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Abstract— Due to energy efficiency, heterogeneous computing
is gaining more and more attention. Since FPGA implementations are time consuming, high-level synthesis (HLS) is used to
close the productivity gap. OpenCL has become accepted as a
good programming model for HLS, due to its portability, good
capability of design verification and rich instruction set. This
work implements different optimization strategies using OpenCL
for a heterogeneous system containing CPU, integrated GPU,
GPU and FPGA. Energy efficiency and performance of the architectures are compared using a feature detection algorithm. It is
shown how to maximize performance while hitting the maximum
memory bandwidth and keeping the resource utilization low for
the SDAccel tool from Xilinx. The evaluation shows the great
streaming capability of OpenCL for FPGAs. The FPGA achieves
a speed up of 62.8 and consumes 49 times less energy for the
application in comparison to an optimized single threaded CPU
implementation in full HD.
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I. INTRODUCTION
Due to the decreasing transistor size and power wall, there
has been a significant growth towards parallel computing and
heterogeneous systems. A variety of parallel architectures is
used in these systems to increase computational throughput,
while running at a slower clock speed, to increase energy efficiency. Using OpenCL, applications can be implemented for
different architectures, like CPUs, GPUs, and FPGAs. Classically, FPGAs are programmed using Hardware Description
Languages like VHDL or Verilog, which are time consuming
and unfamiliar to most application developers. To ease programmability, vendors like Xilinx and Altera (now Intel) have
introduced High-Level Synthesis (HLS) tools. Advantages are
the easier and faster way of testing functional correctness, the
portability of code and the shortened design cycles. Vivado
HLS [1] from Xilinx uses pragmas in HLS code to improve
hardware implementations. Based on this tool, Xilinx provides
SDSoC and SDAccel, which further abstract the underlying
hardware, by including Direct Memory Access (DMA), interconnections and hardware buffers. SDSoC [2] has been developed for heterogeneous embedded systems, which consist of an
ARM and an FPGA and SDAccel [3] for x86 systems, to execute functions like on any other accelerator. Altera’s OpenCL
SDK also provides an environment that abstracts the underlying hardware details [4]. There are also university research
HLS tools, like ROCCC [5] and LegUp [6]. This work com-

pares different optimization strategies for OpenCL devices
(CPU, integrated GPU (iGPU), GPU and FPGA). The AKAZE
feature detection algorithm [15] has been chosen as use case,
since it shows better repeatability than other state of the art
algorithms like SURF [17]. It is very suitable as a benchmark
for streaming applications, since it consists of various computational-intensive and streaming-capable functions. An exploration and evaluation of the computational throughput, resource
utilization and memory bandwidth consumption has been done,
to help developers to determine the performance of an application at design time. Streaming between functions is realized by
using OpenCL pipes and parallel execution of functions by
using OpenCL’s out-of-order execution. In the following, Section II provides related work, Section III describes implementation and optimization strategies, Section IV compares achieved
results and Section V contains conclusion and outlook.
II. RELATED WORK
OpenACC [7] is a pragma based alternative to OpenCL for
accelerators with similar concepts as OpenMP. OpenARC [8]
extends this for FPGAs, by source-to-source translating to
OpenCL code and therefore reducing overhead. Whereas
OpenCL has a rich instruction set, support of Task and DataLevel Parallelism and a high availability of different devices.
In [9], Hill et al. compare Altera’s VHDL and OpenCL design
flow for image processing and show the good portability of
OpenCL for FPGAs and a significantly reduced design time at
cost of increased resource usage. In [10], Wang et al. present a
performance analysis framework for OpenCL applications on
Altera FPGAs, which predicts performance with different optimization combinations and identifies bottlenecks. Both proposals do not compare to other architectures, like GPUs. In
[11], Ayat et al. explore Altera’s OpenCL comparing a Sobel
filter to GPU/CPU devices for different image and kernel sizes.
They show that kernel size does not increase computation time
for FPGAs as much as for GPUs/CPUs, but without energy
measurements. In [12], Rethinagiri et al. show the potential and
energy efficiency of platforms containing CPU, GPU and
FPGA for high-performance and embedded systems using
optimized applications in C/C++, CUDA and VHDL. Their
OpenCL implementation for all platforms only achieves 1/8
performance. In [13], Vasiljevic et al present a pre-optimized
stream memory component library for FPGAs using SDAccel
showing benefits of streaming in OpenCL. Two applications
are used to compare a naive with an optimized implementation,
without comparing to other architectures.

Figure 2: Windowed (3x3) function implementation on an FPGA.

Figure 1: Task graph of the AKAZE feature detection implementation.

III. IMPLEMENTATION
A. System and Algorithm Overview
In OpenCL, host code initializes its context, moves data
between host and devices and executes kernels (device functions). Work-items are kernel instances which execute concurrently over a grid and are grouped into work-groups. Device
global memory is visible to host and device (e.g. GPU), which
consists of compute units (e.g. GPU core). Local memory is
visible to its work-group that is executed on a compute unit.
We use SDAccel 2016.1, to pre-compile kernels and a Tcl
script to create the hardware system, link all vendor libraries
and execute all devices of the system (Table 1) in 1 application. AKAZE detects features by building a scale-space using
nonlinear diffusion. The implemented design (Figure 1) consists of 2 parts: non-linear scale-space creation (light), feature
detection (dark). Each FED step computes 5 multiply and 12
add/subtract operations and gets 5 pixels (3x3 window) of
each input image. A conductivity function, computes derivatives using the Scharr operator getting 8 input pixels (3x3
window) and then computes 1 division, 2 multiply and 2 add
operations. A Gaussian kernel of size 5x5 or 7x7 smooths the
image at each level. The determinant of the Hessian (DoH)
blob-detector needs 2 multiply, 1 subtract operation and first
and second order derivatives (Scharr) at different scales (σ)
(here 2, 3, 3 and 4). Key-points are extracted by comparing
pixels in DoH images in a 3x3 window (Find Extrema). If a
value is maximum, it is compared in σ radius to key-points in
same, upper and lower level (Compute Keypoints). We
dropped upper level comparison, since number of key-points
differs by maximum 1%, and reduced complexity of the Comto
∙
using
pute Keypoints function from
adaptive searching pointers, since key-points are sorted.
B. FPGA Bandwidth and Kernel Optimization
One approach for FPGA kernel design is to determine the
maximum achievable bandwidth, by removing all code not
related to memory access, and then increase computation
speed in relation to the maximum bandwidth. The following,
chronologically describes different optimizations for windowed functions. The baseline OpenCL implementation is a
partially optimized function executed by 1 work-item with
loops in x and y direction. First loop pipelining is applied to
the inner loop and the complete code is moved into this loop.
Data is pre-fetched from global to local memory (BRAM) in a
burst operation using OpenCL’s async_work_group_copy
function, which can execute memory operations concurrently
(asynchronous). Line buffers are used to reduce multiple global memory accesses to same data. If each line buffer row is

stored in an own BRAM, a 7x7 kernel needs 4 clock cycles to
read data, since each BRAM only has two data access ports.
To reduce clock cycles to 1, registers are used for the window
and combined with line buffers in a sliding window. Computation time now hardly depends on the window size and only a
small overhead is needed to fill it with data. For parallelism,
separate kernels are used for reading, writing and computation. These kernels are connected via FIFOs (OpenCL pipes)
and executed concurrently (OpenCL out-of-order execution).
To utilize the maximum available bandwidth, OpenCL vector
operations are used for memory access (e.g. 16x32-bit vector
for 512-bit interface) and computation. While GPUs are very
good at floating point calculations, FPGAs have their strengths
using fixed-point numbers, due to reduced resource utilization.
We normalize all filters and reduce 32-bit floating point data
to 16-bit fixed-point data, which also reduces the utilized
memory bandwidth. To reduce the accuracy loss of the fixedpoint numbers, also higher bit widths are used within the functions. Since the FPGAs 512-bit memory port is not fully utilized using OpenCL’s maximum vector size of 16 and 16-bit
fix point numbers, memory is accessed with a 32-bit data type
containing 2 16-bit fixed-point numbers (packing). Data only
needed by the next kernel, is streamed between them, to remove global memory access and reduce latency. This streaming capability also compensates the lower global memory
bandwidth compared to the GPU of the test system.
Figure 1 shows the implemented algorithm. The input image is an 8-bit gray-scale image and each Find Extrema function gives a key-point vector as output. The chosen vector size
is 4x16-bit for computations and 512-bit for memory access.
All interim results are streamed between functions, which are
combined, since SDAccel allows a maximum of 10 compute
units. There is 1 unit for global memory access, 5 for nonlinear scale-space and 4 for detection. The Find Extrema function
outputs maximum 2 key-points in 1 clock cycle, since 2
neighboring pixels can’t be an extremum. The final implementation for a windowed function is shown in Figure 2. First data
is read vector by vector from pipes. If a pipe is connected to a
DMA, the input is a 16x32-bit vector and scattered into 8
2x32-bit vectors, which are written one after the other into line
buffers, where data remains packed to reduce BRAM usage.
Then data is unpacked from a 2x32-bit to an 4x16-bit vector.
The example implementation duplicates border pixels if the
window is outside of image boundaries. The sliding window
moves 1 vector in each clock cycle from one register to the
other and provides parallel access to the complete window. If
results are written to DDR memory, 8 4x16-bit vectors must
be gathered and packed to a 16x32-bit vector, otherwise data
is packed to a 2x32-bit vector.
C. CPU, iGPU & GPU Kernel Optimization
There are 4 different implementations for windowed functions for a fair comparison to the FPGA. The first one (OPT0)
is device independent, leaves work-group partitioning to the
compiler and computes each output pixel in a single work-

Table 1: Test system components
Device Vendor
FPGA
GPU
CPU
iGPU

Fab Bandwidth
(nm) (GB/s)

Model

Virtex-7
XC7VX690T
NVIDIA GTX 780
Intel
Core-i7 4770k
HD Graphics
Intel
4600
Xilinx

28

10.67

28
22

288
25,6

22

25,6

Table 2: Resource utilization for 1 read and 1 write
DMA kernel and the achieved memory bandwidth.

No compute Gaussian
kernel
vector 8

32 bit 64 bit 128 bit 256 bit 512 bit
FF

2095

2205

2357

3141

4713

LUT

2537

3128

3122

3700

4850

BRAM

12

16

24

48

92

1450

3170

6290

8899

Bandwidth
740
(MB/s)

item. Different optimizations are applied (e.g. compiler optimizations), the amount of kernel computations is reduced and
branches are replaced by built-in functions. Qualifiers like
restrict, const, read_only and write_only are used to optimize
memory access. The OPT1 approach is related to Intel’s optimization guide [14]. Every work-item processes an 8x8 grid
of pixels, using a vectorization of 8 and processing 8 rows in a
sliding window approach, which achieved the best results. The
work-group size is left to the compiler. OPT2 loads data into
local memory, to reduce global memory access. Data is read
into local memory of size
2∙
2∙ ,
which depends on the work-group size n x n and the radius r
of the input window. The input is split into 4 areas, which are
read by the work-items in 4 separate operations (if 2 ∙
). OPT3 is like OPT1 without vectorization. It loads the
input window into registers, which are used as sliding window. Since input data is marked as read only, constant and
restrict, the read only cache of the device can be used. Due to
the SIMD structure in GPUs, the cache creates a line buffer
and each input pixel of a work-group is only loaded once. In
comparisons to OPT2, no extra commands are needed to prefetch data into local memory. The implementation of the Find
Extrema function contains 3 stages. The 1. stage writes detected key-points of each row in an own vector using a global
counter for each row, since key-points only need to be sorted
by their y coordinate. The 2. stage computes the parallel prefix
sum to sum the resulting row counters, to determine the position of a key-point in the result vector. It is computed for each
work-group (3 – 4 groups) independently. The 3. stage gets
the results of all parallel prefix sum and writes the key-points
to the correct position in memory. The CPU version computes
the prefix sum in simple loops.
IV. RESULTS
Table 2 shows estimated resource utilization and the
memory bandwidth of a data copy between two locations in
global
memory
using
different
port
widths,
async_work_group_copy and separate read/write kernels.
Compared to the theoretical bandwidth (Table 1), a high consumption can be achieved (resolution 2048x2048 and 32-bit
width). Table 3 shows the computation time of a Gaussian
convolution filter for different port widths and vectorization
degrees (720p and 16-bit width). The estimated computation
time of the kernel (eq. 1) and a memory copy serve as roofline
(height (H), width (W), kernel radius (r), vectorization degree
(v), pipeline stages (x)).
∙

Table 3: Computation time in ms for different
memory port widths of a 5x5 Gaussian kernel.

1

Gaussian
vector 4

128 bit

0.829

1.686

1.688

256 bit

1.107

1.101

1.175

512 bit

0.829

0.836

1.171

0.581

1.159

Estimated

The measured computation approaches the roofline as expected, which makes computation time of functions predictable. The resource utilization increases with the bit width, since
packing/unpacking of data is done within the compute kernel
and not the DMAs, to maximize memory throughput. Executing kernels from host requires about 15 µs for kernel with no
functionality and 1 kernel parameter and increases by about
15% for each further parameter. Executing more than one
function within one loop reduces the resource utilization, but
increases the difficulty to meet timing requirements. SDAccel
also provides the Vivado HLS tool flow, which allows executing several functions in parallel within one kernel by activating loop level parallelism using the HLS DATAFLOW pragma. Figure 3 shows the computation time for different devices,
calculated by taking the average time of 3072 executions. The
resolution is 720p and every function is labeled with its best
optimization strategy. The effect of an increasing window size
is lower in comparison to the single threaded CPU implementation. For the CPU, OPT1 achieves best performance for
larger kernels. For a small kernels (FED) or a sparse input
(DoH, Scharr), the baseline method, which benefits from autovectorization and compiler optimizations, is best. For GPU
and iGPU, OPT3 is best, since caching data into read only
memory saves computation in comparison to OPT2, where
data is loaded explicitly into local memory. OPT0 achieves a
bandwidth of 409 GB/s on the GPU for a 7x7 kernel, which
proves that data is cached, since bandwidth is higher than the
theoretical one (Table 1). The sliding window in OPT3/OPT1
additionally reduces memory access. The Find Extrema function achieves a speed-up of 3.88, 1.76, and 13.32 on CPU,
iGPU and GPU in comparison to the single threaded method.
Table 4 shows the final results for a 720p (1080p) resolution. The Compute Keypoints functions remains on host and
needs 130 (255) µs using OpenMP. They can be processed on
the CPU in parallel to GPU/FPGA. The avg. time to send an
image to the device and read back the ~4464 key-points is 430
(770) µs for the GPU/FPGA. The FPGA achieves the highest
speed-up and is 1.46 times faster than the GPU, due to efficient use of memory bandwidth enabled by streaming. The
entire system power is measured, since host and components
like DDR affect the efficiency. Energy is measured by processing the algorithm for 10 minutes and taking the average
power consumption, subtracting idle from total consumption.
The iGPU is only 1.17 times faster than the CPU, but 2.68
times more energy efficient, due to its parallel structure and
lower frequency. The speed-up of the FPGA increases with
increasing resolution, showing a good scalability. The estimated computation time without memory access can be determined by the time it takes to start all 10 kernels (165.5 µs) and
the time of the last kernel. The total estimated time for a 200

OpenCL CPU

OpenCL iGPU

900
Computation Time (µs)

800

OPT1

700
OPT3

OPT3

OPT1

OPT1

OPT3

400
300
200
100

Table 4: Comparison of the implemented algorithm with a 720p (upper
numbers) and a 1080p (lower numbers) resolution for different devices.

OPT0 OPT0
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OpenCL GPU
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Figure 3: Computation time of the different functions implemented in OpenCL for
CPU, iGPU and GPU for an image resolution of 1280x720.

MHz is 1343 (2780) µs. Writing back key-points adds the
remaining time. An extra write DMA kernel would optimize
this, but exceed the limit of 10 compute units. The final implementation consumes 46.1% LUTMs, 19.6% FFs, 8.1%
DSPs and 44.8% BRAMs. Our FPGA design achieves 342 fps
for a 1080p resolution. If copying data between host and device is not parallelized to computation it would still be 271
fps. A low-level AKAZE implementation [16] achieved 127
fps for a 1080p image. They additionally compute 4 sub-levels
on quarter sized images and a descriptor. We use an accelerated OpenMP version of the FREAK descriptor [18]. The Compute Keypoints function and the FREAK descriptor can be
executed in parallel on the host with 324 fps.
V. CONCLUSION AND OUTLOOK
We have implemented a feature detection algorithm for
comparison on different OpenCL devices and SDAccel has
been evaluated for the FPGA. Different ways of implementing
a streaming application containing windowed functions have
been explored. This makes it easier to estimate the final performance, to maximize the possible bandwidth consumption
and to determine if an application is memory or computation
bound. To have a fair comparison, different optimization strategies have been implemented in OpenCL for CPU, GPU and
iGPU. The FPGA implementation is 12.89, 10.59 and 1.47
times faster than the one of the CPU, iGPU and GPU and 62.8
times faster than a single threaded CPU one for a 1080p resolution. Additionally, it consumes 23.3, 8.7 and 10.6 times less
energy than the CPU, iGPU and GPU OpenCL implementations for a 720p resolution. In future, we extend the benchmark by adding more functions, make the implementation
open source and distribute the algorithm on different devices.
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