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ABSTRACT

DESIGN OF A MULTILAYER CELLULAR NEURAL NETWORK EMULATOR
AND ITS IMPLEMENTATION ON AN FPGA DEVICE

Murathan ALPAY

Department of Electronics and Communications Engineering

Ph.D. Thesis

Adviser: Prof. Dr. Vedat TAVSANOGLU

Electronics engineering, which was once a subbranch of electrical engineering, became
a main branch and separated into many subbranches in the near past. Image processing
is one of these subbranches which is also an interdisciplinary engineering topic. Types
of image processing are also increased and developed due to the technological advances.
Nowadays there are many analog and digital systems, which are capable of realizing
various image processing applications. One of these systems is called a cellular neural
netwok (CNN), which was put forward as a structure of cells where the output of each
cell is computed by using the inputs and outputs of the neighbouring cells. The CNN
structure is used in not only image processing tasks but also other types of applications,
such as chaotic systems and solving partial differential equations which are beyond the
scope of this thesis.

The CNN was firstly defined as a continous—time and discrete—space cell-grid. A CNN
structure can be used in image processing by corresponding each input and output of an
image processing system to the input and output of each cell. The 2-D grid of a CNN
can either be implemented as an analog application specific integrated circuit (ASIC), or
emulated on a digital hardware. The maximum resolution of the analog and digital im-
plementations to date are 176 x 144 and 640 x 480, respectively. There are higher resolu-
tions reported for the digital emulations, however, the frame rate of the emulation drops
drastically. A recently introduced CNN emulator called a second generation Real-Time
Cellular Neural Network Processor (RTCNNP-v2) is reported to be capable of processing
full-HD 1080p@60 (1920 x 1080 resolution, 60 Hz frame rate) images in real-time.

A single-layer CNN structure is generally used in the early CNN applications which is
capable of realizing many image processing applications. However, it is either difficult

Xiv



or impossible to realize some applications with a single—layer CNN structure, e.g., algo-
rithms that require more sensitivity, precision, carrying out computations with complex
numbers, modelling systems with multi—order partial differential equations, etc. It is re-
ported that these requirements can be met by the introduction of two— and multi—layer
CNN structures.

In this thesis, the design and implementation stages of the architecture of a generalized
two—layer DT CNN emulator and a specialized multi-layer DT CNN emulator are pro-
posed based on the RTCNNP-v2 structure, which are capable of processing full-HD
1080p @60 images in real-time. While a two—layer DT CNN emulator design is capable
of realizing all the templates in the general mathematical model, a new measure of layer
neigbourhood is defined for the multi—layer DT CNN emulation. This measure limits the
intra—layer connections to only neighbouring layers. Furthermore, the proposed measure
is extended to support far-neigbourhood interconnections. A two—layer RTCNNP archi-
tecture is implemented on an Altera Stratix IV GX 230 FPGA device, with a maximum
number of 24 Euler iterations. The visible pixel rate and the pixel clock frequency of
the prototype is 124.4 MP/s and 148.5 MHz, respectively, while the throughput is 124.4
MP/s.

Keywords: Multi—layer cellular neural networks, image processing, field—programmable
gate—arrays, real-time systems

YILDIZ TECHNICAL UNIVERSITY
GRADUATE SCHOOL OF NATURAL AND APPLIED SCIENCES
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OZET

COK KATMANLI BiR HUCRESEL SINiR AGI EMULATORUNUN
TASARLANMASI VE FPGA UZERINDE GERCEKLENMESI

Murathan ALPAY

Elektronik ve Haberlesme Miihendisligi Anabilim Dali

Doktora Tezi

Tez danigmani: Prof. Dr. Vedat TAVSANOGLU

Elektronik miihendisligi eskiden elektrik miihendisliginin bir alt dali iken yakin gecmiste
artik anadal haline gelmis ve bir¢ok alt dala ayrilmistir. Bu alt dallardan birisi de birden
fazla miihendislik alani i¢ine giren goriintii isleme olup goriintii isleme tiirleri de teknolo-
jinin gelisimine bagli olarak artmis ve gelismistir. Giintimiizde gesitli goriintii igleme
uygulamalar1 gercekleyebilen analog ve dijital bircok sistem bulunmaktadir. Bu sistemler-
den bir tanesi de her bir hiicrenin ¢ikisinin komsulugundaki hiicrelerin giris ve ¢ikiglarinin
kullanilarak hesaplandig: bir yap1 olarak ortaya atilan hiicresel sinir agidir (HSA). HSA
yapisi sadece goriintii isleme degil 6rnedin kaotik sistemler ve kismi tiirevli diferansiyel
denklemlerin ¢oziilmesi gibi uygulamalarda da kullanilmaktadir fakat goriintii isleme
disindaki uygulamalar bu tezin kapsami digindadir.

HSA, ilk olarak siirekli zamanli ve uzayda ayrik bir hiicreler toplulugu olarak tanimlan-
mustir. HSA yapisinin goriintii islemede kullanilmas1 amaciyla her bir piksele ait giris
ve ¢ikis her bir hiicrenin giris ve cikisina kars: diisiiriiliir. Iki boyutlu HSA hiicreleri
toplulugu bir uygulamaya ozel tiimdevre (UOTD) olarak gergeklestirilebilir ya da dijital
bir donanimla emiilasyonu yapilabilir. Giiniimiize dek analog gerceklestirmelerde azami
coziiniirliikk 176 x 144 iken dijital gerceklestirmelerde ise 640 x 480 olarak bildirilmistir.
Dijital emiilasyonlar i¢in daha yiiksek ¢oziiniirliikler bildirilmis olmasina ragmen bu e-
miilasyonlarin ¢erceve hizlari 6nemli 6l¢iide diismektedir. Son zamanlarda ortaya atilan
ve ikinci nesil gercek zamanl hiicresel sinir ag1 islemcisi (GZHSAI-v2) adi verilen bir
HSA emiilatorii ise yiiksek c¢oziiniirliikli full-HD 1080p@60 (1920 x 1080 ¢oziiniirliik,
60 Hz cerceve hiz1) goriintiileri isleyebilmektedir.

HSA yapisi ilk uygulamalarda tek katmanli olarak kullanilmistir. Bu haliyle bir¢ok goriintii
isleme uygulamasini gercekleyebiliyorken hassasiyet ve duyarlilik isteyen uygulamalar,
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kompleks sayilarla yapilan igslemler ve yiiksek mertebeden kismi tiirevli diferansiyel denk-
lemlere sahip sistemlerin modellenmesi gibi algoritmalarin tek katmanli HSA yapisi ile
gerceklenmesi zor ya da imkansiz olmaktadir.

Bu tezde full-HD 1080p@60 video goriintiilerini isleyebilen ayrik zamanl iki ve cok
katmanli HSA mimarisi tasarimlar1 ve gergeklenmeleri onerilmistir. Bu tasarimlar iki
ve ¢ok katmanli GZHSAI olarak adlandirilmis olup GZHSAI-v2 yapisina dayanmak-
tadir. Iki katmanli yapr genel matematiksel modeldeki sablonlarin tiimiinii gercekleye-
biliyorken, cok katmanli yapi i¢in ise yeni bir katman komsulugu kavrami tanimlanmagtir.
Bu kavrama gore katmanlar aras1 baglantilar sadece belirli bir komsuluk mesafesiyle sinir-
lanmustir. ki katmanli bir GZHSAI mimarisi Altera Stratix IV GX 230 modeli bir alanda
programlanabilir kap1 dizisi (FPGA) iizerinde gerceklenmistir. Tasarlanan prototip bu
FPGA iizerinde 24 Euler iterasyonu yapabilmektedir. Goriinen piksel hiz1 124.4 MP/s,
piksel saat frekans1 148.5 MHz, veri ¢ikis hizi ise 124.4 MP/s’dir.

Anahtar Kelimeler: Cok katmanli hiicresel sinir aglari, goriintii isleme, alanda program-
lanabilir kapi dizileri, gercek zamanl sistemler

YILDIZ TEKNIK UNIVERSITESI FEN BILIMLERI ENSTITUSU

Xvii



CHAPTER 1

INTRODUCTION

1.1 Literature Review

A Cellular Neural Network (CNN) is a cell-based paradigm [1] capable of modelling
any system that can be divided into its smallest integral parts which are called cells. It
has many applications such as image and video processing, artificial vision, biomedi-
cal systems, chaotic systems, circuit and network design, etc. A O—dimensional P—layer
CNN structure consist of a Q—dimensional (Q-D) spatial grid of neural cells and each
cell contains P memory nodes. The templates of such a structure are obtained by defin-
ing local spatial interconnections between the neural cells. These templates are used for
tuning the spatio-temporal dynamics of the system for specific tasks. Generally, a 2-D
single—layer CNN structure with space invariant templates [2] is used in image processing
applications. However the presentation of multi-layer CNN implementations including
some multi—layer CNN emulators enhanced the quality of these applications and enabled
the computation of complex image processing tasks in the last decade. In the multi-layer
CNN case, the templates are responsible for not only intra—layer interconnections but also

inter—layer interconnections between the neural cells.

A multi-layer continuous—time CNN (CT CNN) implementation [3, 4, 5] has the same
advantages, which are also stated in [6], as the single-layer CT CNN: it is fully parallel by
its nature, its convergence rate is considerably faster then that of a digital implementation,
it is easier to merge the architecture with an imaging sensor and obtain a focal plane
processor to directly process the captured data as a pre—processor or artificial retina, etc.

However, the highest implemented number of cells in a multi-layer CT CNN application
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specific integrated circuit (ASIC) is 32 x 64 [7], the highest implemented number of cells
in a multi-layer CT CNN chip is 32 x 32 [3] and it is also reported that the Eye-RIS chip
[8], which has 176 x 144 cells, is capable of conceptual multi—layer emulation, to date.
Therefore, even a low—resolution input comparable to QVGA (320 x 240) may only be
processed by tiling which divides the input into smaller parts called tiles. Tiling causes
significant reduction in the processing speed of the system. Consequently, I/O bandwidth
limit of a multi-layer CT CNN processor makes it impossible to process a video stream

like full-HD 1080p @60 (1920 x 1080 resolution at 60 Hz frame rate) in real-time [6].

Difference equations of a multi-layer Discrete—Time CNN (DT CNN) are obtained by
discretization of state equations of a multi-layer CT CNN. The discretization has sam-
pling and approximation stages. Then, as also stated in [6], the difference equations may
be solved on a software unit as a PC, DSP or GPU, or they may be solved on a hardware
unit which can be implemented as an ASIC or on an FPGA device. Software solutions are

easier to design and modify while hardware implementations provide higher performance.

Using an FPGA device for a multi-layer DT CNN implementation is also preferable in
most cases as it is for a single-layer DT CNN implementation [6]: an FPGA device has
very flexible parallel structures, faster then software implementations and cheaper than
ASIC solutions. Consequently, the most notable multi—layer DT CNN implementation is
the Falcon [9], based on the Castle architecture [10], which is implemented on an FPGA
device. The implementation reported in [11] is classified as a multi-layer CNN struc-
ture, however it is in fact a group of independent CNNs connected end to end, which is
beyond the scope of this thesis. In [12], a two-layer application specific DT CNN imple-
mentation for a real-time autowave generation is given. An application specific DT CNN
implementation is reported in [13] as a specialized multi-layer structure, however, it is
not capable of processing a video stream like full-HD 1080p@60 (1920x 1080 resolu-
tion at 60 Hz frame rate) in real-time. Alternative FPGA architectures of DT CNN were
proposed in [14, 15, 16], which are named as Real-Time CNN Processors (RTCNNPs)
which have two generations: a first generation which is called RTCNNP-v1 [14] and a

second—generation RTCNNP which is called RTCNNP—v2 [15, 16]. The architectures
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proposed in this thesis are called the two— and multi—layer RTCNNP, as they are based on
the RTCNNP-v2. It is crucial to point out that there are more application—specific two—
and multi—layer CNN implementations than [7, 13, 17, 12], however these are beyond the

scope of this thesis since they are designed to be application specific.

Finally, this research was supported by The Scientific and Technological Research Coun-
cil of Turkey (TUBITAK) under project number 108E023, and a total number of four PhD
theses are introduced at the end of the project. The first thesis [18] is the foundation of
the others, including this one, in which first generation of a Real-Time CNN Processor
(RTCNNP-v1) was introduced. In the second one [6], a second generation RTCNNP
(RTCNNP-v2) is designed and implemented. In the third thesis [19], which is also based
on the second one, the CNN-based Gabor-type filter (GTF) implementation is given. Fi-
nally, in this thesis, extending the architecture proposed in the second thesis to support

two— or multi—layer CNN structures is proposed.

1.2 Objective of The Thesis

Aim of this work is to design a real-time generalized two—layer and a specialized multi—
layer DT CNN implementation supporting not only higher frame-rates, but also higher
resolutions, including full-HD 1080p@60. Consequently, it will be possible to use algo-
rithms which can be realized with two— and multi-layer CNN structures can be used in

image processing applications of modern systems.

1.3 The Original Contribution

As stated in [6], the most original contribution of the RTCNNP-v2 [15] is the introduc-
tion of a local control structure for the pipelined CNN emulator arrays, hence making
the new design almost infinitely flexible, reconfigurable and reusable as opposed to the
RTCNNP-v1 [14]. To this end, this thesis makes use of the flexibility, reconfigurabil-
ity and reusability of the RTCNNP-v2 architecture which is the basis of the architecture

proposed in this thesis.

The most original contribution of this thesis is the extension of the RTCNNP-v2 archi-

3



tecture to two— and multi—layer CNN by proposing a new topology for the processors of
RTCNNP-v2. The topology is designed by dividing the computation not only in the time
domain but also in the layer domain. Furthermore, the full-pipelining of RTCNNP—-v2
is preserved with the proposed topology. Moreover, a measure of layer neigbourhood is
defined, which limits the number of the inter—layer connections. The last but not the least,
the number of layers in a multi-layer CNN implementation is designed to be reconfig-

urable which also makes the architecture flexible.



CHAPTER 2

THE SINGLE-LAYER AND MULTI-LAYER CELLULAR
NEURAL NETWORK STRUCTURES

In this chapter, first the mathematical model of continuous—time space—invariant single—
layer CNNs is revised as given in [6], then the structure of the two— and multi—layer

structures are briefly given along with their mathematical models.

2.1 Continuous-Time Space-Invariant Single-Layer CNNs

In the most general case, a single—layer CNN structure is a discrete—space, continous—
time Q—dimensional spatial grid of neural cells, each containing P memory nodes, and
has space—variant local interconnections. However, mostly 2—dimensional (2-D), M-
neighborhood and space—invariant CNN structures are used in image processing applica-
tions. A 2-D CNN grid and its local interconnections are given in Figure 2.1, where it is
assumed that only the nearest neighbors are connected with each other, which is called a

one—neighborhood CNN.

The Chua—Yang CNN model [1] of an M—neighborhood single—layer space—invariant
continuous—time CNN with I x J rectangular array of C(i, j) cells is completely described

in [2] by the cell state and output equation pair

Xij(t) = —xij(1) + Z Clklyl+kj+l 1)+ bklui+kj+z) +2z, (2.1)
kJ=—M

Yij(t) = f(xij (1)) = 0.5 (|xi; (1) + 1] = |xi5(1) = 1]) , (2.2)

where (i, j), i€ {1,2,...I}, j € {1,2,...J} are the spatial Cartesian coordinates, x;;(t) is the
cell state at time 7, u;; is the constant—valued cell input, ay; and by, k,l € {—M,...0,..M},
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Figure 2.1 A 10 x 10 spatial grid of a CNN and its one—neighbourhood spatial
interconnections
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Figure 2.2 Convolutional block diagram of a single—layer CT CNN and its
one—neighbourhood spatial interconnections

M € N are the constant—valued feedback and input coefficients, respectively, z is the bias

value and y;; is the cell output (Fig. 2.2). Eq. (2.1) can be written as
Xij(t) = —xij(t) +A®Yi;(t) + B®Uij + 2, (2.3)

where ® is a convolution—like operator called template—dot—product, A and B are the

feedback and feed—forward templates, Y;;(¢) and U;; are the translated masked output



Figure 2.3 A fourth—order single—layer CNN with nine cells [20]

and input, respectively. For M =1

a1-1 a0 a-ii b_1-1 b9 b_11
A= layy aw an | B=|byo_y bo boi |
aj—1 app an bi—1 b Db
Vie1j—1(t) yie1j(t)  Yie1j1(2) Wisij—1 Wim1j Wi—1j+1
Yij(r) = yij-1(t) yij(t) yij+1(t) | Uij= | uij-i Ujj Ujj1
Virtj—1(t) Yir1;(t) Yir1j1(2) Uil j—1 Wiplj Uir]jel

2.2 Multi-Layer CNNs

MLCNNS are generally used in modelling linear or nonlinear multi—order partial differ-
ential equations or systems having more than one state equation, since a Pt order single—
layer CNN design is much more complex than that of a first order P-layer CNN. For
example, a fourth—order single—layer CNN structure with nine cells is given in Figure 2.3
to illustrate the connection irregularity [20]. In this figure, a small circle indicates a state
variable, while a group of small circles (a big circle) is a CNN cell. Only connections
between two cells are shown to avoid clutter, although all the neigbouring cells should
be connected in the same manner. On the other hand, by using a first—order four—layer

CNN, the structure in Figure 2.4 is obtained instead of the one given in Figure 2.3. This

7



Figure 2.4 A first—order four—layer CNN with nine cells [20]

structure is more regular, where each state—variable is assigned to a different layer [20].
In Figure 2.4, only connections of the cell at the center in the first layer is shown to avoid
clutter. Therefore a multi-layer CNN 1is an approximation of a multi—order single—layer
CNN. Furthermore, MLCNNSs are also used in spatio—temporal bandpass filtering [7, 21],
or to implement improved alternatives of typical CNN applications such as edge or corner

detection [20].

A two-layer CNN, which is a special case of a MLCNN, is mainly used for carrying out
any kind of computations with complex numbers since a single—layer CNN with complex—
valued templates can also be realized with a two—layer CNN with real-valued templates.
This is achieved by dividing a computation with complex numbers into its real and imagi-
nary parts and assigning them to the first and second layers, respectively. The CNN—based
Gabor—type filter (GTF) [22] can be given as an example in this sense. Furthermore,
two—layer CNNSs are also used in modelling second—order partial differential equations or

systems having two state equations such as RD-CNN [23] and autowave generation [24].

A question arises if the MLCNN structure has a target of reducing the number of itera-
tions needed for a single—layer CNN structure, however, there is no such target and the

number of iterations depend on the application type. For example, an autowave gener-
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ation application such as [24] require hundreds or thousands of iterations while typical
CNN applications such as edge or corner detection require only a few iterations. As a
result, it is impractical to compare MLCNN structures with single—layer CNN structures
since some algorithms are more suitable for MLCNNSs while others are more suitable for

single—layer CNNs. Further comparisons are beyond the scope of this thesis.

2.2.1 Continuous-Time Space-Invariant Multi-Layer CNNs

An M—neighborhood space—invariant continuous—time discrete—space single—layer CNN
with K x L rectangular array of C(i, j) cells given in Section 2.1 can be expanded to a

MLCNN that is completely described by the cell state and output equation pair

P M
Xijp(t) = —Xij p(t) +Z Z (akl,qpyi—l—kj—q—hq(t) +bk1,qpui+kj+z,q) +2p, (2.4a)
q=1k,l=—M
Yijp(t) = f(xijp(t)) = 0.5(|xij p(r) + 1| — |xij p(r) — 1)) (2.4b)

where (i, j), i € {1,2,...I}, j € {1,2,...J} are the spatial Cartesian coordinates, x;; ,(f) is
the cell state of the p'" layer at time ¢, y; j,p(t) is the cell output of the p™ layer at time
t, zp 1s the bias of the p™ layer, u; j,p 18 the constant-valued cell input of the pt layer,
and ay; 4p and by g, k,l € {—M,...0,..M}, p € {1,...P}, M € N are the constant-valued
feedback and input coefficients, respectively. Eq. (2.4a) can be written as
P P

Xijp(t) = —xijp(t) + ;qu ®Yijq(t) + q; By ®Uijg+2zp (2.5)
where ® is the template dot product operator, A,, and B, are the feed—back and input

templates, and Y;; ,(¢) and U;; , are the translated masked output and input, respectively.

When g = p, the templates are intra—layer templates, inter—layer otherwise. For M = 1:

Ad-1-14gp d-104gp G-1l4p boi-1gp D-10gp D-114p
Agp = ao-1,4p  A004qp  dOlgp |° By = bo-14p  bovgp  borgp |-
Ai-lgp  Q0,4p  QAllgp bi-1gp  brogp  Diigp



Vie1j-1,4t) Yic1j.q(t)  yic1j41,4(t) Uislj—lg Ui-1jq Ui—1jt+lgq
Yijq(t) = Viictg®)  Yigg®)  vigrigt) |v Uig= | wiji1g  wijg  Uijri1g

)’i+1j71,q(t) yi+1j,q(’) yi+1j+1,(](t) Uir1j—-1,q Uitljq Uitlj+lg

A block diagram of this mathematical model is given in Figure 2.5.

2.2.2 Discrete-Time Space-Invariant Multi-Layer CNNs

The mathematical model of a multi-layer DT CNN is obtained by sampling (2.5) in the

time domain by

Xij,p ()] g, = Xij.p (nTy) = Xijp(n)
%ij,p ()] _g, = Xij.p (nTy) £ Xijp (1)
Yijp )] g, = Yijp(nT5) = yijp(n)

Yijq(t)],_py. = Yijq(nTy) 2 Yijq(n) (2.6)

and applying Forward—Euler approximation

dxijp(n) _ xijp(n+1)—xijp(n)
ae T

to (2.5) which yields the discrete state equation as

P P
Xijp(n+1) = x5 p(n) + Ty(—xij,p(n) + Z Agyp®Yijq(n)+ Z By, ®Uijq+zp) (2.7)
q=1 qg=1

The discrete output equation is similarly obtained by sampling (2.4b) in the time domain

and is given as
Yijp(n) = f(xijp(n)) = 0.5(|xijp(n) + 1| = |xijp(n) — 1). (2.8)
A block diagram of this mathematical model is given in Figure 2.6.

2.2.3 Full Signal Range Model of Multi-Layer DT CNNs

Although it is possible to implement (2.7) directly, Full Signal Range (FSR) model [25]

of DT CNN is easier to implement, hence designers of most DT CNN implementations
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are inspired by the idea and applied the FSR model to a DT CNN, however the method
of obtaining the FSR model of a DT CNN is not clearly described in the literature until
the description given in [6]. Therefore, The cell-state equation of the FSR model of a
A

multi-layer DT CNN is then obtained by taking y;; ,(n) = x;; ,(n) and y;j ,(n+ 1)
f(xijp(n+1))in (2.7) and (2.8), respectively as

P P
Xijp(n+1) = (1 =T)yij p(n) + T, Y Agp @ Yijg(n) + T; Y Byp ®Uij g+ Tizp (2.9)

q=1 q=1
Vijp(n+1) = f(xijp(n+1)) = 0.5(|x;j p(n+1) + 1| — |xi p(n+ 1) — 1]). (2.10)
which can be written as
P
Xijp(n+1) = ZA p®Yijq(n Z By ®Uijg+2p 2.11)
q=1 q=1
yl-“,(n—k 1) = f(x,-j’p(n—I— 1)) = O.5(|x,~j7p(n+ 1) + 1‘ — |x,~j’p(n+ 1) — 1|) (2.12)

where new template coefficients and thresholds are defined by:

- (1_7})4_Tsakl,qp k,l=0 and g = p,
Akl.qp =
Tsap 4p otherwise,

biigp = Tsbkigp, — Zp = Tszp.

Using (2.11) and (2.12), output equation of the FSR model of a multi-layer DT CNN can

be written as

P
qv®Yuq Z By ®Uijg+7p). (2.13)

||M~u

y,]p n+1

For P = 1, output equation of the FSR model of a single-layer DT CNN can be obtained

as
yijin+1)=f(A®Y;j(n)+B®U;;+7). (2.14)

In order to show two examples of this equation in open form (2.15) and (2.16) are obtained

13



by taking P =2 and P = 6 in (2.13), respectively.

yiji(n+1)=f(An®Y;1(n)+A2 ®Y;j2(n)+B11®U;j1 + By ®Ujjn+7ij1),
(2.15a)

yija(n+1)=f(An®@Yij2(n)+An®Yj1(n) +Bn®U;jr+ B ®Ujj 1 +Zij2) -
(2.15b)

yiji(n+1)=f (A1 ®Y;j1(n)+A2 ®Y;j2(n) + A3 ® Y, 3(n) +As ®Y;j4(n)

+As51 ®Y;;5(n) +Aq1 ®Y;j6(n) +B11 ®U;j1 + B ®Ujjo

+B31®Ujj3+Bsi®Ujjs+Bsi®U;js+Bei ®U;j6+7Zij1), (2.16a)
ija(n+1)=f(An®Yij1(n) +An®Y;ja(n) +Ax®@Y;3(n) +An®Yij4(n)

+As5, ®Y;;5(n)+Ax ®Y;j6(n) +B12,®U;j1 + Bn®Ujjn

+B3 ®U;j3+Byp®Ujja+Bsy ®U;js+Bey®Ujje+7ij2),  (2.16b)
yija(n+1)=f(A®Y;;1(n)+An®@Y;j2(n) + A3 ®Y;;3(n) + Asz ®Y;j4(n)

+As53®Y,;5(n)+Az®Y;j6(n) +B13®U;j1 + Bz ®Ujjn

+B33 ® Uiz +Bi® Uija +Bs;® Uis +Bg;® Uije +Zij73) , (2.16¢)
yijan+1)=f(Aa@Y;j1(n) + A2 ®@Y;j2(n) + A3 ®Y;;3(n) + Ass ®Y;j4(n)

+As54®Y,j5(n)+Acs ®Y;j6(n) +B1a®U;j1 +Bau®Uijn

+B34®U;j3+Bu®Ujja+Bsu®U;js+Bea®Ujje+7ij4), (2.16d)
Yijs(n+1) = f(A1s®Yij1(n) + A5 ®Yija(n) +Ass ® Yij53(n) +A4s ®Yija(n)

+Ass®Y;js5(n) +Aes ®Y;j6(n) +Bis®@Ujj 1 +Bos®Ujjn

+B3s®U;j3+Bys®Ujja+Bss®U;js+Bes®Ujje+7ij5),  (2.16e)
vije(n+1)=f(A1e®Y;;1(n) +Ax®Y;j2(n) + Aze ®Y;j3(n) +Ase ®Y;j4(n)

+Asc®Y;;5(n) +Ace ®Y;j6(n) +Bi1e®U;j1 + B ®Ujjn

+B36®U;j3+Bag®U;ja+Bssc®U;js+Boe ®Ujj+7Zij6) - (2.16f)

The ‘FSR model of a two—layer DT CNN’ and ‘FSR model of a multi-layer DT CNN’
hereafter shortly referred as ‘two—layer DT CNN’ and ‘multi-layer DT CNN’, respec-
14



tively, since other mathematical models are not used in this thesis.
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CHAPTER 3

THE DIFFERENCES BETWEEN MULTI-LAYER CNNs,
MULTIPLE-LAYER CNNs AND MULTI-CNN SYSTEMS

Although MLCNN:Gs are initially defined by Chua and Yang with the introduction of CNN
theory [1] in 1988, MLCNN applications did not emerge immediately. Then Harrer de-
fined a multiple-layer CNN structure [26] which was different from the original model
given in [1]. Multiple—layer CNN structure has time—variant templates without any inter—
layer connections. Therefore MLCNN and multiple-layer CNN structures are different
from each other with different topologies. The most important difference between these
structures 1is that a multiple-layer CNN may have some topological differences like con-
necting the inputs, outputs or initial states of two different layers at two distinct iteration
steps, has no inter—layer templates, etc. On the other hand, a MLCNN has inter—layer
templates and it does not have any interconnection between two different layers at two
distinct iteration steps but it has interconnections between two different layers at the same
iteration step. Yang gave an explicit definition of MLCNNSs [20] where the original model

[1] is explained more thoroughly with only notation differences.

Output equation of a generalized mathematical model of MLCNN is given in (2.13). On
the other hand, output equation of a generalized mathematical model of multiple—layer
CNN structures is given in (3.1) [26]. Some elementary building blocks for interconnect-
ing multiple layers are given in Figure 3.1. In the parallel mode, outputs of two distinct
layers are given as an input to a logical function block called f7 block to obtain the out-
put. In the cascade mode, the output of the previous layer is connected to the input of the
subsequent layer which gives the output of the network. In the feedback loop mode, the
outputs of successive layers are connected to the inputs of each other closing the loop.
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Figure 3.1 Some interconnection types of multiple—layer CNN structures [26]

Any other multiple-layer CNN structure can be obtained by combining these intercon-
nection types hence the mathematical model changes due to the interconnection type of

the structure.

yl’LP(” +1) = f( P(”) ® Yij,p(”) +Bp(”) ®Uijp(n) +Zp(”))- (3.1

The implementations of these structures and even other kinds of structures like multi—
CNN systems began to emerge with the development of the first multiple—layer DT CNN
chip [27]. Note that, there are some instances of misclassifications of the MLCNN and
multiple—layer CNN structures like in [11, 28], hence care should be taken while conduct-

ing research in the area.

3.1 The Multi-CNN Architecture of Martinez et al.

The multi-CNN architecture [11, 28] of Martinez et al. is implemented as a DT CNN
emulator on an FPGA device. It is reported as a multi-layer DT CNN however it does
not realize the multi—-layer model given in multi-layer CNN theory [1, 20]. It is actually
a group of different CNNs forming a cascade and carrying out the computation in the
time domain hence it may be called as a kind of multiple-layer DT CNNs but not a
multi—-layer DT CNN. It is also previously designed by the same team as a single—layer
DT CNN emulator [29], implemented on an FPGA device. The single-layer DT CNN

model and the simulated realization of Martinez et al. is given in their earlier work [30].
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Figure 3.2 The multi-CNN system of Martinez et al. [11]

The processor core of the multi-CNN architecture of Martinez et al. does not have a
difference with the single—layer processor core. The processor array of the multi—-CNN
architecture is also similar to the single—layer processor array (Figure 3.2). It is realized
by connecting the output data port of the last stage of one CNN to the input data port of

the first stage of the next CNN. The system is reported to work in real-time.

3.2 Summary

This thesis deals with the implementation of a two—layer DT-CNN and a specialized case
of multi—layer DT CNNs with time—invariant templates but it is not about the multiple—
layer CNN given in [26]. In [31], it is stated that using one layer with time—variant tem-
plates in a multiple—layer CNN architecture instead of two time—invariant layers reduces
the exploited hardware and eliminates the overhead of transferring data between the lay-
ers. However, this is only true for DT CNN architectures, which are not fully pipelined
and not designed to process higher resolutions as full-HD data in real-time. The archi-
tectures proposed in this thesis use the RTCNNP-v2 core as basis for building the two—
and multi-layer DT CNNs and are fully pipelined, so it also eliminates the overhead of
transferring data between the layers, although the templates are time—invariant. On the
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other hand, thanks to the reconfigurability of the RTCNNP-v2 backbone, multiple-layer

CNNss or even multiple-layer MLCNNS can be realized via different topologies.
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CHAPTER 4

OVERVIEW OF THE EXISTING TWO-LAYER AND
MULTI-LAYER CNN IMPLEMENTATIONS

There are several previously designed two— and multi-layer CNN implementations found
in the literature: some of them are general purpose CNN implementations [3, 9] which
are capable of realizing many different applications while others are application specific
[7, 13, 17, 12]. In the following, an overview of the most notable MLCNN architectures

is given.

4.1 The Multi-Layer CT CNN Architecture of CACE1K Chip

The multi-layer architecture of CACEIK CNN-UM chip [5], which is realized using
0.5u CMOS technology, is implemented as a two—layer CT CNN chip [4] containing
2 x (32 x 32) cells. The chip inherently implements a third layer, however, it is only an
output layer and it is not a part of the actual multi-layer CNN structure. The chip is used
in early applications of artificial vision [3]. The model of the CNN-UM chip is given in
Figure 4.1. In this model, there are two physical layers, which have all of the A— and intra—
layer B—templates of the original Chua-Yang model [1]. In other words, the inter—layer B—
templates of the original Chua-Yang model [1] are excluded hence this model has two B—
templates and four A—templates in total, however, both of the B—templates and the inter—
layer A—templates have only one non—zero entry. In other words, the mathematical model
of this architecture only consist of two intra—layer A—templates, two inter—layer feedback
coefficients (agp,12 and app21) and two intra—layer input coefficients (boo,11 and bgp22).
The FSR model [25] of CT CNN is used in the design of this architecture. This can
be considered as the only similarity with the two—layer RTCNNP architecture proposed
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Figure 4.2 Functional block diagram of the two—layer architecture of CACE1K chip [4]

in Section 6.2 where the FSR model [25] of DT CNN is discussed. The functional block
diagram of a cell of the two—layer architecture of CACE1K chip is given in Figure 4.2, the
block diagram of the two—layer processor core of the CACE1K chip is given in Figure 4.3a

and Figure 4.3b.

In Figure 4.3a, the basic cell structure has two nodes for two layers along with local ana-
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log memories (LAMs), local logic memories (LLMs) and a local logic unit (LLU). There
are four LAMs and four LLLMs, which are responsible for the storage of the intermediate
results, and one LLU that carry out pixel-level logic operations. The internal structure of
an analog CNN layer node (Figure 4.3b) consists of summming and integration, limiter,
self feedback, input memory, bias memory, offset cancellation memory and 1/O blocks.
The summming and integration block receives contributions from the neighbours of the

processing nodes and sums and integrates them like it is shown in Figure 4.2. The in-
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Program
input )

put and bias memories are responsible for storing the input and bias of the current cell.
The offset cancellation memory is responsible for cancellation of the offset of the synap-
tic blocks, therefore it communicates bidirectionally with the summing and integration
block. The self feedback and limiter blocks are also shown in Figure 4.2 with g() and f()
symbols respectively. The limiter block is responsible for implementing the FSR model
of the CT CNN. Finally, the I/O block handles the communication with the intracell data
bus. A two—layer processor core computes the result of a pixel, hence a 2—-D input image
having 32x32 pixels is processed by the 2—-D array of processor cores (Figure 4.4) and an

output image is obtained.

4.2 The Multi-Layer DT CNN Falcon Architecture

The single-layer Falcon architecture [9, 32], a DT CNN emulator implemented on an
FPGA device, is based on the Castle architecture [10] which is a digital VLSI design im-
plemented on a chip. The single-layer Falcon architecture uses the FSR model [25] of
DT CNN like the Castle architecture but they make use of the FSR model in a different
way such that the center element of the A—template differs in these architectures. Fur-

thermore, as opposed to Castle, the architecture of Falcon can be configured to support

MLCNN.

Processor array of the single-layer Falcon architecture is given in Figure 4.5. It has a
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processor core forming a 2-D processor array which has input, output and control lines.
The processed 2—D input is partitioned among the physical processors. Each processor
column works on a long and narrow vertical stripe of the 2-D input image. In one cycle,
a row of processors gets the result of the previous iteration from the row of processors
above, calculates one iteration and sends the results to the row of processors below. In
other words, a row of processors is responsible for the calculation of one iteration while a
column of processors is responsible for the calculation of a long and narrow vertical stripe

of a 2-D input image.

Processor core of a single—layer Falcon architecture is given in Figure 4.6. The Falcon
processor core has a global control structure. The main parts of a Falcon processor core
are the memory, mixer, arithmetic and template memory units. The memory unit stores
the values of the previous iteration for the calculation of the current iteration. The mixer
unit is also a kind of memory that stores values of the neigbouring stripes of a 2—D input
image for the calculation of a stripe. The template memory stores the template values.
The arithmetic unit, which is given in Figure 4.7, is responsible for carrying out the com-
putation of the stored values in order to obtain the results of the current iteration of the
stripe being processed. A simplified aritmetic unit (Figure 4.8) structure is used for the
nearest neighborhood sized templates on the Falcon architecture. This simplified arith-
metic unit of a Falcon processor core has a pipelined adder tree whereas the arithmetic

unit of a Castle processor core has an adder tree without pipeline.

24



Stateln Constlin Tmpselin
\ \ \

— RightOut
LeftOut — Memory unit
| — RightOutNew
Leftin —
Mixer unit damplite Rightin
LeftinNew —| | W men"lory T
[

Arithmetic unit

\ \ ——
StateOut ConstOut TmpselOut

Figure 4.6 Processor core of Falcon Architecture [9]

S, T|1 S|2 T|2 Szurn T2|n+1 9;
Mult Mult Mult

| | |
Adder tree

Shift reg

Figure 4.7 Arithmetic unit of Falcon processor core [9]

The processor array of the multi—layer Falcon architecture remains the same as that of
a single—layer structure. On the other hand, the processor core of the multi—layer archi-
tecture (Figure 4.9) has significant changes except containing similar units, as core of the
memory, mixer and template memory units remain the same. Arithmetic unit core needs P
times more multipliers therefore the computation load increases. Architecture of the gen-
eralized multi—layer arithmetic unit is given in Figure 4.10. In this design, the number of
multipliers, adders and registers in the pipelined adder tree is increased. The multi-layer
aritmetic unit can be optimized according to a specific application to reduce the number
of multipliers, adders and registers. The multi—layer processor core also needs a template
select memory. Furthermore, the multi—layer processor core contains P memory, P mixer

and P arithmetic units. Moreover, the arithmetic unit of each layer is connected to every
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mixer; and the template memory is connected to every aritmetic unit. Finally, it is obvi-

ous that while a single-layer processor core contains 6 units, a multi—layer processor core

contains 3P -+ 2 units with increased number of connections.
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CHAPTER 5

RTCNNP-v2 ARCHITECTURE

The RTCNNP-v2 architecture [15, 16, 6] is the fastest DT CNN emulator implemented on
an FPGA device, to date. It is designed to add flexibility, modularity and reconfigurability
to the RTCNNP-v1 architecture [14, 18]. Also, a new control structure for the pipelined

CNN processor arrays is proposed over the RTCNNP-v1 architecture.

MLCNN architectures proposed in this thesis are built without changing the core and
control structure of the RTCNNP-v2 architecture hence the RTCNNP-v2 core is one of
the basic building blocks of the proposed architectures. Therefore, in this section, the
mathematical design of the RTCNNP-v2 architecture is revised, and a summary of the

RTCNNP-v2 architecture core and its processing array structure is given.

(2.14) can be rewritten indicating the functions of an A processing unit (APU) and a B

processing unit (BPU).
BPU
_ —
)’ij(n+1)Zf(A®Yij(n)+B®Uij+Z> (5.1)
APU
In (5.1), the BPU computes the constant term
gij=B®Ujj+z, (5.2)

which does not depend on the discrete—time variable n. By exploiting this property, it
is possible to calculate g;; only once for each input pixel, and use the same result as a

constant through all Euler iterations. Now (5.1) can be rewritten as

yijin+1)=f(A®Y;j(n)+gij), (5.3)
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which is similar to (5.3), except for an f(.) function.

Considering (5.2) and (5.3), a computation flow of a single—layer DT CNN can be written

as

constant calculation : 8ij = B&®U; itz (5.4a)
1st iteration : yij(1)= f(A®Y;(0) +gi) (5.4b)
2nd iteration : yij(2)=f(A®Y;;(1) +gij) (5.4¢)
nth iteration : yij(n)= f(A®Y;;(n—1)+gij) (5.4d)
Nth iteration : yij(N)=f (A ®Y;;(N—1) +g,-]-) (5.4e)

where N is the total number of Euler iterations desired. Constant calculation (g;;) is an
independent process, while any iteration (y;j(n+ 1)) depends on the results of the g;;
and the previous iteration (y;;(n)). The computation flow is suitable for a fully pipelined
architecture, as it is a feed—forward process chain. As opposed to the computation flow
in the time domain, it is possible to compute an iteration result of a previous pixel while
the iteration result of the current pixel is being computed in the spatial domains. The
local control structure of the RTCNNP-v2 architecture completely eliminates the need of

calculating the exact values of spatial shifts, caused by pipelining [6].

The x processing unit (xPU) is the core of the RTCNNP—-v2 architecture (Figure 5.1). An
xPU block can either be configured as an APU or a BPU hence the data and constant

inputs of an xPU can be defined as

data_in for BPU,

data_out = ) (5.5
A ®data_in + const_in for APU,
B ®data_in + const_in for BPU,

const_out = (5.6)
const_in for APU,

in terms of data input, constant input, A— and B— templates. The control outputs are the
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Figure 5.1 Processor core of RTCNNP—v2 Architecture [16]

same as the control inputs, only delayed in the local control block.

A brief overview of the simplified block diagram in Figure 5.1 can be given as follows.
The boundary condition generator generates either zero—flux (Neumann) or fixed bound-
ary conditions and it is programmable. The row—wise packed 2-D input image data and
constant inputs are unpacked in the data and constant RAM units, respectively, where
the address counters provide easy and local control. Template RAM is used to store the
template values. Local control block is used for the synchronization of video signals.
Multiply and add block is responsible for the template dot product and bias value addition
operations. Finally, the output multiplexers route the results to the outputs depending on

the xPU type.

It is also crucial to point out the memory organization of the RTCNNP—-v2 core since it
is the optimized version of the RTCNNP-v1 core. The memory usage of RTCNNP-v1
and RTCNNP-v2 cores are given in Figure 5.2a and Figure 5.2b, respectively. There is
no need to store the data of a whole line after the optimization, hence the memory usage

is reduced.

The simplified processor array of xPUs is given in Figure 5.3. For N iterations, N + 1
xPUs containing 1 BPU and N APUs are connected end to end. BPU is always at the
beginning of a processor chain, computing (5.4a). The data output of a BPU gives the
original value of the data input (u;;), delayed by the length of the pipeline. The first APU
takes the data output (g;;) of the BPU as its constant input and a data value which can be

either any initial value (y;;(0)) or the data output of the BPU (u;;). The constant output
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Figure 5.3 Processor array of the RTCNNP-v2 Architecture [16]

of the first APU (g;;) is the same value as its data input; and its data output (y;;(1)) is the
result of the first iteration. All the remaining APUs are connected as a cascade structure
for passing the constant value (g;;) through the processor chain and for creating the output
(vij(n+ 1)) of the current iteration. In this process, the output (y;;(n)) of the previous
iteration is used as the input of the current iteration. The reason why N + 1 processors
are used for N iterations is that the maximum speed requirement for the system to process

real-time full-HD images. More detailed explanation can be found in [15, 16, 6].
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CHAPTER 6

THE PROPOSED ARCHITECTURES FOR TWO-LAYER AND
MULTI-LAYER CELLULAR NEURAL NETWORKS

In this chapter, the proposed two— and multi—layer CNN architectures are discussed in
detail. In the first and second sections, two different approaches in the implementation of
a two—layer CNN structure are proposed [33, 34]. In the third section, second approach
of the proposed two—layer architecture is generalized for multi-layer CNN emulation.
Fourth, the overview of the whole structure is given. Finally, the proposed architecture is

compared to the multi-layer Falcon architecture.

6.1 First Approach to Design a Two-Layer Processor

Cell—output equation of an M—neighborhood space—invariant two—layer DT CNN for an
iteration is previously given in (2.15), where it is seen that there are four A— and four B—
template dot product operations in an Euler iteration. This equation pair can be realized
via only one processor, two processors or any number of processors. Since a two—layer
processor of a two—layer RTCNNP architecture uses single-layer processors (xPUs) of
a single-layer RTCNNP-v2 architecture as basic building blocks, four processors are
required for the calculation of an Euler iteration and four others are required for the cal-
culation of the constants of two layers. Therefore, four xPUs are used as BPUs and four

xPUs are used as APUs.

In the first approach, (2.15a) and (2.15b) are both divided into four parts, each of which

is implemented by an xPU. Therefore (2.15) is rewritten indicating the functions of each
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APU and BPU as given in (6.1a) and (6.1b).

BPUy,; BPUy,
yiji(n+1) = f(z‘_lzl ®Y;j2(n) +{111 ®Y;1(n) +By ® Uij,;+§11 ®Uij1 +Zij;)
APUy,
N — .
(6.1a)
BPUy BPU,
yija(n+1) = f(z‘_lzz ®Y;j2(n)+A1n®Y;1(n) +Bn® Ui +Bn® Uij» ‘f‘Zij,;)
< — 2
) APz,
(6.1b)

An APU and a BPU is responsible for one A— and one B—template dot product operations,
respectively [15, 16]. Since two A— and two B—template dot product operations are com-
puted in both layers, computation of each process in the first layer of an iteration is given

in (6.2a) and that of the second layer is given in (6.2b).

BPU; D i =Bu®Uiji+zij,1

BPU,; : gijo1 =By ®U;j»

APUy(n+1) : hji(n+1)=An®Y;1(n)+gij11+8ij21

APUyi(n+1)  + yija(n+1) = f(xj1(n+1)) = f (A2 ®Yija(n) +hiji(n+1))
(6.2a)

BPU,, © 8ij=Bn®U;jr+7Zij2

BPU,, D gij12=Bn®U;,

APUy(n+1) @ hijo(n+1)=A1p®Y;j1(n)+gij20+8ij12

APUn(n+1)  : yija(n+1)=f(xja(n+1)) = f (An®@Y;j2(n) +hija(n+1))
(6.2b)

In order to show the computation flow of each iteration by means of the processing units
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(processors), (6.2) can be written in a sequence as given in (6.3)

BPUy, © gij =B ®U;j1+7ij)

BPUy; : gijo1 =By @Ujj,

BPU»,, D i =Bn®Uijsr+7ij

BPU» D g =Bn®Uij;

APUL (1) ¢ hiji(1) =A1 ®Y;51(0) +gij1 +gij21

APUy (1) = yiju(1) = f(An ®Y;52(0) +hija(1))

APU;p (1) ¢ hijj2(1) =A12®Y;;1(0) +gij22+8ij12 (6.3)
APUp(1) & yija(1) = f(An®Yij2(0) +hija(1))

APU(N) :© hji(N)=An®Y;j1(N—1)+gij11+8ij2
APUZI(N) : Yij,l(N):f(AM@Yij,Z(N_1)+hij,1)
APUp(N) @ hijo(N)=A1n®Y;j1(N—1)+gijn+8iji2

APUxn(N) : yijo(N)=f(An@®@Yij2(N—1)+hij».)

The activation function (f(.)) is applied to the states of both layers (x;;(n+ 1) and
xij2(n+ 1)), after which the outputs of both layers (y;;1(n+1) and y;;»(n+ 1)) are ob-
tained. In addition to this computation, the bit widths of the outputs are also reduced to
be compatible with the bit widths of the inputs of the next APU. Therefore an xPU has a
saturator block, applying the activation function and performing the rounding operation,

which can be enabled or disabled as required [6].

Since there are intermediate values in the designed processor core, the saturator blocks
in APU;; and APU;; are disabled because the intermediate values must be computed
without saturation. Therefore APU,; and APU,; are used as the same in the previous
RTCNNP-v2 system because they give the outputs of the new core. The simplified block
diagram of this new core called APU2L (APU for two-layer DT CNN) is given in Fig-

ure 6.1. There are also delay blocks to ensure data synchronization. The control I/O of the
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Figure 6.1 First approach for the processor core of the two—layer RTCNNP Architecture

APUs are not shown since the local control structure is the same as that of the previous

works [15, 16, 6].

This approach is not chosen for implementation because there is an important setback in
this design: the constant outputs of the APUs in the first stage are not saturated hence
their bit widths are larger than the saturated outputs. As a result, APUs in the second

stage require larger memory, wasting too much resources.

6.2 Second Approach to Design a Two-Layer Processor

In the second approach, (2.15a) and (2.15b) are both divided into four parts, similar to
the first approach. Therefore (2.15) is rewritten to indicate the functions of each APU
and BPU. However, the division is revised for the resource optimization, where an extra

addition and saturation operation is also used:

BPUy, BPUy,
yijai(n+1) = f( é%}/ ®Y;j2(n)+ A1 ®Y;;1(n)+ By ® Uij,;-i—lc?n ®U;j1 ‘f‘zij;/)
APUy;; APUy;
) addition and saturation
(6.4a)
BPU;, BPU;,
yija(n+1) = f( ég_z/ ®Y;ji2(n)+A1n®Y;j1(n)+B,® Uij,;‘f‘rBZZ ®Uijo +Zij€)
APU,, APUj,
) addition and saturation
(6.4b)
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The differences of the new approach are the new configuration of APUs and the new
adder and saturator blocks in the topology. In this approach, the outputs of the layers are
obtained from the saturator blocks instead of the APUs and the intermediate state values
are calculated with the help of the adder blocks. Computation of each process in the first

layer of an iteration is given in (6.5a) and that of the second layer is given in (6.5b).

BPUy; D& =B ®U;j1+7ij1
BPUy; D gij2l =By ®U;;,
APU (n+1) © hiji(n+1) =An®Y;j1(n)+giji11+8ij2
APUy (n+1) : Liji(n+1) =Ay ®Y;j2(n)
yija(n+1) = f (xij1(n+1)) = f(hija(n+ 1)+ (n+1)) (6.52)
BPU,, D8ij2 =Bn®Uijz+%j2
BPU;, Dgij12 21_312®Uij,1
APU(n+1) D hijp(n+1) =An®Y;j1(n)+8ij22+8ij12
APUjy(n+1) D lija(n+1) =An®Y;ja(n)
yij2(n+1) = f (xij2(n+1)) = f(hijo(n+1)+1ijo(n+1)) (6.5b)

In order to show the computation flow of each iteration by means of the processors, (6.5)
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can be written in a sequence as given in (6.6)

BPU; Dgijl =B 1 ®Ujj1+7ij
BPUj, D gij2l =By ®U;j;
BPU,, L g =Bn®Uija+7j2
BPU» D& =Bn®Ujj,
APU (1) ¢ hiji(1) =An®Y;1(0)+gij11 +8ijoi
APU» (1) D L (1) =A ®Y;;2(0)
yija(l) = flxji(1)) = f(hiji(1)+1iji(1))
APU (1) bohja(1) =An®Yi;0(0)+gij0+giji2
APUn(1)  : Ija(l)  =Ayn®Yi,(0)

yija(1) = flxij2(1)) = flhija(1) +1ij2(1))

APU{(N) D o hji(N) =An®Y; i (N—1)+gij1+&ijat
APUy(N) ¢ Lji(N)  =An®@Y;2(N—1)

Vijt(N) = f(xij1i(N)) = f(hiji(N)+11(N))
APU»(N) : hij2(N) =Ap®Y;i1(N—1)+gij2n+8ij12
APU»(N) : 1ija(N) = f(Anp®Y;j2(N—1)+hij2)

Yij2(N) = f(xij2(N)) = f(hij2(N)+1ij2(N))

(6.6)

Since there are more intermediate values in the new processor core, saturators inside all

of the APUs of the RTCNNP-v2 system are disabled. The simplified block diagram of

this new APU2L is given in Figure 6.2. Similar to the first approach, the control I/O of the

APUs are not shown since the local control structure is the same as that of the previous

works [15, 16, 6]. Note that, all APUs are designed to be parallel in this approach, which

reduces the memory usage and total delay of an APU2L block. Consequently, the addi-

tional delay of an APU2L is not caused by the line buffers of the streaming input data, but

the registered adders and saturators in the second stage of the pipeline. In other words,

37



Vi (”) data_in data_out Vi (” tl)
J}]—_z (”) const_in APU const_out 1 @_ yw (n +1)

——(DL] '
Zgﬂ-qp iR APU —X ng’f-qph

8y. 8.
Z i.qp APU W Z if qp>
APU *O“" L]
In —X APU2L
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Architecture

the delay of an APU2L is only two clock cycles longer than that of an APU, which is
insignificant compared to the delay of two line buffers. Therefore, this design is chosen

for the implementation.

The processor computations and the output function in (6.5) and (6.6) can be generalized

as (6.7).
B,y ®Ujjqa+7Zijp P=4q,

BPUy, “ 8ijaqp =9 _ (6.7a)
By, ®Uijgq P#q.
Ap®Yijg(n—1)+X7_ gijgp P=4,

APUyp(n)  thijgp(n) =1 _ ! (6.7b)
qu@Yij,q(”—l) P#q.

2
Yij,p(n) = f(xijp(n) = £ Y hijgp(n) (6.7¢)
q=1

Figure 6.2 computes one iteration of the two—layer DT CNN. For N iterations, N APU2L
blocks are connected to each other to form a cascade. This structure is shown in Figure 6.3
which is the processor array of the two—layer RTCNNP. In this processor array, there are
two constant values which should be carried from the first block to the N*' block without
a change in their values. These constant values are the g;; ;, terms which are produced by
the BPU,,, block using the U;; , input of the g'" layer and Z; j,p bias input of the p™ layer

of the CNN. These constant values are calculated once for every frame as in a single—
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Figure 6.3 Processor array of the two—layer RTCNNP Architecture

layer CNN and carried through the iterations. As a result, APU2L(1) block takes the
initial values of both layers and two constant values for each layer and carries out the first
iteration. The results of the first iteration ((y;;,1(1) and y;;»(1)) and the g;;,p terms in
each layer are given to the APU2L(2) block as inputs and the iterations continue until the
output of the last APU2L(N) block gives its results. The number of xPUs in this processor

array is 4N +4, i.e., 4N APUs and 4 BPUs.

6.3 Proposed Specialized Multi-Layer DT CNN structure

In this thesis, the general MLCNN structure is specialized in order to reduce the resource
usage on an FPGA device. The mathematical foundation and the architecture of the pro-

posed MLCNN structure are given in this section.

6.3.1 The Mathematics of the Specialized Multi-Layer DT CNN structure

In a general multi—layer DT CNN structure, there are P> A—templates and P> B—templates
that require 2P? template dot product operations, as each layer should interact with all
other layers. Inspired from the pixel-neigbourhood concept, a measure of layer—neig-
bourhood is defined, which limits the number of the inter—layer connections. For a layer—
neighbourhood measure of R, both the number of A— and B—templates are reduced to (1+
2R)P — 2 from P>. A measure of R = 1 is used in the FPGA implementations discussed

in this thesis, in other words nearest neighbours are related.

An optimization is done for B—templates for defining only one input layer hence the num-
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ber of B—templates are reduced from P? to 1. In other words, an input is given to only one
of the layers and all the neigbouring connections and inter—layer B—templates are elimi-
nated. As a result, the closed form of a specialized multi—layer DT CNN is obtained as

(6.8)

f<2c21:1“—1qp®yij,q(”)+3 1®U;1+21) p=1,

Vijp(n+1) =9 (X _p |Agp@®Yijq(n)+2p) p=P (6.8)
f(Zﬁ,’*j, 1 Agp ®Yijq(n)+7,) otherwise.

This optimization is less crucial then the measure of layer—neigbourhood defined in this
section. Note that, as discussed in the next section multiple B—templates may be used
when required. In this case, the closed form of a specialized multi—layer DT CNN can be

given as (6.9)

f(Lam1Agp ®Yijg(n) + By ®Uijg+21)  p=1,
Vijp(n+1) =9 f(Ei_p 1A ®Yijg(n)+Bgp®Uijg+2p) p=P, 6.9)

f(thl, 1 A ap ®Yijg(n) +qu ®Uijq +Zp) otherwise.

For the sake of simplicity, an example of a specialized six—layer DT CNN can be shown
as (6.10) by taking P = 6 in (6.8), where layer—neighbourhood is one and the first layer is
defined as the input layer. In this example, the number of A— and B—templates are reduced

from 36 to 16 and 36 to 1, respectively.

yiji(n+1)=f(An®Y;1(n) +A2 ®Y;ja(n) + B ®Ujj1 +Zij1), (6.10a)
yijo(n+1)=f(An®@Y;j1(n)+An®Y;js(n)+An®Y;;3(n) +Zij2), (6.10b)
yija(n+1)=f(An®@Y;j2(n)+A33@Y;j3(n) + A3 ®Y;;4(n) +7ij3), (6.10c)
yijan+1)=f(A34®@Y;j3(n) +Au ®Y;j4(n) +Asa ® Y, 5(n) +7Zij4), (6.10d)
vijs(n+1)=f(Ass®Y;;3(n) +Ass @ Y;ja(n) +Aes ® Y, 5(n) +Zijs) » (6.10e)
yijo(n+1)=f(Ase ®Y;j3(n) +Aee ®Y;ja(n) +Zije) (6.10f)

However, many MLCNN applications have non-zero far-layer interconnections, conse-

quently the proposed layer—neighbourhood measure is incomplete. For example, it may
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be necessary for an application to have two additional templates over (6.10) as given in

(6.11)

yiji(n+1)=f (A1 ®Y;j1(n) + A2 ®Y;j2(n) +B1i ®Ujj1 4+ Zij1 +Ae1 ® Y 6(n)),

(6.11a)
yijo(n+1)=f(An®Yj1(n) +An®Yij2(n) +An®Y;;3(n)+Zij2) , (6.11b)
yija(n+1)=f(An®@Y;j2(n)+A33@Y;3(n) + A3 ® Y, 4(n) +7ij3), (6.11¢)

yijan+1)=f(A34@Y;j3(n) +Au®Y;j4(n) +Asa ®Y;;5(n) +Zija +A14@Y;j1(n)),

(6.11d)
yijs(n+1)=f(Ass®@Y;j3(n) +Ass@Y;j4(n) +Aes ® Y, 5(n) +Zijs), (6.11e)
y,-j’6(n + 1) =f (A56 ® Yij73 (n) —I—A66 ® Y,'j74(n) +Zij,6) (6.11f)

Consequently, an extra addition operation is added to both (6.11a) and (6.11d), in order
to support applications with far-neighbourhood interconnections. To avoid clutter, the
closed form of a specialized multi—layer DT CNN that has also several far—neighbourhood
templates is not shown in this section as it is discussed in the next section in terms of

processing units.
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6.3.2 Design of a Multi-Layer Processor

(6.8) can be rewritten in the open form similar to (6.10) indicating the functions of each
APU and BPU:

APU11 APUZI
yiji(n+1) = f(z‘_hl ®Y;j1(n)+A2 ®Y;js(n) +{_311 ®Uiji +Zij,1>

BPU

N J/

addition and saturation
APElz APEzz Alijsz

yija(n+1) = f(z‘_hz ®Y;j1(n)+An®Y;j2(n)+A3®Y;;3(n) +Zij,2)

(. J/
-~

addition and saturation
APUj3 APUj; APUy;

yijs(n+1)=f (z‘_l23 ®Y;j2(n)+A®Y;i3(n)+Ap®Y;j4(n) + Zij,3)

J/

addition and saturation
APU3, APUy, APUs,

yijan+1)=f <A34 ®Y;j3(n) +Au®Y;ja(n)+Ass ®Y;j5(n) + Zij.,4>

[\

-~

addition and saturation

APU, 1, APUp, APUp,1p

Yijpn+1)=f (Ap—lp ®Yijp1(n)+Ap, ®Yijp(n)+Apr1,®Yijpi1(n)+ Zij-ﬁ)

[\ J/
-~

addition and saturation

APU}z—zP—l APU}z-lP-l
yijp—1(n+1) = f(AP—2P—1 ®Y;jpo(n)+Ap_1p_1 ®Y;;p_1(n)+
APUpp;

App_1 ®Y;;p(n)+Zijp1 )

addition and saturation
APUp_1p APUpp

yijp(n+1) = f(f_lPlp ®Yijp-1(n)+App ®Yjp(n) +Z"JVP)

J/

addition and saturation

(6.12)

The processor computations and the output functions in (6.12) can be generalized as
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Figure 6.4 Sub—blocks of multi-layer RTCNNP core

(6.13) which indicates the computation flow of each process for an iteration.
BPU:g;j =B ®U;;1+7Zij1

0 p=1
APU,_1,(n) : hijp(n) = _

Ap_1,®Y;j,_1(n) otherwise,

APU,,,(n) 1 Lij p(n) = App, ® Yij 5 (n) +1ij p
6.13
gij p=1, ©.13)
lijp =
Zijp otherwise,

0 p=P
APU,y1,(n) i 1ij p(n) =

Api1,®Yjjpi1(n) otherwise,

Yijp(n) = f (xijp(n) = f (hijp(n) +1lijp(n) +rij p(n))

3P —2 APUs are required for an iteration. Since the difference equations are independent

from each other in the model given in (6.12), the design of the architecture can be real-
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ized with simple sub—blocks instead of one complex block. It is obvious that the layers
in the middle of (6.12) contain three APU blocks while the layers at the first and last
row of (6.12) contain two. The processor named 3—input APU for multi-layer DT CNN
(APU3ML), which is labeled APU,,(n) in (6.13), is designed for the layers between
the first and last layers of the multi-layer DT CNN. Similarly, the processors named 2—
input APU for multi-layer DT CNN (APU2ML), which are labeled APU,_; p(n) and
APU,,1,(n) in (6.13), are designed for the first and last layers of the architecture, re-
spectively. The simplified block diagrams of APU3ML and APU2ML sub-blocks are
given in Figure 6.4a and Figure 6.4b respectively. As a matter of fact, the APU2L block
given in Figure 6.2 contains two APU2ML sub-blocks. The introduction of APU3ML
and APU2ML sub-blocks is the result of dividing the computation among the different
layers. These two sub-blocks both have APU,, input which can be used to take far—

neighbourhood inter—layer feedback template result from a single APU, if needed.

In order to construct a new block to be used in the processor array of a multi-layer
RTCNNP, the APU3ML and APU2ML sub-blocks are connected to each other like
shown in Figure 6.5, which is called an APU for multi-layer DT CNN (APUML). An
APUML block can be modified to realize far-neighbourhood inter—layer connections us-
ing extra APU blocks. An example of this can be given by adding an extra feedback
template to (6.12). To avoid clutter, only one extra template is added in (6.14), hence the
modified APUML block is given in Figure 6.6. Note that, the APU,,; input is inside the
APUML block and it is not an external input for the APUML block. In this example, it is
assumed that there is a feedback template relating the second layer to the p'"* layer. This

assumption also can be generalized as a feedback template relating the ¢'" layer to the
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p layer.
APUy; APUy;
yija(n+1) = f(z‘_hl ®Y;j1(n)+A2 ®Y;ja(n) +{911 ®U;j1 +Zij,lj)
BPU

J/

-

addition and saturation
APUp» APU,, APUs3,

yij2(n+1) = f(z‘_llz ®Y;j1(n)+An®Y;j2(n)+A3®Y;;3(n) +Zij.,2>

[

addition and saturation
APUjy3 APUs;3 APUy;

vijz(n+1)= f(A23 ®Y;j2(n)+As3®Y;i3(n) +A53®Y;j4(n) +Zij.,3)

(.

g

addition and saturation
APUjzy4 APUyy APUsy

yijaln+1)= f(z‘_l34 ®Y;j3(n) +Au®Y;ja(n)+Asa®Y;;5(n) +Zij,4>

N

-~
addition and saturation

APU,.1, APU,, APU,,1,
yijpn+1)=f (A,,_l,, ®Yijp1(n)+App ®Yijp(n) + A1, ®Yijpri(n) + Zij.,p) +
APU,
——

-

addition and saturation

APlill-zp-l APU/li-lP-l

~

vijpi(n+1)=f (AP ~2p-1®Yijpa(n)+Ap1p 1 ®Yijpo1(n)+
APUpp_;

App_1 ®Y;jp(n)+2Zijp1 )

N o
TV
addition and saturation

APUp_1p APUpp
yijp(n+1)=f (Ap_lp ®Y;jp_1(n)+App®@Y;jp(n)+ Zz‘j,P)

(. J/

addition and saturation

(6.14)

For N iterations, N APUML blocks forming a cascade are required as given in Figure 6.7.
For a P layer APUML design P sub-blocks, which is composed of 2 APU2ML sub-

blocks and P —2 APU3ML sub-blocks, are needed. The introduction of these sub—blocks
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Figure 6.5 Processor core of the multi-layer RTCNNP architecture

make the design process much more easier. The number of XxPUs in this processor array
is (3P —2)N + 1, excluding any far-neigbourhood interconnections and having one input
and one feed—forward template at the first layer, i.e., (3P —2)N APUs and 1 BPU. Since
the BPU is used once before the APUML array, the number of BPUs can be increased up
to 3P —2 if needed. In this case, the number of xPUs in the processor array is (3P —2)(N +
1), excluding any far—neigbourhood interconnections. This modification can be done by

using the same design steps, which are used for the APU blocks for creating a APUML
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Figure 6.6 Extended processor core of the multi-layer RTCNNP architecture

block, for the BPU blocks and creating a BPU for multi-layer DT CNN (BPUML). The
extended version of the processor array is given in Figure 6.8 including the BPUML block.
If it is assumed that a and b extra feedback and feedforward templates are required for
far—neigbourhood interconnections respectively, then the number of xPUs in the processor
array is (3P —2)(N + 1) +aN + b. In this case, there are (3P —2+a)N APUs and 3P —

2+ b BPUs. The working principle of this processor array is also similar to a two—layer

RTCNNP processor array.
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Figure 6.8 Extended processor array of the multi-layer RTCNNP architecture

6.4 Overview of the FPGA implementation

In this section, support blocks of the FPGA implementation are given in order to show

the complete architecture. These support blocks are the same as that of the RTCNNP-v2

system, hence one can refer to [6] for details.

The inner blocks are either two—layer or multi—layer cores explained in Section 6.2 and

Section 6.3.2. For the sake of simplicity, a two—layer CNN architecture with its support

blocks is chosen as an example. A two—layer CNN video processor unit (VPU2L) is given
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in Figure 6.9. To summarize, a VPU2L contains a BPU array, delay blocks, an APU2L
array and output muxes. BPU array, delay blocks and APU2L array are explained in

Section 6.2. Output muxes route the output data to the next block.

One upper block of VPU2L is a two—layer DT CNN emulator (Figure 6.10). This block
contains RGB to Gray, Gray to BW and histogram stretcher blocks along with the VPU2L
block. Of these, RGB to Gray is mandatory while the others can be configured for specific

tasks or bypassed for testing purposes.

The topmost block of the FPGA implementation is the two—layer RTCNNP (Figure 6.11).
It contains the DVI input and DVI output blocks which gets the data from video receiver

hardware and gives the processed data to the video transmitter hardware, respectively.

As discussed in [15, 16, 6], both systems, which have two— and multi-layer RTCNNP
architectures, are designed to capture a progressive video stream, process it with two—
or multi-layer DT CNN, and convert the result to a progressive video stream again. The

simplified block diagram of this system is given in Figure 6.12.

49



2-Layer
DVI DVI

out DT-CNN
inpu
P Emulator output

h 4
v

2-Layer RTCNNP architecture

Figure 6.11 Two-layer RTCNNP

Progressive Video > [ti-1 Video Progressive
-orm - )
— Video — Receiver | of .ayer —ATransmitter— Video
RTCNNP architecture )
Source Hardware Hardware Sink

Figure 6.12 Simplified block diagram of the whole system

6.5 Comparisons of the Proposed Multi-Layer CNN Architecture with the Multi—

Layer Falcon Architecture

In this section, the multi-layer Falcon architecture [9, 32], which is discussed in Sec-

tion 4.2, is compared to the multi—layer RTCNNP architecture, proposed in Section 6.3.2.

Both structures support real-time operation and use the FSR model of DT CNN. These

two issues can be considered as the similarities of these structures.

In [32], it is reported that the multi—layer Falcon architecture emulates a general multi—
layer CNN array where every layer is connected together in all possible ways while the
multi—layer RTCNNP architecture emulates a special multi—layer CNN array where each
layer is connected to their nearest neigbour layers by the feedback cloning templates.
Therefore, for a P-layer CNN design, the multi—layer Falcon architecture is capable of
having a maximum number of 2P? templates however the multi-layer RTCNNP archi-
tecture is capable of having a maximum number of 6P — 4 4 a + b templates. Although
the proposed multi—layer RTCNNP architecture is based on a specialized model, it can
be modified to realize far—neighbourhood interconnections by adding xPU blocks for the

required templates depending on the application as given in Section 6.3.2, if needed.

The block diagram design of the multi—layer Falcon architecture is very different from the
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multi-layer RTCNNP architecture. Single—layer processor core of Falcon architecture,
which is given in Figure 4.6, is redesigned by means of a different arithmetic-unit structure
in order to create the multi-layer processor core, which is given in Figure 4.9. However,
single—layer RTCNNP-v2 [16] core is not redesigned and used only by bypassing a block

in its structure to create multi—layer processor core.

In the multi—layer Falcon architecture, rows and columns of the 2-D processor array of
core processors respectively process stripes of the 2—D input and carry out the iterations.
On the other hand, in the multi-layer RTCNNP architecture all of the 2-D input image
is row—wise packed, layers are created in the columns and iterations are processed in
the rows of the 2-D processor array of core processors. In other words, the multi-layer
Falcon architecture creates the layers via template selection whereas the the multi—layer
RTCNNP architecture creates the layers via assigning separate processor blocks having

the templates required for each layer.

Another difference is their control style. The multi-layer Falcon architecture uses global
control like both single—layer Falcon and RTCNNP-v1 architectures [14], while the multi—

layer RTCNNP uses local control as the RTCNNP-v2.

Finally, in [32], it is reported that the multi—layer Falcon architecture does not have a
configurable VHDL description to generate layers generically whereas layer generation

of multi—layer RTCNNP is reconfigurable.
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CHAPTER 7

ANALYSIS, SIMULATION RESULTS AND IMPLEMENTATION
RESULTS OF THE PROPOSED ARCHITECTURES

In this chapter, the chosen numeral system for the proposed architecture is discussed and

simulation and implementation results are given.

7.1 Analysis of the Chosen Numeral System for the Proposed Architectures

Fixed—point arithmetic is preferred for the implementation, as bit widths of the signals are
significantly larger when floating—point arithmetic is used, leading to a waste of resources.
Moreover, floating—point arithmetic is mainly used in DSP devices since their software
and hardware supports efficient floating—point computations. On the other hand, in this
work the proposed architectures are designed to be implemented on an FPGA device,

hence a fixed—point implementation would be much more efficient.

The total bit widths of data inputs of the two— and multi-layer RTCNNP emulators are
designed to be configurable, like that of the RTCNNP-v2 emulator. In order to discuss the
numeral system, let zbw denote the value of total bit width of the inputs. The tbw value
is then separated into two parts by a dot. The left and right sides are called the integer
and fractional parts which can be denoted as int and frac, respectively. The tbw and frac
values can be chosen according to the application hence int = tbw — frac. For example,
if tbw = 16 and frac =9, the fixed—point number is in 7.9 data format and since it is a
signed number, the most significant bit indicates the sign. While these are the abbreviated
forms to be used from this point to the end of the thesis, there is also an open form, which
can be shown as Xxxxxxx.xxxxxxxxx where X represents the sign bit and x represents any
other bit.
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Figure 7.1 Bit width representation of an APU2L block (second approach)

Bit widths of an APU2L block are given in Figure 7.1. Bit widths of the data input,
constant input and template coefficients are denoted as tbwd, tbwc and tbwa, respectively,
which are independent from each other. There are not any specific method for choosing
the values of these bit widths, hence the values are chosen according to the application
desired. Note that, in the most general case, the bit width values of different APU blocks
can also be different, hence for simplicity it is assumed that for all APUs, tbwd, tbwc and
tbwa values are the same. There are multiplication and addition operations inside each
APU, consequently, the bit width of the data output gets larger (zbwr). At the next stage,
the data outputs of two APUs are summed, therefore the output of the addition block has
a bit width larger than rbwt. Finally, the saturator block takes this signal as input and not
only reduces the bit width value to zbwd but also applies the activation function to obtain
the output. This is the data output of an APU2L block and it is given as an input to the
next APU2L block for the next iteration. Note that, the tbwr value is a function of tbwd,

tbwce and tbwa values.

Bit widths of the first APU2L architecture proposed in Section 6.2 are given in Figure 7.2.
It is obviously seen that the intermediate thwr signals taken from the data outputs of the
APUs at the first stage are given to the constant inputs of the APUs at the second stage.

As aresult, constant RAM of the APUs at the second stage should be significantly larger.

33



tbwd AP0 tbwt APU tbwd \
tb\\’d tb\\’ a tb\V’d =< tb\_vd )
tbwe ] || thbwe .
tbwe APU Itbwc AP_U tbwe |
‘ tbwa tbwa g
delay
APU2L

Figure 7.2 Bit width representation of APU2L block (first approach)

7.2 Simulation Results for the Proposed Architectures

MATLAB simulations are carried out on a PC, with a 2.63 GHz AMD Phenom II X3
710 processor, 4 GB RAM and a 64-bit operating system. An m-file is written which

simulates (2.13) using a configurable fixed—point numeral system.

Both the two— and multi-layer RTCNNP architectures are simulated on both MATLAB
and Modelsim and the simulation results are compared to each other. The output images
obtained from both simulators are the same. The video input image is given to the first
layer and the output image is taken from one of the layers as there is one video input unit

and one video output unit.

A CNN-based Gabor—type filter (GTF) proposed in [22] is chosen as an application ex-
ample for the simulations. Note that, a CNN-based GTF implementation is also reported
in [35], where the xPU core of the RTCNNP-v2 design is modified to realize an optimized
version of the butterfly structure. It is observed that the same results are obtained by both
implementations. In order to increase the speed of the simulation, a video input image
that has a resolution of 256x256 is preferred. The input image is chosen as a striped
image oriented in a specific angle. As a simulation example, the frequency parameters of
the GTF are tuned to pass the third spatial harmonic of a specific oriented striped image,
where the output of the first layer is obtained as the third harmonic of the input, and the
output of the second layer is a spatially shifted version of the output of the first layer

(Figure 7.3). The simulation is run for 24 iterations.
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(b) Output image of the 1st layer (c) Output image of the 2nd layer
Figure 7.3 Two—-layer CNN-based Gabor-type filter simulation results for a striped input
image
Note that, a CNN-based GTF is a linear system whose A— and B—templates have many
zero entries, which means that not all of the implemented primitives are tested with GTF
simulations. Consequently, in order to test all parts of the design, the simulation is re-
peated many times with random templates with all non—zero entries. Furthermore, some
simulations are carried out for images with 1080x 1920 resolution and successful opera-

tion of the design at Full-HD 1080p is verified.

7.3 Implementation Results for the Proposed Architectures

The APU2L block and APU2ML and APU3ML sub-blocks are synthesized on a Quartus
IT 10.0 software, where the Register Transfer Level (RTL) schematics given in Figure 7.4,

Figure 7.5 and Figure 7.6 are obtained, respectively.

A two-layer RTCNNP architecture is implemented on an Altera Stratix IV GX 230 FPGA
device, whose resource usage statistics are given in Table 7.1. The maximum number of

iterations that can be implemented on an Altera Stratix IV GX 230 FPGA device depends
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on many reconfigurable parameters of the design: fixed—point bit widths of constants,
states and template coefficients, maximum number of visible pixels configured for a single
line, sizes of the templates and clock multipliers of the APUs. For respective fixed—point
bit widths of 16, 16 and 18, pixel count support of a line of 2048, 3x3 templates and
clock multipliers of 1, the maximum number of iterations that can fit in a single Altera
Stratix IV GX 230 FPGA device is 24. For a P-layer RTCNNP implementation on the
same device it can be estimated as | 100/(3P — 2+ a) |. For example, for P values of 3, 4
and 5, the maximum number of iterations that can fit on the same FPGA device are 14, 10
and 7, respectively. Estimations for different FPGA vendors and/or families can be done
by comparing their maximum number of resources given in their data manuals with the

implementation results given in this section.

The maximum pixel clock frequency estimated by the Quartus II software is 225.68 MHz
with no special optimization. Note that, the maximum clock rate can be increased with
further optimization, if desired. Furthermore, for full-HD 1080p@60, the visible pixel
rate is 124.4 MP/s and the pixel clock frequency is 148.5 MHz, hence the maximum

throughput of the prototype is restricted to 124.4 MP/s by the DVI I/O.

In the RTCNNP-v2 architecture [15, 16, 6], a single APU is used for an iteration, hence
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Table 7.1 Resource usage of the 2—layer RTCNNP architecture

Device EP4SGX230KF40C2
Number of iterations 1 24
Number of APUs 4 4 x24
Combinational ALUTs 11,036/ 182,400 (6%) 110,190/ 182,400
(60%)
Memory ALUTSs 60/91,200 (< 1%) 0/91,200 (0%)
Dedicated logic registers 14,888 / 182,400 (8%) 145,793 / 182,400
(80%)
Logic utilization 9% 90%
Total registers 14888 163259
Total block memory bits 766,456 / 14,625,792 9,832,196 /
(5%) 14,625,792 (67%)

DSP block 18-bit elements 82/1,288 (6%) 1,002/ 1,288 (78%)

the maximum number of iterations that can be implemented on the same FPGA device
with the same reconfigurable parameters is 100 for full-HD 1080p@60. In [35] the im-
plemented core is highly optimized for a GTF, hence it is considerably smaller than the
two—layer CNN architecture proposed in this thesis, therefore the maximum number of

iterations implemented on the same FPGA device is 100 for the same parameters.

Finally, the class of the proposed architecture is completely different from that of the
MLCNN structures found in the literature, as layer neighborhood is a new phenomena
proposed in this thesis. Consequently, comparing different architectures will be difficult

and the comparison result will not be feasible.

58



CHAPTER 8

RESULTS AND DISCUSSION

In this thesis, first, a novel architecture to emulate a two—layer DT CNN is proposed,
which is based on the RTCNNP—v2 architecture proposed in [6]. The reconfigurabil-
ity, flexibility and reusability properties of the RTCNNP-v2 architecture is preserved in
this design. Second, the proposed two—layer DT CNN emulator is generalized to emu-
late a specialized discrete—time multi—layer CNN. The specialization method of the tradi-
tional multi—-layer CNN is also proposed in this thesis by defining a layer—neighbourhood
measure. The layer—neighbourhood concept cuts off the resources required to imple-
ment a multi—-layer DT CNN significantly, from P? template dot product operations to
(1+2R)P —2 for each Euler iteration. However, the proposed measure is not readily suit-
able for many multi—layer CNN structures in the literature. Consequently the specialized

architecture is modified to be expendable to support far—neighbourhood interconnections.

The most original contribution of this thesis is the method of extending the RTCNNP—
v2 to two— and multi—layer DT CNN architectures. To this end, new topologies of the
xPUs of the RTCNNP-v2 architecture is proposed, where the computation is divided
not only in the time domain as in [6], but also in the layer domain. In other words,
different processing units are assigned to each inter— and intra—layer template dot product

operations. Furthermore, the fully pipelined architecture of the RTCNNP-v2 is preserved.

The proposed real-time two—layer DT CNN architecture is implemented on an Altera
Stratix IV GX 230 FPGA device and tested up to 24 iterations. The number of iterations
is only limited by the hardware resources of the FPGA device, hence it is trivial to increase

the number by using more FPGA devices and connecting them end to end. The timing
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analysis results show that the theoretical maximum pixel clock frequency of the prototype
is 225.68 MHz. However, like many state of the art visual systems, the video I/O interface
used in the design support only up to Full-HD @60 (1920 x 1080 resolution at 60 Hz frame
rate) with a pixel clock frequency of 148.5 MHz, consequently, the frequency limit is not
an issue in most cases. In the case of Full-HD @60, the pixel rate and the throughput of
the system is 124.4 MP/s, and the total computation power of the system is 124.65 Giga

multiplication operations per second for 24 iterations.

For future work, first, some minor reconfigurability issues of the implemented prototype
can be solved. Second, multi—-layer DT CNN algorithms can be implemented. Third, the
upper frequency limit can be eliminated by dividing the computation in a spatial domain

as well.
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