock frequency obtains the
latency. Regarding timing, the proposed Wiener filter performs 1000 better against
state-of-the-art CPU- and FPGA-based solutions. However, the price is paid in
terms of area. It consumes more DSPS, LUT, and FFs than other FPGA-based
solutions. But it is better against software and hardware solutions for latency at
the cost of 10 times higher area consumption. The LUT and DSP area results were
obtained with the help of the Xilinx Vivado tool to have a reasonable comparison
for the proposed architecture. A better parameter for comparison is the product of
Area-Latency (A-L), which is obtained in terms of FPGA cells consumed. As one
FPGA cell contains two LUTs and two FF, half of the maximum from LUT and FF
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Fig. 3.10 FPGA layout of the Wiener filter.

is considered as the number of cells for this calculation. This is because each cell
has two FFs and two LUTs. Therefore, A-L is two orders of magnitude better than
the other solutions. Thus, the area penalty is rectified here. In addition, this solution
is for a 3-times-higher resolution, as shown in Table 3.4, with four times more bit
precision. Hence, high resource consumption is justifiable. Finally, the frequency
determines the latency; a low frequency means a high area-latency product, resulting
in a poor solution. A higher frequency decreases overall latency, thus decreasing the
area-latency product, giving a better solution. For Wiener Filter coding the average
time required per call in the AV1 model as per profiling is 490 ms while the proposed

architecture can perform this in 1.59 ms. If instead of the VHDL, HLS solution was
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Fig. 3.11 Post place-and-route layout of the Wiener filter.

used to implement the Wiener filter, then the results would have been impacted as
follows. In terms of frequency, the HLS solution will not be able to achieve a higher
frequency as it would be harder to direct HLS to optimize the critical path [76]. In
terms of latency, the HLS pragmas of the pipeline also unrolling the architecture
in the scope in which it is applied will not help attain the desired latency in each
case. Regarding area, if HLS is directed to implement a simple multiplier in LUTs, it
will most probably use the DSP48Es inside the FPGA. But in terms of programmer
effort and time to code, the HLS solution will be significantly faster than the VHDL
solution.
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Table 3.3 Timing and area results for the Wiener filter.

Arch Device Freq Latency Resources Area-Latency
[MHz] [ms] LUT FF DSP [%“cs]
HSF  ASIC/ZedBoard 99.7 0.00159 565,181 27,423 166 0.449
WF [77] Intel CPU B830 1800 406.7 - - - -
WEF [78] ZedBoard 100 10 3912 4109 14 20.545
WF [79]  Zynq 7000 SoC 150 4 - - - -
F [80] Spartan 3E - 25 6721 6186 16 84.013
F [81] Virtex-5 89 - 8360 2385 13 -

Table 3.4 Video sequences fps.

Megasamples |

Architecture Device  Resolution fps soc

720 x 480  254.452 87.94
720 x 576  211.864 87.86
1280 x 720  95.328 87.85
1920 x 1080 42.372 87.86

High-Speed Final  ASIC

WF [78] FPGA 512 x 640 - 32
WF [79] FPGA 256 x 256 250 16.4
WF [81] FPGA ? 32 x 32 4541 4.6

' The %cmpl” reported are calculated by taking the product of fps and resolution.

2 The fps reported is extracted from the latency information and sample size given in the article.

3.3.2 Elaboration for a Real-Time Video Sequence

For further analysis of the results, the effect of the obtained improvements has been
measured for a target real-time application. By evaluating the throughput, computed
as the number of samples processed per second, it is possible to define how many
frames can be elaborated in real time for a specific target application. This analysis is
conducted for the final high-speed architecture. To better understand, the best-known
video formats were analyzed: SD and HD; many resolutions were analyzed for
approximated fps to measure the implementation speed. A better parameter for

Miam pl es

comparison is mega samples per second ( ), which is the product of frame

size (height x width) and the rec1procal of latency It also takes into account the

A(llﬂ pl es

resolution of the frames. Both fps and are reported in Table 3.4. The fps
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of [81] is much better but at a minimal resolution. Regarding %, the proposed
solution outperforms all the others in the literature by a factor of 5. Table 3.4 shows
that the proposed architecture can sustain very high frame rates for SD and HD video

resolution.

3.4 Conclusions

This work provides an algorithm-to-architecture mapping for the Wiener filter of
AOMedia AV1 video coding. The AV1 codec is analyzed, and the Wiener filter is
identified as the critical block. The complexity of the Wiener filter is considered in
detail for an optimized solution. A separable and symmetric algorithm is considered
for its implementation. This allows for fewer computations and reconstruction of the
other filter coefficients from the computed ones. The implementation is broken into
a series of steps, namely, Enforcement, Partial Pivoting, Forward Elimination, and
Back-Substitution. A high-speed implementation for better speed is explained to be
compatible with many applications. Also, it is well within reach to efficiently exploit
the architecture to improve the working frequency. Thus, in terms of throughput, the
solution is much better than the state-of-the-art. This is due to the usage of highly
parallel architecture and inline RDs. The design choice presented in this work aims
to achieve a special-purpose application coherent in terms of data, parallelism, and
operations with the C implementation of the Wiener filter [82]. Future works include

the implemented filter’s overall power analysis relative to the literature.



Chapter 4

RISC-V survey and implementation
for video processing

4.1 Literature Overview

In this section, the background and selected articles on RISC-V are presented. In
the literature, there are many implementations of RISC-V. This work serves as a
summary of them for video processing tasks. A Google Scholar search of RISC-V
implementations in hardware, i.e., ASIC or FPGA-based, is performed as a starting
point. Among the results, the papers that presented or discussed the RISC-V core
implementation were selected. The main comparison parameters used are frequency,
area (resources in the case of FPGA), power, and Instructions Per Cycle (IPC), as
they are provided for most implementations. The ones that don’t provide at least one
among frequency, area, or power results were discarded. Next, the main features are
highlighted and divided into four categories for comparison. In addition, this work
also analysis LENS, an OoO RISC-V core for academic research being developed at

Politecnico di Torino.

Before diving into the literature, a brief introduction to RISC-V unprivileged
ISA is provided here [83]. The base ISA RV32I, RV64l, RV64E, and RV 1281
contain the arithmetic, load/store, memory, branch, jump and register instructions.
Other ISA extensions include M (Integer Multiplication and Division), A (Atomic),
Zicsr (control and status register), F (Floating point single precision), D (Floating

point double precision), Q (Floating point quad precision), C (compressed), B (Bit
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manipulation), V (Vector operations). Finally, the ISA extension G, called general,
includes RV32I or RV64I with IMAFD, Zicsr, and Zifencei.

Before analyzing the cores for video processing, let’s first consider the parameters
that affect the speed of video processing algorithms in the processor core. The details
are provided in [84]. As a given, the higher number of processing cores would mean
more parallel processing power, thus positively affecting the performance. Multi-core
processors can distribute the tasks among many cores and achieve higher throughput
through parallel execution. The operating frequency is another critical aspect in this
context. It directly affects performance. The tasks in video encoding, like transform
and quantization and in-loop filters, are compute-bound. They can finish earlier on
a fast processor or if many tasks are executed in more cores simultaneously. Thus,
they can take advantage of this solution, but a limiting factor of high frequency
and multi-core solutions would be the dependencies and scheduling of the tasks.
Typically, for small power-efficient cores, there is in-order execution, while for high-
performance cores, there is Q0O execution. Task scheduling, in the latter case, has
high significance as it can improve performance by exploiting the instruction level
parallelism (ILP). In real-time systems, the responsiveness of the systems depends
on latency. Latency masking can be done with the help of pipelining and pre-fetching
from memory. The IPC defines the throughput in the case of processors. The higher
IPC will help achieve a higher frame rate in video processing. Further, a large
amount of memory size will help accommodate high-resolution videos. Also, high-
speed memory will enhance processing performance. In this context, using a cache
hierarchy will allow further fast access to data and enhance the speedup. Finally,
power is an important parameter as it defines the battery life. Power consumption
1s of utmost importance for remote embedded cores utilized for surveillance. The
low area can reduce power at the cost of performance. Ultimately, performance,

flexibility, and power cost are a trade-off.

Other approaches can be considered to provide a better solution for video pro-
cessing, including the improvements in processors above. It includes using dedicated
hardware for complex tasks and adding special ISA instructions for target applica-
tions. RISC-V easily accommodates both of these. Furthermore, it is very flexible for
new ISA to be included above the base RV32I instruction set. Also, the modularity
allows the use of dedicated hardware units for speedup.
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The selected cores are BOOM [42], ISP [85], RSD [86], OPA [86], Rocket
[87], Ariane [88], Shakti [89], RISCY [90], preDRAC [91], mRISC-V [92, 93],
Low Power core [94], DSP core [95], PicoRV32 [96], ORCA [97], VexRiscv [98],
Freedom [99, 100], Taiga [101], Adept-3/5 [102]. Also in addition LENS5 [9-11] is
analyzed. The details of these cores are presented below:

BOOM: One of the most used implementations of RISC-V in many academic
kinds of research is BOOM [42]. It is an OoO superscalar processor that can be
parameterized as per need. The ISA is RV64IMAFD with a 6-stage pipeline. It
supports Floating points, virtual memory, and atomic instructions. An updated
BOOM version is given in [103]. It involves separate integer and floating point
register files, a large Branch target buffer, and separate issue logic for memory,
integer, and floating point instructions. Thus, it allows more opportunities for
research, including branch-prediction studies and multiple issues. O0O processors
are compared in [86] that utilizes BOOM with RV64GC / RV32IMAC ISA. Also,
a comparison between many open-source RISC-V cores and BOOM is given in
[88, 89] that utilizes BOOM with MAFDC.

ISP: It is an in-order fetch, OoO execution, and in-order completion RISC-V pro-
cessor. The ISA is RV32I+F with a 5-stage pipeline. The authors [85] present it as

an FPU-based coprocessor. It also involves the hazard resolution units.

RSD: It is an OoO RISC-V core with support for speculation provided by the
authors of [86]. Speculation allows for higher IPC by providing more instruction to
be executed. It is also equipped with memory dependence predictors. It supports the
base RV32IM ISA for integers.

OPA: It is an OoO RISC-V soft core optimized for FPGA [86]. It supports the base
RV32IM ISA without division and CSR instructions.

Rocket: Rocket [87] is a 5-stage scalar in-order RV32/64G RISC-V core with
privilege and virtual memory support written in Chisel. It can also activate other
ISA extensions. For example, the front end complies with a branch prediction unit
consisting of a Return Address Stack, Branch History Table, and Branch Target
Buffer. Also, support for Level-1 (L1) cache, virtual memory, floating point, and
coprocessor interface is provided. Among the many Rocket implementations in the
literature, a comparison of OoO core with Rocket is provided in [42], and the authors
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in [89] instantiate Rocket for both ASIC and FPGA to have a comparison with other
similar cores. The authors in [104] instantiate Rocket with ISA RV32IMAFD /
RV64IMAFD for low-power applications. An FPGA-based implementation with
ISA RV64IMAC for comparison against a softcore is provided in [101]. Finally,
the Rocket cores for YOLO with customized instructions and DNN applications are
provided in [105] and [106], respectively.

Ariane: CVAG6/Ariane [88] is a 6-stage single issue 64-bit in-order implementation
of RISC-V. It is SystemVerilog based with RV64GC support. The other ISA ex-
tensions can be activated as well. The front end has cache, Branch prediction, and
TLB support. Ariane also supports the SV39 virtual memory architecture. To fill the
6-stage, it takes the help of a branch predictor. In [41], the authors provide a Linux
booting Ariane RV64GC implementation. In [107], the authors use Ariane RV64GC
to reconfigure FPGAs partially. Finally, the authors in [88, 89] instantiate Ariane
RV64MAFDC for both ASIC and FPGA to compare with similar cores.

Shakti: Shakti C-Class [89] processor is a 5-stage in-order implementation of
RISC-V. It is SystemVerilog based with RV32I and RV64I support. The other
ISA extensions can be activated as well. The front end has a cache and branch
prediction (GShare two-level). Shakti-E [108] RISC-V Processor Core is RV32I
in-order 3-stage RISC-V with memory protection unit.

RISCY: RISCY is a RISC-V in-order 32-bit 4-stage pipeline core [90]. The authors
in [90] use RISCY as the processing core for MPSoC with RV32I ISA + DSP
extensions. It also has 32 vector interrupts. The authors in [99] evaluate Pulpino
RISCY with RV32IMC against similar cores. RISCY is the base core for many
applications in [109-112].

preDRAC: It[91] a RISC-V CPU capable of supporting the Linux operating system
called preDRAC is presented. It is a 64-bit 5-stage single-core RV64IMA in-order
RISC-V core with branch predictor and 2-level caches.

mRISC-V: mRISC-V [92, 93] is a RISC-V Processor Core with RV32IM ISA. It is

used inside a microcontroller as the main master of the system.

Low-Power core: The work in [94] presents a micro-architecture with low power
consumption. It comprises a 4-stage pipeline RV32I with a customized multiplier,
divisor, and branch predictor.
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DSP core: It is an in-order 4-stage RV32IMFC RISC-V [95]. It is designed for DSP

applications in near-threshold tightly coupled memory clusters.

PicoRV32: PicoRV32 is RV32IMC 3/6-stage core [96, 113]. It consists of interrupt
and coprocessor units. The articles [96, 104, 113, 114] implement PicoRV32 with
RV32IMC 1-stage, RV32IMC 1-stage, RV32IM 3/6-stage and RV32IMC, respec-
tively. The article [96, 104, 113, 114] discusses its comparison with other cores and

concludes that it is a small and efficient core that operates at high frequency.

ORCA: ORCA [97] is RV32I/M 5-stage cached RISC-V core. It is used for com-
parison in articles [104, 111, 113] with ISA RV32I/RV641, RV32IM and RV32I,
respectively. It shows a relatively higher frequency. ORCA is used to study clock
gating in [115].

VexRiscv: VexRiscv [98] is RV32I 2/5-stages RISC-V softcore that can be extended
for M and other ISA extensions but written in SpinalHDL. It can also be configured
for Linux-running systems with the assistance of MMU.

Freedom: Freedom [99, 100] an RV32IMAC single issue 5-stage in-order core
from rocket-chip. It is also used for comparison in [111] with ISA RV32IMAC.

Taiga: Taiga [101, 113] is the first attempt at variable pipeline softcore on FPGA.
Taiga is a 32-bit RV32IMA RISC-V core. It is configurable and supports shared
memory and Linux with parallel execution units. The modification in [116] also
allows for OoO commits.

Adept: Adept [102] is a RIC-V core written in Chisel3. It has two versions: a
3-stage pipeline with RV32I ISA and a 5-stage pipeline with RV32IM ISA.

LENS: LENS [9-11] is an O0O execute and in-order commit processor supporting
floating-point, virtual memory, and 2-level cache hierarchy. It implements RV32/641
with support for MC and is also extendable for customs. It has a 6-stage pipeline.

For further details, see section 4.3.

4.2 Comparisons

In this section, the previously mentioned articles are compared for their architec-
tural implementation. The results are divided into four parts. The primary division
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involves in-order and OoO cores, further divided into FPGA and ASIC implementa-
tions. The results are provided as given in the articles. The result comprises core
technology, given in nm, for ASIC, while the device’s name is displayed for FPGA.
Then, the implemented ISA is provided along with operating frequency in MHz,
power in mW, number of pipeline stages, and the instructions per cycle (IPC). For
ASIC, the area is provided in mm?2, while for FPGA, it is provided in terms of several
resources, i.e., LUTs, FFs, BRAMSs, and DSPs. In the tables shown, F means FPGA,
and A means ASIC.

4.2.1 RISC-V in-order Processors with ASIC implementations

The in-order RISC-V cores AISC implementations are presented in table 4.1. The
pipeline range is from 4 — 6 stages. The technology solutions range from 28 nm to
130 nm. The IPC is only provided for limited implementations. The highest IPC is
achieved by Rocket core in [42] along with the highest frequency of 1.5 GHz and
reasonable area. But it is only for RV64 ISA. The cores in Rocket [87, 89], Shakti
[89, 108] and preDRAC [91] achieve moderate IPC.

The comparison is performed in terms of area, power, and frequency. The best
solution for video processing is one with low power, low area, and high frequency.
The more ISA implementation, the better, as the floating point operations and division
are used in video encoding. High frequency is achieved by Rocket [87, 89], Ariane
[88, 89] and Shakti [89, 108]. Then moderate frequency is displayed by DSP core
[94, 95], RISCY [90], preDRAC [91] and Low power core [94]. preDRAC [91] has
the highest area followed by Shakti [89, 108] and Ariane [88, 89]. preDRAC [91]
also has the highest power followed by Ariane [88, 89], Shakti [89, 108], Rocket
[106].

The power, frequency, and area results are shown in figures 4.4, 4.2, and 4.3,
respectively. Figure 4.1 shows the combined area, power, and frequency triangles
for the in-order cores. The area and power axis are changed to a logarithmic scale
for better visibility. The cores with high-performance are Rocket [87, 89], Ariane
[88, 89] and Shakti [89, 108] with moderate area and power. The best among them
is Rocket [87, 89]. In the moderate range, the best is DSP core [94, 95] with high

frequency, low area, and moderate power.
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Fig. 4.1 The ASIC in-order cores for Video Processing
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Table 4.1 RISC-V Processors ASIC implementation results.

T Freq . P
Core m ISA MHz IPC Pipe 2 MW
Rocket
[42] 45 RV64 1500 0.76 - 0.5 -
RV32/641
[87,89] 28 +MAEDC 813 0.33 5 022 157
[106] 28 RV32/64IMF 25 - 5 0.053 253
Ariane / CVA6
RV64GC
[88,89] 28 MAED 738 - 6 0.52 263
Shakti
RV32/641
[89,108] 28 +MAEDC 685 0.23 5 0.84 238
RI5SCY
[90] 45 RV321 250 - 4 0.082 25
preDRAC
[91] 65 RV64IMA 200 0.33 5 2.487 344
mRISC-V
[92,93] 130 RV32IM 160 - - 0.12 15
Low power Core
40 198 0.036 3.44
[94] 90 RV32IM 165 ) Y0173 326
DSP Core
65 RV basic 0.068 9.38
[94, 93] 65 RV ext 357 i 4 0.077 9.52

4.2.2 RISC-V in-order Processors with FPGA implementations

The in-order RISC-V cores FPGA implementations are presented in table 4.2. The

pipeline range is from 1 — 6 stages. Many XC7Z020-based solutions are present. The

IPC is only provided for limited implementations. The highest is IPC is achieved
Rocket core in [87, 89] followed by PicoRV32 [114] and Shakti [89, 108].
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The comparison is performed in terms of resources, power, and frequency. High
frequency is achieved by PicoRV32 [96, 113] followed by VexRiscv [98, 113], Taiga
[101, 113] and ORCA [97, 113]. Then moderate frequency is displayed by PicoRV32
[96, 104], ORCA [104, 115] and Rocket [87, 89]. Ariane [41] has the highest LUT
consumption, thus consuming more power, followed by Rocket [87, 89]. Ariane [41]
has the highest DSP consumption, thus allowing fewer opportunities for acceleration
by adding dedicated hardware for video processing, followed by Rocket [87, 89].

Figure 4.5 shows the in-order cores’ LUTs, DSPs, and frequency scatter plots.
The LUT and DSP axis is changed to the logarithmic scale for better visibility.
The cores with high-performance are PicoRV32 [96, 113] followed by VexRiscv
[98, 113], Taiga [101, 113] and ORCA [97, 113] with moderate LUTs consumption
and and low DSP usage. The best among them is PicoRV32 [96, 113]. The best is

Rocket [87, 89] with high frequency and low resources in the moderate range.

Figure 4.6 shows the power consumption of some cores in the form of a bar
graph. The cores with low power are PicoRV32 [96, 104], followed by Rocket [106],
ORCA [104, 115] and Rocket [104].
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Table 4.2 RISC-V Processors FPGA implementation results

. Freq . Resources P
Core Device ISA IPC Pipe
MHz LUT FF BRAM DSP mW
Rocket
Virtex RV32/641
[87, 89] 198 033 5 55k 46k 47 18 1820
US+ +MAFDC
[104] XC77Z020 RV32/64IMAFD 91 - 5 5073 2008 0 4 92
[101] X7CZ020 RV64IMAC 54 - - 17144 9058 10 0 -
[106] Zyng-7000 RV32/64IMF 25 - 5 26.7k 9.7k - - 36.8
Ariane / CVA6
Artix 7 30 110k 75k 66 27
Kintex 7 67 99k 75k 66 27
2x1 67 167k 120k 124 54
[41] Virtex 7 RV64GC 60 - 6 114k 77k 63 27 -
3x1 60 268k 169k 179 81
Virtex US+ 100 103k 84k 89 30
4x2 100 583k 399k 495 219
[107] Kintex-7 RV64GC 100 - 6 39940 22500 36 27 -
Virtex RV64GC
[88, 89] 112 - 6 95k 77k 69 31 1995
US+ +MAFD
Shakti
Virtex RV32/641
[89, 108] 136 023 5 74k 55k 112 30 1660
US+ +MAFDC
[104, 108] XC77Z020 RV32I 12.7 - 3 7948 1813 0 4 100
PicoRV32
[96, 104] XC77020 RV32IMC 200 - 3 904 566 0 0 13
AU250 4037 3341 32 4
PYNQ 4143 3363 32 4
[96, 113] RV32IMC 530 - 1 -
VC709 249 3296 32 4
ZCU102 4233 3345 32 4
[114] Kintex 7T RV32IMC 400 0.25 - 2k - - - -
[96, 99] XC7A35T RV32IMC 115 - - 2123 1509 48 - -




84 RISC-V survey and implementation for video processing
ORCA
[104, 115] XC72020 RV32/641 185.2 - 5 1354 746 1 0 69
AU250 3822 3139 32 4
PYNQ 3917 3100 32 4
[97,113] RV32IM 390 - 4/5 -
VC709 4019 3115 32 4
ZCU102 3882 3115 32 4
[111] - RV321 1854 - - 1354 746 - - -
VexRiscv
AU250 3797 3328 32 4
PYNQ 3777 3305 33 4
[98, 113] RV32IMCA 440 - 2/5 -
VC709 3795 3329 33 4
ZCU102 3906 3378 33 4
Freedom
[111] - RV32IMAC 32.5 - - 2692 1311 - - -
[99, 100] XCTA35T RV32IMAC 32.5 - 5 13062 7662 6 2 -
Taiga
[101] X7CZ020 RV32IMA 104 - - 3,998 2,942 10 4 -
AU250 4515 3239 32 4
PYNQ 4504 3176 34 4
[101, 113] RV32IMA 395 - \Y% -
VC709 4576 3207 34 4
ZCU102 4565 3216 34 4
[116] X7CZ020 RV32] 109 - - 16821 959 1 4 -
Adept-3/5
ARRIA V 93 670 201 133 0
Adept 3 [102] RV32IM - 3 -
K-7 68 1041 18 133 0
ARRIA V 120 1675 1470 266 4
Adept 5 [102] ) RV32IM - 5 -
Kintex-7 90 2533 18 1405 4
RISCY
[110] Zynq U+ RV32IM 100 - 4 7322 1451 32 6 1180
[111] - RV32IMC 50 - - 6748 2577 - -
[99, 109] XCTA35T RV32IMC 50 - 4 14616 8959 16 8 -
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Fig. 4.5 The FPGA in-order cores for Video Processing




86 RISC-V survey and implementation for video processing
2,200 |-
1,995
2,000 |-
1,820
1,800 |-
1,660
1,600 |-
E 1,400 |-
E 1200 1,180
)
z 1,000 |-
=N
800
600
400
200
100
36.8
o o o0’
[oo] [oo] (e}
o s .
jore] oe] [N
= = &
Q o
oa < =

Rocket [104] s
Rocket [106] J ¢
Shakti [104, 108] [

PicoRV32 [96, 104] | &
ORCA [104, 115]

In-order cores

Fig. 4.6 The power of FPGA in-order cores for Video Processing

RISCY [110]




87

4.2 Comparisons

‘Sjrun uonnodaxa Yl apn[our 3 usaop eale 3y, 1

- S0 - - - - 9 I LeS  I¥9/TEAd - \% [11-6]
SNA'T
- - - - 36 30T - - pEl INIZEAY  020ZLOX A [98]
vdO
- - - - 38 36T - - €66 INICEAS  020ZLOX 4 [98]
asy
- 1960  T€ - 6SLIT 0€S9% 6 - - A+ITEAY 9XMA  V/d S9 [s8]
dsI
881 - or 9 S0TST S986y 9 - LYE QIVINIFOAY 020ZLOX A [¥OT ‘€01] TI10A
ommmow N@. " 6¢ 9% AR A mwm@ MMM\MM MMW M [68 “88]
- - - - b AN (57 - - LIL wmﬁmm 020ZLOX A [98]
- I'l - - - - - STT 00SI YOAY - \% [Tr]lca
- vl - - - - - ST 00SI YOAY - \% [Ty] pA
004
Mw ww gSad NVId A4 10T ZHIN \%
d - 5991059y did OdI i VSI ouwea 210D

‘sypnsar uoneuawadwl $10$59001d 000 A-DSIY €'+ 9I98L



88 RISC-V survey and implementation for video processing

4.2.3 RISC-V 000 Processors with FPGA implementations

The OoO RISC-V cores implementations are presented in table 4.3. The pipeline
range is from 5 — 6 stages. Many XC7Z020-based solutions are present. The IPC is
not provided for FPGA-based solutions.

The comparison is performed regarding resources and frequency, as power is
provided for only two implementations. High frequency is achieved by BOOM
[86] followed by BOOM [103, 104], and BOOM [88, 89]. The LUT and DSP
consumption is similar. The power consumption of BOOM [103, 104] is high
followed by BOOM [88, 89].

Figure 4.7 shows the LUTs and frequency scatter plot for the OoO cores. The
cores with high performance are OPA [86] and RSD [86] with low LUT consumption.
In the moderate frequency range, the best is BOOM [86] with low resources.

4.2.4 RISC-V 000 Processors with ASIC implementations

The OoO RISC-V cores implementations are presented in table 4.3. The pipeline
range is from 5 — 10 stages. The technology solutions range from 28 nm to 65 nm.
The IPC is only provided for limited implementations. The highest is IPC is achieved
BOOM v4 [42], followed by BOOM v2 [42], and BOOM [88, 89].

The comparison is performed regarding area and frequency, as power is only
provided for one solution. High frequency is achieved by BOOM v4 [42] and BOOM
v2 [42] with also the highest area. BOOM displays the moderate frequency [88, 89]
and LENS [9-11] with the high and low areas, respectively.

Figure 4.7 shows the OoO cores’ area and frequency scatter plot. The cores
with high performance are BOOM v4 [42], BOOM v2 [42], and BOOM [88, 89]
but at the cost of the high area. In the moderate frequency range, the best is LENS
[9-11] with low area and, ultimately, low power. In contrast to in-order ASIC cores,
it achieves a higher IPC, with moderate frequency and higher area, thus high power

consumption.
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2 No frequency information was provided. The frequency is set to 0, just to show the area results.
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4.3 LENS

As pointed out in section 4.1, cores with high frequency, low area, and power are
more suitable for video processing tasks. A memory hierarchy can allow fast access
and keep the pipeline feed continuous with new instructions. An OoO core can help
achieve a higher IPC. Thus, among the four categories, OoO cores are more suitable.
The ones which have preference are the ASIC solutions as they have a significantly
higher frequency. In ASIC OoO cores, LENS [9-11] has a low area and reasonably
high frequency. Thus, it can utilize parallelism in video processing algorithms. It
has a frequency 500 MHz, with the lowest area among ASIC solutions, 0.45 mm?
without the execution units. Thus, the low area makes it suitable for low power. It
also has a hierarchical cache to have fast memory access. Thus, from here on, the
LENS is investigated further, and additions are provided for this architecture.

LENS is an OoO execute and in-order commit processor supporting floating-point,
virtual memory, and 2-level cache hierarchy. It uses Tomasulu’s architecture for OoO
execution and ROB for in-order commits. It executes instructions in steps similar to
other processors in literature. The stages are the issue of the instruction, instruction
decode, fetching of operands, instruction execution or accessing the memory system,

Exec Unit A

Branch Predictor
Exec Unit B

anany anss|
Japng
J9pJo-ay

Load / Store

Main Memeory

Fig. 4.9 LENS block diagram [9-11].
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and finally, committing the instruction. Figure 4.9 shows the block diagram of the
LENS. The main blocks in LENS are FE [9], BE [10], memory [11]. It implements
RV32/641 with support for M and is also extendable for customs ISA. An Advanced
eXtensible Interface (AXI)-like handshaking protocol is applied throughout the
system for unit communication. The BE structure is based on Tomasulo’s approach
for dynamic scheduling, with expansion including support for speculation and precise
exceptions. The FE concerns the instruction address generation, branch target address

prediction, and new instruction fetching from memory.

The instruction execution in LENS is as follows. The new instruction address is
generated in FE and transmitted to Memory (MEM). The memory consists of two
levels of cache. The first level is divided between instruction and data cache. The
instruction cache receives the request for new instruction and sends it to the level
2 cache. The new instruction is then sent back to FE. It is then inserted to BE in
an instruction queue for decode. After the decode stage, the instructions are sent to
execution units via allocated reservation stations. Finally, the results from execution
units are sent to the ROB to commit in order via a Common Data Bus (CDB). The
results are checked for possible exceptions. If non found, the commit logic updates

the results in the register file. This is the whole instruction execution in LENS.

4.3.1 LENS5 completion

The LENS shown for comparison is a work in progress. The authors of LEN5 [9-11]
also describe the missing parts in the core. The BE is incomplete as it is missing the
commit logic and the execution units. Furthermore, the CDB must be instantiated to
all units in BE and generate respective reservation stations for execution units. Apart
from this, the three parts BE, FE, and MEM need to be combined with the design
of the control unit. Thus, this work is focused on overcoming these limitations and

implementing the described units to make a complete LENS.

The additions are shown in red in figure 4.10. This work provides the additions
for RISC-V LENS. The main additions combine BE into one central unit, thus
correctly instantiating the CDB. It also implements the limitations provided by the
authors as the commit logic, control unit, and ROB. This work combined the BE
[10] into one unit and the RTL description of execution units. Then, the CDB is
instantiated to connect all the units. Finally, the whole FE, BE, and MEM are joined
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to make the core functional. All these additions are made to the LENS5 core. This
work is only preliminary tested.

The commit logic is shown in figure 4.11. Once an instruction is issued from
the issue queue, the ROB logic pushes the entry into the ROB data structure. An
entry number is assigned to it. Then, it waits for the completion of the instruction
by the execution stage. The head and tail counter count the position of instructions
in the data structure. When an instruction is completed, and the ROB entry is on
the top of the ROB, the instruction is sent to the commit logic for completion. The
commit logic is responsible for handling the instruction data update on the register
files and the handling of the exception raised in the execution and memory stage.
If no exception has occurred and the register file is available, the update signal is
used to give the handshake to the register file for update. The control unit is notified
in case of an exception, and the code is made to switch to the exception-handling
routine. Finally, the commit decoder takes care of all the types of instructions, and
the necessary units are communicated with the respective information of committing.

It is how the commit is implemented.

Branch Predictor

]
7]
c
o
3]
c
()
c
o

Load / Store

1

Main Memeory

Fig. 4.10 Updated LENS block diagram [9-11].
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Fig. 4.11 LENS5 Commit Logic.

In the execution units, the RTL design is performed for the ALU for LENS. It
includes all the arithmetic instructions in RV64I ISA and the M multiplication. They

are described in a behavioral manner using SystemVerilog.

The CDB is extended to all reservation stations, the issue queue, ROB, and
commit logic. They communicate via a two-way, ready-valid handshake protocol.
Also, the three parts FE, BE, and MEM are instantiated with the MEM interface.

They are controlled via the control unit described next.

The control part deals with maintaining coherency between all blocks and re-
solving exceptions. The control unit is divided into two parts, as shown in 4.10, the
main control and the flush control. The main control manages the whole pipeline

and exceptions, while the flush control manages the stall and pipeline flush. The
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E_Call

E_Break b

Branch

Fig. 4.12 LENS Main Control unit.

main control is depicted in figure 4.12. It is a Finite State Machine (FSM)-based

control unit. The states are described as follows:

Reset: The first state is Reset, responsible for flushing the pipeline and front end. It
is also responsible for providing the initial program counter value.

Resume: After the Reset state, the control moves to the Resume state. It corresponds
to the standard pipeline execution for all instructions. It handles the fetch, decode,

and execution instructions for all arithmetic instructions.

Jump: The jump instruction is handled in this state. It involves stalling the pipeline
and avoiding further fetch and issue of instructions as the pre-fetch instructions are

the wrong ones.

Branch: The branch instruction is handled in this state. Since the branch prediction
is available, it executes like the Resume state. In case of the wrong prediction, the
commit logic raises the exception late. So, it involves stalling the pipeline and
avoiding further fetch and issue of instruction, as the pre-fetch instructions are the

wrong ones in case of misprediction.

Load/Store: The memory instructions are handled in this state. Since the cache

might not be ready for the new instruction, this state creates the wait for memory
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(Reset

Stall and
Flush

Fig. 4.13 LENS Flush Control.

while allowing other instructions to go no. Once the memory is ready, the instruction

is replayed.

Fence: The memory synchronization instructions are handled in this state. It in-
volves stalling the pipeline, flushing everything, and reloading the IC and DC to
synchronize the data with the Level-2 (L2) cache.

E_Call/E_Break: The change in the mode of the processor for exception handling
is performed in this state. It involves passing the correct Interrupt Vector Table

address to the program counter.
Figure 4.13 shows the flush control logic. The states are described as follows:

Reset: The first state is Reset, responsible for flushing the pipeline and front end.

Resume: After the Reset state, the control moves to the Resume state. It corresponds
to the standard pipeline execution for all instructions. It handles the fetch, decodes,

and execution instructions for all instructions.
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Stall: The stall information is communicated from the main control in case of mem-
ory exception or jump or fence via the FE. Thus, it avoids fetching new instructions

to save power.

Stall and Flush: The stall and flush information are communicated from the main
control for exception or prediction. It is the regular stall and flush of the pipeline.
Also, it flushes the execution pipeline to save power by avoiding unnecessary com-
putations.

The video processing accelerators can be added to LENS. Figure 4.14 shows the
LENS with the accelerator highlighted in a dashed line in dark red. The correspond-

ing custom ISA is added, and the decoder is updated with this information.

P
 F—

anany) anss|

Branch Predictor

Accelerator

Load / Store

+

Main Memeory

Fig. 4.14 Updated LENS block diagram with accelerator [9-11].
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4.4 Conclusions

This work starts by providing a brief introduction to RISC-V ISA and its importance.
RISC-V ISA being modular and open makes it more powerful than its predecessors.
The discussion is then diverted toward determining the main parameters for selecting
a core for a video processing application. The effect of each core parameter is con-
sidered for video processing algorithms. The necessary parameters are highlighted:
low power, low area, and high frequency. Lower area or resources allow less power
and portability. Low power consumption allows longer battery life. While high
frequency allows compute-bound critical tasks to be completed faster. In the case
of FPGA-based cores, low DSP consummations allows them to be used for video
processing accelerators. OoO cores are more suitable as they can achieve IPC > 1.
Then, it provides a survey of the literature for suitable cores. It selects and compares
those cores by distributing them into four categories: in-order ASIC and FPGA and
000 ASIC and FPGA core implementations. Then, it provides the most suitable
core in each case. For in-order ASIC Rocket [87, 89] is best for high-performance
and DSP core [94, 95] for moderate range. For in-order FPGA, PicoRV32 [96, 113]
is best for high performance and Rocket [87, 89] for moderate range. For OoO
FPGA, OPA [86] is best for high performance and BOOM [86] for moderate range.
For OoO ASIC BOOM v4 [42] is best for high performance and LENS [9-11] for
moderate range. It finally chooses one of the cores LENS for detailed analysis as it is
000 with a low area and suitable for another accelerator extension. It also provides

the necessary modification for LENS to be adopted for video processing.



Chapter 5
Conclusions

This thesis work explores the VLSI architectures in the domain of video processing
and RISC-V processor cores. It provides the importance of video processing algo-
rithms, which account for a significant portion of the internet data. For real-time
streaming and processing, they need to be much faster. This work highlights that
the parallelism available in video processing algorithms can help speed up using
hardware acceleration. The devices available for this purpose are ASIC, FPGA, and
Processor cores. The ASICs provide fast solutions but are less flexible. The FPGAs
are more flexible but offer fewer resources and operating frequency. The processor
cores are serial but can take help from OoO execution and dedicated hardware accel-
erators for high performance. The work follows two algorithms and provides their
VLSI implementations and improvements in their architectures. Then, it provides a
survey on RISC-V base processor cores for video processing. It contrasts the cores
and provides a selection procedure for video processing tasks. Then, a RISC-V
core from the literature is chosen, and the implementation is provided for video
processing. Finally, the algorithm-to-architecture mapping of two algorithms is

performed.

The first algorithm, FDSST, is in visual object tracking. The literature is reviewed
for visual object tracking algorithms. The FDSST algorithm is selected for object
tracking as it has a separate translation and scale filter. The complexity is resolved as
the scale filter is applied only to the predicted target location rather than the whole
frame. The algorithm is analyzed, and the critical blocks of complexity and delay
are considered. The identified blocks are SVD, QR, DFT2, and HOG extractor.
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The available parallelism in QR, SVD, and DFT2 is exploited for acceleration.
The DFT?2 is on a critical path. The DFT2 is implemented with the row-column
decomposition algorithm and unfolds to an 8-parallel 1D-DFT architecture for fast
processing. The DFT2 inside 1D-DFT has an accumulator with a register to create
a pipeline to reduce critical paths. Using 2-parallel architecture helps speed up the
FDSST fps. The QR factorization is implemented using the givens rotation algorithm
to exploit the parallelism available by operating on multiple rows simultaneously.
The SVD decomposition is implemented using the two-sided Jacobi method and
2 x 2 sub-blocks to exploit the parallelism available by operating on multiple blocks
simultaneously. This work allows the algorithm the achieve a mean frame rate of
25.38fps for an image of 320 x 240 in a standalone device.

The second one, the Wiener filter, is in the domain of video encoding. It is used in
AOMedia AV1 video coding. The AV1 video coding is reviewed for video encoding,
and the critical block in terms of complexity and delay is highlighted. The Wiener
filter algorithm is on the critical path. The selected algorithm for implementation is
separable and symmetric. The complexity is resolved by reducing the calculation
using symmetric reconstruction. Then RTL implementation is provided for this
Wiener filter interior blocks for the overall speedup. The algorithm uses simple
mathematical operations, with the most complex being the divider. Using a fast
divider helped improve throughput.

This thesis also provides a survey on the RISC-V cores in the literature that
can be targeted for video processing. The work highlights the main parameters for
core selection. Then, the selector cores are compared for these parameters, and the
best solution is provided for each category. The RISC-V cores are distributed in
literature as in-order and OoO cores. The AISC solutions are fast but have high
power consumption, while the FPGA solutions are slow but with low power. The
high frequency, low area, and power are identified as the parameters in cores for
video processing. The memory hierarchy is crucial for fast access. 00O is essential
to augment the IPC / throughput available. Moderate frequency and low-power
FPGA-based cores are suitable, while high-performance OoO ASIC cores are more
accommodating. It also selects one of the cores LENS for detailed analysis as it is
000 with a low area and suitable for another accelerator extension. It also provides
the necessary modification for LENS to be adopted for video processing.
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Further research on this can be on the inclusion of the SVD, QR, and DFT2
hardware blocks inside the LENS5 core. Then, the execution of these algorithms in
the core and the core with these units can help show the speedup it provides. A study
can also be performed on instantiating the whole DSST block in the processor core.
The performance of the core executing the DSST as a sub-block can help understand
the co-execution of object-tracking tasks. Similar work can be performed for video
encoding filters.
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