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Abstract: Developing Field Programmable Gate Array (FPGA)-based applications is typically a slow
and multi-skilled task. Research in tools to support application development has gradually become
more high-level. This paper describes an approach which aims to raise further the level at which an
application developer works in developing FPGA-based implementations of image and video pro-
cessing applications. The starting concept is a system of streamed soft coprocessors. We present a
set of soft coprocessors which implement some of the key abstractions of Image Algebra. Our soft
coprocessors are designed for easy chaining, and allow users to describe their application as a data-
flow graph. A prototype implementation of a development environment, called SCoPeS, is pre-
sented. An application can be modified even during execution without requiring re-synthesis. The
paper concludes with some performance and resource utilization results for different implementa-
tions of a sample algorithm. We conclude that the soft coprocessor approach has the potential to
deliver better performance than the soft processor approach, and can improve programmability
over dedicated HDL cores for domain specific applications while achieving competitive real time

performance and utilization.

Keywords: Image Processing, FPGA, Soft coprocessor

1. Introduction

Image processing algorithms are used in many applications, such as image classifi-
cation, medical image processing, video surveillance and target detection and tracking [1-
3]. These applications have been embedded in more and more devices such as
smartphones, unmanned autonomous vehicles and surveillance cameras [4-6]. Safety crit-
ical image processing applications require the processing system to be accurate, and often
fast [7]. With the rapid development of image sensors, the resolution of images and videos
is becoming higher than ever. For high-resolution images, traditional processors struggle
to keep up with increasing resolutions [8]. It may not be possible to process very large
images in real-time using conventional CPUs. Thus, it is necessary to consider ways of
accelerating the most time-consuming computing tasks parts-of the application in these

cases. Commonly, there are four approaches to accelerating image processing algorithms;
which-are: multi-core clusters of CPUs, GPUs, FPGAs and ASICs. CPUs and GPUs are
instruction-based processors, and so they operate on the normal fetch-execute cycle
model. This ea-means that it can takes several clock cycles to execute one instruction.
They are also relatively high power compared to ASICs and FPGAs when implementing
the same application [9]. ASICs usually have the best performance and lowest power, but
they are not programmable and are very expensive to produce. FPGAs are somewhere
between GPUs and ASICs. They are capable of producing low power, low cost but high-
performance solutions. However, the design time for custom cores can be much longer
than for GPUs [10]. In the field of image processing, because of the independence of pixels,
FPGAs can produce good speedup, particularly when used as a coprocessor for low-level
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image processing operations [11]. However, the key challenge is to speed up the process
of producing an FPGA-based solution to image processing application problems.

The need to accelerate the application development process is generally acknowl-
edged. Although vendors and researchers have been putting effort into creating higher-
level design environments for building hardware accelerators usingenr FPGAs, some
problems still remain [10,12-14]. Hardware designers tend to use ‘high-level” in the sense
that the syntax is at a higher level than Very high-speed integrated circuit Hardware De-
scription Language (VHDL) or Verilog HDL [15]. But for application developers and soft-
ware programmers, ‘high--level’ means that hardware design issues can be practically
ignored, and the coding focuses on the application alone, as though the developer were
coding for a PC. To application developers, the above tools remain low level, even if they
use C syntax [15]. If application developers use the tools naively, without taking hardware
design issues into account, the result is likely to be very inefficient hardware. Also, alt-
hough these High-level Synthesis (HLS) tools are described as high-level, there are some
features of the input language that cannot be synthesized. For example, Xilinx Vitis HLS
does not support the use of pointers and dynamic memory allocation in C [13,16].

Since the result of the HLS tools above is still HDL, users typically require the usual
long re-synthesis time when they make changes to the algorithm or application [14]. This
hinders the experimental nature of image processing application development, which is
one of the targets of this paper.

Xilinx recently aimed to shorten the synthesis time by their new product, Adaptive
Computing Accelerating Platform (ACAP) and released an early product of the ACAP
family, Versal [17]. The main advantage of the ACAP family is the ability to rapidly do re-
synthesis (within milliseconds). Xilinx also provides their Al Engine to accelerate the de-
ployment of Al applications on their-selected Xilinx devices. Combined with Xilinx Vitis,
the development of Al and image processing applications on some ef-the-Xilinx devices
can be significantly accelerated [18]. Unfortunately, only some of the latest Xilinx devices
support this feature.

Thus, the current challenges toef using FPGAs to accelerate an image processing sys-
tem can be summarized as follows:

1) It is hard to achieve both programmability and performance on FPGAs across all
devices.

2) Current vendors' HLS tools still require users to be knowledgeable about hardware
and the limitations of the tools.

3) Lengthy synthesis time is a hindrance during experimental and iterative image
processing system development.

In this paper, a higher level approach for image processing system development is
proposed to address to some extent the above-mentioned challenges. We will present a
number of concepts, which are integrated into a prototype Soft Coprocessor System
(SCoPeS), to support the development of FPGA-based image processing applications. De-
tailed contributions of the paper are as follows:

1) We propose the concept of customizable Soft Co-Processors (SCPs) as the basic
building block for stream-based applications. We allow users to chain SCPs together so
they can communicate directly with each other and not merely with the host. We use AXI-
Stream Interconnect to connect the SCPs in the-a system. In this way, we provide users
with a flexible system which can be programmed as a dataflow graph (DFG). Users do not
normally need to re-synthesize when they change the DFG.

2) We provide a set of customizable Software Co-Processors based on the key con-
cepts of Image Algebra (IA), including a range of point, neighborhood, and global opera-
tions.

3) We provide a set of efficient hardware skeletons for defining new IA-like opera-
tions, where users need only supply their own C-based pixel-level function. -This enables
the creation of very efficient function specific SCPs.
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Our prototype SCoPeS environment includes several tools to support the SCP ap- 98
proach. A hardware configuration generator tool enables users to specify the number arnd 99
of each type of SCPs to be available for the current application project. Provided the ap- 100
plication uses only this pool of SCPs, no resynthesis is required. A code generator enables 101
users to define their applications in terms of a text-based DFG. (This is in place of special 102
tools for editing a graphical view of the DFG). Users can edit the textual DFG description, 103
normally without requiring re-synthesis. 104

The rest of this paper is organized as follows. In section II, we introduce the back- 105
ground and related work in terms of Image Algebra, high-level programming modelsand 106
different FPGA implementations of image processing algorithms and systems. Section III 107
provides a user’s view of our design approach. In section IV, we describe the architectures 108
and underlying implementations, including our Generic and Function-specific Image Al- 109
gebra based SCPs and how they connect and communicate with each other. In section V. 110
we demonstrate how we create a new image processing system using our SCoPeS envi- 111
ronment. In section VI, a comparison between different design approaches for a simple 112

image processing operation is presented for evaluation purposes. 113
2. Background and Related Work 114
2.1. Current Tools for Designing FPGA Custom Cores in a High-level Environment 115

Modern FPGAs are no longer thought of as arrays of gates, but as collections of larger 116
scale functional blocks, integrated using programmable logic. They are still programma- 117
ble but are not restricted to programmable logic (PL), and sometimes come equipped with 118
on-chip ARM processors or embedded GPUs. When implementing an image processing 119
system on FPGAs, the design effort is a critical project requirement. Very large image pro- 120
cessing systems are difficult to design efficiently and require very detailed hardware 121
knowledge. To address this challenge, vendors have released their HLS tools to reduce 122
the design time. The syntax of design description languages has moved up from 123
VHDL/Verilog HDL to C/C++ level because of HLS tools like Vivado HLS and Intel HLS = 124
compilers [19,20]. Applications are becoming more complex. System-on-chip solutions are 125
achievable through the hybrid architecture of ARM+PL and the HLS design approach. 126

There are also some HLS tools from academia, such as LegUp [21], CyberWorkBench 127
[22] , autoBridge [23] and LeFlow [24]. autoBridge is an HLS tool specifically for floor 128
planning and pipelining high-frequency designs on multi-die FPGAs. LeFlow is an HLS = 129
tool designed specifically for deep learning inference implementation. LegUp can gener- 130
ate a hybrid system of custom cores and soft processors; the other tools only generate 131
custom cores. In currently available HLS tools, users need to rely on the vendor’s tools to 132
integrate the RTL design into a whole system, which is a non-trivial task. After the HLS 133
stage, there is generally no additional help for users to integrate their resulting system. 134

2.2. Soft processors 135

As an alternative to the inflexible custom core approach, it has become popular to 136
provide cores for simple programmable processors. These allow users to program in high- 137
level languages. A soft processor is achieved by configuring FPGA hardware resources as 138
a processor. Soft processors can reduce the design time through using a high-level lan- 139
guage. They also reduce the hardware knowledge required to design a full system. How- 140
ever, usually single core performance of a soft processor is poor, since soft processors go 141
through the standard fetch-execute cycle for each instruction, and they cannot run at as 142
high a clock rate as normal hard-core processors. For example, Xilinx Microblaze usually 143
runs under 400 MHz, while Intel and ARM processors can run at well over 1IGHz [25-29]. 144

When users program these soft processor systems, they do not normally have to 145
think in terms of the hardware but at a relatively high-level, and potentially get decent 146
performance. Unfortunately, there are no soft processors optimized directly for image 147
processing from vendors like Intel (Altera) and Xilinx. Two soft processors developed 148



J. Imaging 2022, 8, x FOR PEER REVIEW 4 of 18

specifically for image processing are, for example, IPPro [30] and a RISC-V soft processor 149

[31]. ~These processors require fewer resources than Nios II and Microblaze. 150
151
2.3. Image Algebra and Pixel Level Abstractions 152

Image Algebra (IA) [32] is a mathematical theory concerned with the transformation 153
and analysis of digital images at the whole image (rather than pixel) level. The main goal 154
is the establishment of a comprehensive and unifying theory of image transformations, 155
image analysis; and image understanding. Basic IA operations can be classified as: point 156
operations, neighborhood operations; and global operations. 157

In point operations (P2P), the same operation is applied at every input pixel position 158
using only pixels at that position. Operations can be binary or unary; they include rela- 159
tional (e.g. ‘>, =), arithmetic (e.g. ‘+, ‘x’), and logical (e.g. ‘and’, “or’) operations. Nor- 160
mally one output pixel is generated for each corresponding input pixel position. 161

A neighborhood operation (N2P) is applied to each (potentially overlapping) region 162
of an image. It is most common to use a 3x3 or 5x5 window. A new pixel value will be 163
generated for each window position. The user specifies the matrix of weights for the win- 164
dow which ean-beis used in calculating the result value. 165

A global operation is a reduction operation which is applied to the whole image and 166
produces a scalar (R2S) or a vector (R2V). For example, the-global maximum will produce 167
one scalar value, whereas histogram will produce a 256-element vector (for standard grey 168
level images). 169

2.4. FPGA-based image processing 170

In embedded systems, FPGAs are powerful tools for accelerating image processing 171
algorithms, especially for real-time embedded applications, where latency and power are 172
important considerations. FPGAs can be embedded in the-a camera to directly provide 173
pre-processed image streams. In this way, the sensor will provide an output data stream 174
rather than merely a sequence of images [33]. FPGAs can achieve both data parallelism 175
and task parallelism within many image processing tasks. Unfortunately, simply putting 176
a PC-based algorithm onto an FPGA usually gives disappointing results [34]. Also, many 177
image processing algorithms have been optimized for scalar processors. Thus it is usually 178

necessary to optimize the algorithm specifically for an FPGA before implementing. 179
There have typically been three approaches to implementing an image processing 180
algorithm/system on FPGAs: 181
1) Custom hardware designed using Verilog HDL or VHDL and combined with the 182
vendor’s IPs. 183
2) Use high-level synthesis tools to convert a C-based representation of the algorithm 184
to hardware. 185
3) Map the algorithm on to ene-era network of soft processors. 186

When users need to implement an algorithm on FPGAs using custom cores, they 187
need to consider the memory mapping, architecture, and algorithmic optimizations. On 188
the other hand, when users try to use soft processors to implement their complex algo- 189
rithm, they will usually be limited by the poor single core performance on the one hand, 190
and resource usage-utilization of a multi-core architecture on the other. Thus, balancing 191
programmability, resource utilizations and performance is a key challenge for implement- 192
ing algorithms on FPGAs. 193

2.5. Summary 194

Currently, HLS tools are the key to rapidly implementing FPGA-based image pro- 195
cessing algorithms or systems. HLS tools can even accept different input languages, such 196
as C/C++, Java, Python and LabVIEW. Users need to use Xilinx Vivado or Intel Quartus 197
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Prime to do the integration. This stage-aned usually this-stage requires detailed hardware 198
knowledge. 199
In terms of the efficiency of implementing image processing algorithms and systems 200

on FPGAs, custom cores have better performance than soft processors, but require users 201
to have detailed hardware knowledge to design efficient accelerators. Soft processors 202
keep the high-level programming model, but single core performance is poor. Users need 203
to use multiple soft processors in order to meet the performance requirements. Fig. 1 in- 204
dicates informally the programmability (easey of use) vs performance (throughput) of the 205
different approaches. Our goal is to move a step closer to achieving both performance and 206
programmability at the same time. For suitable applications, our soft coprocessor ap- 207
proach kas-seeks to have performance approaching HLS products and HDL custom cores, 208
buteven if it is not as programmable or as general purpose as soft processors. 209
210

The Goal

Good Performance, but
L no dynamic programmability
@ HDL Custom Cores

»

HLS Products Soft coprocessor

X

Performance

IPPro for Image Processing
Easy to program, but single core
performance is poor

GPU-like g4

Architecture

Vendors’ GP soft processors

Programmability

211

Figure 1. Qualitative Rrepresentation ofirng Programmability vs Performance 212
213

To address these challenges and problems, in this paper we present our approach — 214

the soft coprocessor (SCP) approach. This aims to achieve performance closer to custom 215
cores while providing users with a higher-level programming model than the current Vi- 216

vado toolchain. 217
3. User’s View of the Soft Co-Processor Approach 218
3.1. The Concept of Soft Coprocessors 219

For FPGAs, performance and programmability are in conflict with each other. For 220
specific applications such as image and signal processing, it is sometimes possible to pre- 221
sent a higher -level programming model which is less general purpose but can exploit 222
common data access patterns. One of the first uses of coprocessors was in the early days 223
of microprocessor design. For example, the Intel 8086 processor could use a separate 8087 224
coprocessor chip to increase the speed of floating-point calculations with which it was 225
closely integrated [35]. Ithis-easeaA coprocessor does not have the usual overhead of 226
the fetch-execute cycle which is a significant overhead for soft processors. ~-We therefore 227
propose the concept of soft coprocessors to try to gain many of the benefits of an applica- 228
tion-specific processor but with the efficiency of a coprocessor. All our soft coprocessors 229
have the following basic properties: 230

* A standard interface for data transfer between soft coprocessors, allowing devel- 231
opers to add a soft coprocessor to a system without having to design custom I/O hard- 232

ware. 233
* Each soft coprocessor can be parameterizable, allowing a degree of programmabil- 234
ity and functional flexibility, but without requiring re-synthesis. 235

* The soft coprocessors should be able to interact with each other, and to be formed 236
into a DFG arrangement, to reduce communication and buffering overheads. This as- 237
sumes a stream-based system-approach. 238
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¢ Each soft coprocessor should be able to interact with the background control and 239
communication system which eentrels-manages the operation of the whole FPGA-based 240
system. 241

FPGAs have a lot of computing resources but a more restrictive on-chip memory 242
model. The efficient use of memory resources is crucial to system performance. Skilled 243
developers can choose the optimal memory management approach from a wastrange of 244
possibilities. However, for application developers, it is difficult to preperlyarrangefully 245
exploit the precious-limited on-chip memory resources using HLS tools. ln-erder+To pro- 246
vide optimized memory allocation for point, neighborhood and global operations, we 247
provide three fundamental types of soft coprocessor based on the core Image Algebra (IA) 248
operations. 249

3.2. Soft coprocessors for stream-based image processing 250

Stream-based processing using on-chip memory is preferred where possible, since 251
simultaneous access to off-chip memory by multiple coprocessors would be a bottleneck. 252

For a specific application domain such as image processing, we would like a set of 253
SCPs which can be reusedinstantiated, and which cover the common domain operations. 254
A good way to identify such a set is to find an existing algebra for the domain and build 255
on the abstractions which have been identified and used at a mathematical level. Inthe 256
case of image processing, we have chosen some of the core concepts of Image Algebra 257
(IA). 258

3.3. Single Image Algebra-based SCPs 259

We provide a built-in library of core SCPs which carry out the core operations of 260
Image Algebra. There are four core classes of IA SCPs, plus a fifth type for compound 261
operations: 262

(i) Point operations. We provide two types of SCPs which apply a point function to 263
every pair of pixels in the two streamed input images (or to each pixel and a scalar param- 264
eter), and generates an output pixel stream. The actual function applied is a parameter. 265
The range of point functions include all the standard (integer) arithmetic, logical and re- 266
lational functions. For example, a threshold operation would use the image-scalar SCP 267
with the two parameters (>, threshold value). Image stream pPixels are implemented 268
usingheld as 8-bit integers, and intermediate values created during theresult-ef-addition, 269
subtraction and multiplication are-designed-accordingto-theworstcaseof thecalenlation- 270
are held in higher precision as necessary. 271

(if) Neighborhood operations. We provide an SCP for each common size of neighbor- 272
hood (3x3, 5x5, etc.). The NxN matrix of weights is supplied as a parameter. A standard 273
neighborhood operation has two functions: the point function which is applied pairwise 274
to each pixel-weight pair in the window; then the reduction operation which reduces the 275
NxN intermediate results to a single pixel result. For example, for a standard convolution, 276
the two function parameters are (x, +%+). Using this type of SCP a range of common image 277
processing functions are-is possible, such as dilation, erosion, convolution-based edge de- 278
tection, and image filtering. 279

For example, a simple dilation SCP on a binary image would be an instance of the 280
3x3 SCP with the kernel weights [1,1,1,1,1,1,1,1,1] and the functions (x, OR or’) (effectively 281
just a neighborhood OR). An erode SCP would sse-have AND-‘and” instead of ‘or'©OR as 282
a parameter. 283

For some operations (perhaps involving image reduction), the window can step by 284
more than one pixel: for example, in the convolution layer of a Convolutional Neural Net- 285
work (CNN) [36]. This is achieved by having a stride parameter as part of the neighbor- 286
hood operation SCP. The default stride is 1x1. 287

(iii) Global operations. We provide an SCP which performs a reduction operation on 288
a streamed image. The result is a single value. The available reduction functions include 289
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%, |21, max, min, count, and average. A second global SCP produces a vector as a result 290
(typically used for finding the image histogram). 291

(iv) Block operations. Sometimes; we need to divide an image into multiple smaller 292
blocks and then apply the same algorithm to each block. For example, for the Histogram 293
of Oriented Gradients (HOG) algorithm, we find a histogram of edge gradients for each 294
block. Thus, we provide a Block-based SCP which provides a Neighborhood operation or 295
other function, for each block separately. 296

(v) Common complex operations. Although the above basic SCPs can be chained to- 297
gether to perform a compound [A-based algorithm, in practice there are certain common 298
patterns of operations which can be more efficiently implemented as a single operation. 299
We therefore provide a number of pattern-specific SCPs. For example, edge-finding and 300
morphological operations sometimes apply a window in several rotated orientations; and 301
have a final reduction stage to produce a single result. We provide a Cycle Neighborhood 302
SCP which takes as its parameters the weight matrix, the number and step-angle of rota- 303
tions, the two functions for the neighborhood operation, and the final reduction operation. 304

For example, suppose we want a complete Sobel edge detection operation using a 305
single complex neighborhood SCP. We supply the kernel (the vertical one, say) and spec- 306
ify two orientations, with a rotation step-angle of 90°. The two neighborhood function 307
parameters are “x” and “|X1” and the vector of kernel weightsis[-1,0,1,-2,0,2,-1,0,1]. 308
The final operation to combine the two window outputs (the vertical and horizontal edge 309
strengths) is ‘+". (Adding the absolute edge strengths is a common approximation to avoid 310
squaring and adding). The code to create an instance of the complex neighborhood SCP 311
with all these parameters is shown in fig. 4. 312

3.4. Chaining Multiple Co+e-SCPs in a Data Flow Graph 313

Multiple instances of the above generic SCPs can be chained together to implement 314
a compound algebraic expression. The output stream of one SCP is fed directly as the 315
input to the next without buffering the complete intermediate image or without involving 316
the host processor. Synchronization is handled automatically by the SCP framework. This 317

chaining can be represented by a simple Data Flow Graph (DFG). 318

For example, the above Sobel edge detector could have been created using two basic 319
3x3 neighborhood SCPs feeding their results into a third point SCP. 320
3.5. Skeleton SCPs for Function Specific Coprocessors 321

Using generic SCPs is useful during the algorithm experimentation stage, because 322
the hardware does not need to be changed even if different functions are selected. How- 323
ever, once the algorithm is finalized, more efficient function specific coprocessors for com- 324
pound operations can be created. To make this convenient without requiring hardware 325
knowledge, we provide a set of SCP skeletons. These are effectively ‘hollow” codingss of 326
the above four classes of SCP (point, neighborhood, global and block). The skeletons con- 327
tain HLS code to manage the dataflow patterns of each type of operation. In this way, 328
users need only to supplyies the core pixel-level function in the form of a simple C/C++ 329
function. It is in this C function that the user specifies the arbitrarily complex operation. 330
Users can code detailed optimizations, for example, by embedding constant kernel coeffi- 331
cients. An example we will see later is an SCP specifically for a more efficient implemen- 332

tation of the Sobel edge detector. 333
A new SCP created using our skeletons will need to be synthesized the first time. 334
Once it is added to the SCP library, it is available thereafter. 335

Function specific SCPs are commonly used to replace a chain of SCPs, or they can 336
replace a generic SCP with one which is optimized for the specific purpose. For example, 337
a more efficient dilation SCP could be created using the 3x3 neighborhood skeleton; and 338
encoding a simple OR function which avoids the need to apply the redundant ‘x1” step. 339
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Function-specific SCPs will be more area-efficient than their generic counterparts. 340
Each generic SCP must retain the hardware for all the available functions, in case the user 341
wishes to experiment with different functions during development, without resynthesis. 342
Of course, the function specific SCPs are not as functionally flexible. There are also several = 343
coding conventions which must be followed, for accessing the parameters. This is one of 344
the necessary trade-offs when working with FPGAs. 345

We now give an example of using a neighborhood skeleton SCP to implement a Sobel 346
Ooperation as a single and efficient function -specific SCP. The code of the Sobel epera- 347
#ienfunction, including thresholding, is given in fig.xxe 2. 348

349

_PIXEL_TYPE(PIXEL_SIZE) _user defined function(_ PIXEL TYPE (PIXEL SIZE) window[K X][K_Y])
{
#pragma HLS INLINE
_PTIXEL TYPE(PIXEL STZE) valOutput;
_INT(le&) templ = 07
_INT(le&) temp2 = 0;
_INT(16) tempResult = 0;
templ = window[0][2] - window[O0][0] + window([2][2] - window([2][0]:
templ templ + window[2] [1] << 1 - window[1][2] << 1;
temp2 window[2] [0] — window[O][0] + window([2][2] - window[0]1[2];
temp2 temp2 + window[1][2] << 1 - window[2][1] << 1:
tempResult = abs(templ) + abs(temp2):
if (tempResult >=200) valoutput = 255;
if (tempResult <200) valOutput = 0;
return valoutput;

}

350
Figure 2. The core function for the Sobel 0OGperation when using a skeleton SCP 351

3.6. Generating SCP Configurations 352

We distinguish between the application program and the hardware configuration it 353
runs on. To avoid frequent re-synthesis, our model is that a (pre-synthesized) configu- 354
ration contains the set of SCPs which are available to the application developer. Pro- 355
vided the application makes use of only these SCPs, then changes to the application can 356
be made without any re-synthesis. There are separate tools for defining both the configu- 357
rations and the application. 358

To speed up the process of getting a runnable FPGA configuration, our SCoPeS en- 359
vironment maintains a library of FPGA configurations which contain different mixes of 360
SCPs from the SCP library. The need for this arises because the developer may not know 361
in advance exactly how many instances of which-each type of SCP s-will be needed. If 362
the Configuration library does not have the necessary mix for the current project, then we 363
provide a tool which enables the user to create a new SCP configuration. The user can 364
specify the number of each class of SCP, and the Hardware Configuration Generator 365
(HGC) tool will then generate the complete FPGA bitstream, and add it to the Configura- 366
tion library, as shown in Figure-fig. 3. Obviously, the required hardware resources of the 367
defined configuration must be able to fit on to the target FPGA. 368
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Figure 3. The GUI for creating a new project configuration 370
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3.7. Text-based DFG Code Generator (TCG) 371

Normally, users could use the default Xilinx SDK to program the Zyng-based hard- 372
ware platform in baremetel mode or use PetalLinux+Xilinx SDK to build a Linux-based 373
applicationfermerecomplexappleations. In this stage, there is no hardware level design; 374
normally users can develop their application in C/C++. Users need to use the HLS-ex- 375
ported driver to create their own initialization function, set all the parameters individu- 376
ally, and invoke them for eluring-the-execution. We use the AXI-Stream InterconnectS in- 377
terfacefor connecting all our coprocessors (see later) to match the user-supplied DFG. This 378
textual DFG specifies the coprocessor instances, their parameters, and their interconnec- 379
tion channels. Our Textual Code Generator (TCG) tool takes the text representation of the 380
DFG and generates the executable C code for the Xilinx SDK. This simplifies and speeds 381
up the development of the final application. 382

As an example, fig.Figure 4a shows the developer’s code (the textual DFG) for an 383
automatic thresholding system using the Otsu method (assuming we have already have 384
written the final Otsu SCP to select and apply the threshold using our skeletons) after an 385
Open operation. Because-in-the system,wefixtheentrypointasthe ‘Streamer’—which is 386
ased-a block whichte is directly connected to the camera, and which generates a stream 387
with all the parameters and_the image dataand-thecamerais-directlyconnectedto-the 388
streamer. There-is-no-need-to-define-the-input-source-because-in-thesvstem-we-cannot 389
splitthe-stream—Thus—inthe-code—wWe set theuse ‘Streamer’ to-define-thefirst-output 390

channel to channel 3. And-We then we-do the dilation and erosion through neighborhood 391
operations. After that, we do the edge detection, histogram finding and Otsu threshold- 392
ing. The result image stream is returned through channel 2. Fig.ure 4b outlines the gener- 393
ated Xilinx SDK useable code from the DFG in fig.ure 4a. 394

395

Streamer(3);

NeighborhoodOP([1,1,1,1,1,1,1,1,1], “*”, “or”, 4);
NeighborhoodOP([1,1,1,1,1,1,1,1,1], “*”, “and”, 5);
Sobel(6):

GlobalOP(““Histogram”, 7);

Otsu(2);

396
Figure 4a. Example Textual Description of a DFG for Otsu after an eOpen operation 397

398




J. Imaging 2022, 8, x FOR PEER REVIEW 10 of 18

#include “xNeighborhoodOP.h”
#include “xSobel.h”

#include “xOtsu.h”

#include “xResize.h”

#inlucde “xparameters.h”
#include “xil_printf.h”

#include “platform.h”

Initialization

int initcoprocessor(){
int status;
Xcoprocessor COprocessor;
Xcoprocessor_Config *cfgptr;
cfgptr = Xcoprocessor_LookupConfig(DEVIVE _ID);
Xcoprocessor_Cfglnitialize(&coprocessor. cfgptr);
if ('efgptr) {
print(“Error loading configuration coprocessor\n”);

Initialization

L status =Xcoprocessor_Cfglnitialize(&coprocessor, cfgptr):
Q:@_ _ j return status;

Set Parameters |

x_coprocessor_set OP1(x_ coprocessor *InstancePtr, operation)
X_coprocessor_set OP2(x_coprocessor *InstancePtr, operation)

Start Processing | :

x_coprocessor_set Tdest(x coprocessor *InstancePtr, Tdest)

X _coprocessor Start(x coprocessor *InstancePtr)

Figure 4b. Example of the code generated by the TCG tool from the DFG in fig.ure
4a.

In fig.ure 4b, the first block on the right deseribes-is the output from the first pass of
our TCG tool through the text description, generating all the necessary header files based
on the names of the functions. The second block shows the generated initialization func-
tions. Then the main body of the program is generated based on the text-based DFG.

3.8. Using the SCoPeS Development Environment

Our SCoPeS development environment includes the tools necessary to build an ap-
plication using the SCP library, as mentioned above. It is currently a prototype IDE. The
typical design flow for a new project/application is thus as follows:

1. Decompose the desired algorithms into IA expressions.

2. Select (or create) a suitable configuration from the Configuration library. (We can
select a different one later if we run out of instances of a certain type of SCP).

3. Define each algorithm as a Data Flow Graph (DFG); and use the TCG tool to set up
the system defined by the DCG.

4. Experiment with the system, until the functions and parameters and-computing
tasks-are fixedfinalised.

5. If necessary, design function specific coprocessors to replace some of the IA-based
SCPs selected in step 2.

6. If step 5 was utilized, import the function specific coprocessors into the system and
resynthesis the system configuration.

4. Architectures and Implementations of Coprocessors
In this section, we discuss some key implementation aspects of the SCP approach,
including the architecture for single IA-based SCPs, hardware skeletons and hardware

configurations.

4.1. SCP Architectures for Image Algebra Operation Types

399
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When implementing the SCPs on FPGAs, the use of the internal memory depends on 427
the type of operation. Point operations usually do not need image buffers; neighborhood 428
operations require line buffers to hold the relevant pixels within the window aeceerding 429
todepending on the size of the eenvelstionkernel. Some global operations do not require 430
any buffering; but some function-specific global SCPs may need a whole frame buffer to 431
hold the frame untilte the end-efframe has been processeding, such as Otsu adaptive 432
thresholding [30]. When creating an instance of one type of SCP, the optimized data han- 433
dling then comes for free. Fig.ure 5 shows how we handle the data flow and buffering in = 434
different types of SCPs. Since we are using HLS to implement these SCPs, the-detailedde- 435
tails of the architectures are hidden from us, and we only have control over the data flow 436
and buffering. 437

The Point operation SCP reads the next pixel from the input stream and performs the 438
calculation before pushing the result to the output stream. With pipelining, one pixel is 439
output every clock cycle. 440

In the neighborhood operation SCP (e.g. convolution), the example architecture of a 441
generic 3x3 neighborhood operation is shown in Eigure-fig. 5. As the streamed pixels ar- 442
rive, we use a BRAM-based line buffer to hold two lines and two pixels. When the third 443
pixel of the third line arrives, we have the whole window ready for a neighborhood oper- 444
ation to produce one single output pixel. Then, we increment the window position, and 445
read one more pixel, and do the next neighborhood operation. The neighborhood calcu- 446
lation in our generic operator is divided into two stages. In the first stage, for each position 447
in the window, each image pixel in the window is combined pairwise with the corre- 448
sponding value in the kernel (the matrix of window weights supplied by the users). These 449
intermediate results are then reduced in the second stage. (For convolution, this would be 450
an accumulation operation). 451

As a global operation can reduce a streamed input image to either a scalar resultora 452
vector result, two versions of global SCP, R25 and R2V, are ereatedavailable. Sometimes 453
the result of a global operation is subsequently used to process the same image (e.g. to 454
threshold an image based on its average pixel value). In this case, it will be necessary to 455
buffer the whole input image in an image buffer. Thus, in the architecture for a global 456
operation SCP (Eigure-fig. 5), when a streamed image comes from a camera or another 457
SCP or from a file, users can choose if they need a built-in frame buffer or not before push- 458
ing the result pixel. During the buffering or streaming of the input frame, the calculation 459
for the global operation can be done at the same time, since the global SCPs are fully pipe- 460
lined. Supported operations include Min, Max, £, |Z|, Count; and Global Average, and 461
are applied to give either a scalar or vector result. An image histogram can be obtained by 462
selecting the R2V SCP and specifying the address in BRAM where the vectorit will be 463
stored so that subsequent SCPs can access the result directly. However, when internal 464
memory allocation such as a frame buffer is needed, re-synthesis may be required. 465
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The Block Operation can be regarded as a special neighborhood operation which op- 470
erates on a stream of blocks. This requires an outer level of processing to extract blocks in 471
order, and to stream each block to the neighborhood operation. For each block, we cando 472
any neighborhood-based operation. When performing a neighborhood operation (e.g. 473
3x3) on a block, we must allow for the edge effect at block boundaries. Therefore, the block 474
buffer is one column larger (for a 3x3 operation) than the original block (see Eigure-fig. 5). 475
Also, the buffering hardware will handle any block stride length dynamically in SCPs as 476
it is sometimes useful to experiment with different block strides at runtime. 477

Complex SCPs which perform a neighborhood operation with a kernel in different 478
multiple orientations avoid the need to replicate the line buffer. Using the complex 479
neighborhood SCP, and supplying the appropriate kernel plus the rotation parameters, 480
we can do these operations in a single pass of the stream. -This solution uses only a single 481
line buffer. 482

4.2. Communication between Coprocessors 483

To allow users to change the DFG interconnections between SCPs without re-synthe- 484
sis, we use AXI-stream Interconnect (a Xilinx provided IP core) to connect SCPs instead 485
of using naive FIFOs. Each SCP has a “TDEST’ input to indicate where its output stream 486
goes in the AXI-stream interconnect system. 487

When there are many SCPs in the application, there will be many parameters to be 488
sent to the various SCPs, so it is crucial to find an efficient way of distributing these pa- 489
rameters. We also need-would like parameter distribution to be dynamic (in the sense 490
that they can be changed while the program is running). Our solution is to send the pa- 491
rameters as part of the header package for every new frame. It would be possible tosend 492
them using the ARM processor through the AXI bus using the AXI-Lite interface [32] by 493
enabling the data stream [33], but the ARM has-would have to work sequentially in send- 494
ing all the parameters every frame, which is time-consuming when there are many SCPs 495
involved. This is why our approach is to group the command and data together by ap- 49
pending the parameters to the front of each frame in the image data stream. 497

The parameter stream is illustrated in Figurefig. 6. The parameter stream comprises, 498
for each SCP, the ID of the SCP, its various parameters, and the output channel (TDest- 499
EST). Because we fix the entry point of the system to be the streamer, in this particular 500
case we only need to define the output channel of each SCP. (More generally, of course, 501
both the input and output channels would be defined). Each SCP receives the complete 502
parameter stream for all SCPs; it extracts only those parameters relevant to it, passes the 503
parameter stream on to the output Sc2channel (the next SCP), and then starts processing 504
the image data which followsing the parameter section. 505

4.3. Coding SCPs behind the Scenes 506

We created the Image Algebra-based soft coprocessors using Xilinx Vivado HLS. For 507
interoperability of SCPs, the way of interfacing any coprocessor to the rest of the system 508
is always the same. 509

When the developer introduces a new SCP instance in the textual DFG description, 510
behind the scenes one of the free instances of the SCP will be acquired from those still 511
available in the user-selected configuration. The parameters in the DFG are used by the 512
TCG tool to generate and set the various properties of the SCP in an object-oriented fash- 513
ion. Code is also generated to form the connections via the channels in the AXI inter-con- 514
nection scheme described above. This code is for the Xilinx SDK after the hardware plat- 515
form has already been defined and synthesized. For example, Figure-fig. 7 shows the TCG- 516
generated generated-code for the Xilinx SDK to set up a complex SCP (of type NeighOP2) 517
followed by a thresholding SCP (of type PointOP) for the Sobel operation outlined previ- 518
ously, based on a two-step rotating kernel. 519
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When implementing designs using Xilinx Vivado HLS, directive settings (or prag- 520
mas) can have a significant effect on hardware utilization and performance. Optimization 521
using well-designed directives can be several times more effective than an un-optimized 522
design. To master these directive settings takes a lot of time and requires a deeper under- 523
standing of how the hardware works. We therefore developed our own internal library of = 524
reusable macros and reserved variables which we used to simplify and standardize the 525
HLS coding of all the IA SCPs. These macros are also available to the developer when 526
creating skeleton-based function specific SCPs and when writing the low-level C function. = 527
This library is not normally required to be visible to the developer, but we mentionitasa 528
valuable approach to simplify the retargeting of our HLS coding of SCPs and skeletons to 529

another types of FPGA type-ofourHEScoding o SCPsandskeletons. This internal library 530

includes: 531
* Interface settings 532

* Pipelining directives 533

* Buffer settings 534

* Special data types and hardware-level signal handling 535
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Figure 7. From Text-based DFG to Hardware Platform through Xilinx SDK 542
5. Evaluation and Comparisons 543

In this section, we present some details of the performance and hardware utilization 544
of the SCPs. We use the Xilinx Zedboard with an I2C OV7670 camera module as the test 545
platform. The OV7670 camera can produce a 640x480 8-bit greyscale video stream and 546
can be connected to the Zedboard. The Zedboard is equipped with an XC-72020 FPGA, 547
which has programmable logic (PL) and an ARM processor. We use the Xilinx Zedboard 548
to implement our designs and evaluate two different versions of our IA-based SCPs: the 549
Minimum Area mode, and Maximum Performance mode (these have to be separately 550
synthesized). We compare example operations using SCPs with equivalent implementa- 551
tions using the image processing soft processor, IPPro. Finally, we also compare the-use 552
of-a generic (complex) single SCP formulation of a Sobel operator with an equivalent func- 553
tion-specific SCP created using a neighborhood skeleton SCP. 554

5.1. Performance and Hardware Utilization 555
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Table 1 shows the SCPs” hardware utilization and performance (in frames per sec- 556
ond) on a Virtex FGPA running at 150MHz in Minimum Area mode. This is compared 557
with the utilization and performance of the soft processor-based solution using a multi- 558
core IPProRO. The comparison is for four basic SCP operations (point, neighborhood, 559
complex and global). Table 2 shows the equivalent figures using Max Performance mode 560
for the SCPs. In both cases, the image size is 512x512 and in the neighborhood operation 561

SCP, the kernel is a 3x3 matrix. 562
Table 1 Comparison Between SCP (in Min Area mAode) and IPPRO-Approach— 563
in Utilization and Performance 564
SCPs FFs LUTs BRAMs DSPs FPS
Point 1659 2015 0 3 186
Neighborhood Basic 1104 1404 5 9 127
Neighborhood Complex 4963 7141 5 72 125
Global 622 998 0 0 189
IPPRO [15] FFs LUTs BRAMSs DSPs  EPS

12279FF 10941HJF 18.5BRAM 8BSP  120FRP
Point (8 core }RRPRO{15]}

s s S S S
Point{8-core) 12279 10941 18.5 8 120
Neighborhood Basic (6_—core)| 13202 11826 32.5 6 76
565
Table 2 _SCP Fhe-Ultilization and Performance (in Max Performance mA4ode) 566
SCPs FFs LUTs BRAMs  DSPs  FPS
Point 3346 2965 0 3 556
Neighborhood Basic 2309 1963 5 9 380
Neighborhood Complex 9862 12368 5 72 374
Global 1432 1353 0 0 568
567

The first observation is on the difference between Min Area Mmode and Max Perfor- 568
mance Mmode. Max Performance Mmode is roughly three times as fast, but takes twice 569
as much area, as Min Area Mmode. However, in practice there may be no advantage in 570
being able to process at nearly 400 FPS, and so the Min Area Mmode is often to be pre- 571
ferred. 572

To make comparison with various IPPro configurations easier, Table 3 shows the 573
normalized imverse-ratios of performance and resources (to one decimal place) based on 574
the data in tables 1 and 2 (first for min usage-area and then for max performance). Note 575
that-inthe performanceratio; a value greater than 1 in the IPPro rows indicates the degree 576
to which SGP—e&t—peffefms—IPPro is worse than SCP. And—lﬂ—t-lsfe—u{-ﬂa%&t-}eﬂ—pﬁt—a—vai-ue 577

i & —Thus ine 578

mMax pPerformance mMmode SCPs process 4.63 times faster than IPPros in point oper- 579
ations and 7.31 times faster in neighborhood operations, while using less hardware than 580
IPPro. This is partly because the IPPro has to go through the standard fetch-execute cycle. 581
In the-minresourcesmodeMin Area Mm;ode, the-SCP performance is eomparable-a little 582
faster thante the-IPProRO, yet uses only 20% of the resources (apart from DSPs) as Table 583
3 shows. 584
1 1 1 3 1omn P@@Fﬁl Cf‘D’ 7€ ol (&) b 1 £o3e "uéﬁ; 585

o ﬁﬁ%@ (e p) "'.'tla ﬁu“ g 1 P@@él COD 40 é@%ﬁ% 586
3 587
Table 3 fuwerse-Ratios for SCP ewer-to IPPro for Performance and Utilization (>1 is worse) 588




J. Imaging 2022, 8, x FOR PEER REVIEW

15 of 18

589 Performance UsageUtilization (>1 is worse)
Min Area Operation
Freq FPS FFs LUTs |BRAMs DSPs
SCP 150 MHz 1 1 1 1 1
Point
IPPro (8 core) | 150 MHz 154 |6247.4|64854 | -- 0:3752.7
SCP 150 MHz 1 1 1 1 1
Neighborhood
IPPro (6 core) | 150 MHz | 2.43 |0:688.0 | 6:445.9 | 645--- | 452.0
Max Performance Usage
Operation
Performance Freq FPS FFs LUTs [BRAMs DSPs
SCP 150 MHz 1 1 1 1 1
Point
IPPro (8 core) | 150 MHz | 4.63 |06-263.7 [6273.7 | -- 03752.7
SCP 150 MHz 1 1 1 1 1
Neighborhood
IPPro (6 core) | 150 MHz | 7.3% |06475.7 | 6466.0 [ 645--- | 450.7
590
To illustrate the benefit of using a function -specific SCP, we choose Sobel for our 591
final comparison. We compare the generic complex SCP with a function-specific SCP -in 592
doing a Sobel operation; in Table 4. 593
594
Table 4. Comparison between a Generic and a Function -specific SCPs 595
FFs | LUTs | BRAMs | DSPs | FPS
Generic 9862 | 12368 5 72 125
SkeletenFunction- | 932 | 1107 2 3 128
specific
596
Interestingly, the generic SCP approach and the function specific SCP have very sim- 597
ilar performance (around 125 FPS for a 640x480 video stream). However, the skeleton 598
approach is clearly much more area efficient (by a factor of approximately 310), because 599
it removes all the unused function logic which is part of the generic SCP. 600
6. Conclusion 601
In this paper, we have presented several concepts and tools which are intended to 602
make it easier for application developers to achieve-design FPGA-based aceelerationof 603
image and video processing systems while designing at a high level. By ‘high —level’, we 604
do not mean merely using the syntax of a high-level language; we mean designing sys- 605
tems with no, or as little as possible, hardware knowledge. ~-Where it becomes necessary 606
to drop down into hardware design, we have introduced approaches and customizable 607
components intended to abstract away many of the hardware-aware details. 608
Our main specific conclusions are as follows: 609
1) We propose the concept of soft coprocessors, which are single-instruction proces- 610
sors which can be parameterized to support a range of different functions. SCPs can be 611
assembled into a DFG for efficient stream-based processing. 612
2) The SCPs allow users to conveniently design and experiment with an image pro- 613
cessing application by chaining SCPs together. We use AXI-Stream Interconnect to con- 614
nect all the SCPs in the system in a way which reflects the algorithm’s Dataflow Graph 615
(DFG). In this way, we provide users with a flexible system which can be programmed as 616
a textual DFG. Users do not need to re-synthesize when they change the DFG. 617
3) We provide reusable hareware-SCP skeletons to allow developers to create effi- 618
cient function —specific seft-coprocessors without needing to know (much) about hard- 619

ware structures. 620
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4) We have provided a set of generator tools which comprise the SCoPeS environ- 621
ment — a prototype IDE to support the SCP concept. 622
5) Overall, we conclude that the soft coprocessor approach has the potential to deliver 623
better performance than the soft processor approach,; and can improve programmability 624
over dedicated HDL cores for domain specific applications while achieving competitive 625
real time performance and utilization. 626
However, our work also has the following main limitations: 627
1) Our current work is designed only for image and video processing development, 628
and is not a general-purpose tool. However, as a general rule, the coprocessor approach 629
is suited to any application area which has an associated under-pinning algebra. 630
2) Our implementation currently only supports relatively simple DFGs. 631
3) Our tools do not yet support image partitioning for greater parallelism, which can 632
be a useful additional appreach-technique for accelerating image processing applications. 633
Updating our tools to include this option of a multi-core approach is a walaable-promising 634
future development. 635
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