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Abstract

Modern embedded image processing deployment systems are heterogeneous combinations of
general-purpose and specialized processors, custom ASIC accelerators and bespoke hardware
accelerators. This paper offers a primer on hardware acceleration of image processing, focus-
ing on embedded, real-time applications. We then survey the landscape of High Level Syn-
thesis technologies that are amenable to the domain, and present our ongoing work on
IMP-lang , a language for early stage design of heterogeneous image processing systems.
We show that hardware acceleration is not just a process of converting a piece of computation into
an equivalent hardware system: that naive approach offers, in most cases, little benefit. Instead,
acceleration must take into account how data is streamed throughout the system, and optimize
that streaming accordingly. We show that the choice of tooling plays an important role in the
results of acceleration. Different tools, in function of the underlying language paradigm, produce
wildly different results across performance, size, and power consumption metrics. Finally, we show
that bringing heterogeneous considerations to the language level offers significant advantages to
early design estimation, allowing designers to partition their algorithms more efficiently, iterating
towards a convergent design that can then be implemented across heterogeneous elements accordingly.

Keywords: image processing, embedded, FPGAs, hardware acceleration, language, paradigm, co-design

1 Introduction

Image processing was once delegated to offline
activities [1]: image restoration, improvement,
augmentation [2]; diagnostics or information
retrieval from visuals [3]; manipulation for cre-
ative purposes [4]; etc. In the last two decades, as
computing power grew (whilst form factors and
costs decreased [5]), image processing was brought
to the forefront of real-time processing [6]. More
generally, computer vision (where ”vision” may
include input from cameras, radars, LiDars, etc.

[7]) now powers myriad application; from safety
and security (tracking, behavior analysis [8]) to
autonomous robots (scene perception [9]), and
many others in between [10].

Of course, this increase in computing power
creates a positive feedback loop: designers cre-
ate more and more complex image processing
algorithms (handcrafted [11], or, more recently,
implemented through statistical training methods
through Machine Learning [12]) which in turn fuel
the need for faster, cheaper, more energy-efficient,
deployment platforms. The time when this could
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be achieved by general-purpose processors alone is
long gone. Heterogeneity is the name of the game.

Modern image processing deployment sys-
tems are heterogeneous combinations of general-
purpose and specialized processors (e.g., DSPs
[13]), custom ASIC accelerators (e.g., GPUs [14])
and bespoke hardware accelerators (deployed, e.g.,
on FPGAs [15]). This complexity is required to
support the desired levels of performance, power
consumption, determinism, and form-factor: i.e.,
through a design process that must partition an
algorithmic description appropriately [16], choose
the best architectural artifact for executing each
partition, implementing the desired computa-
tion using hardware/software methodologies and
toolchains [17], and integrating and interoperating
all the moving parts into a coherent system.

Unsurprisingly, this is not easy. As the level
of complexity grows, so does the need for auto-
mated tools and methods that facilitate design.
In this article, we concern ourselves with a small
aspect of this ecosystem: hardware acceleration for
embedded image processing [18], i.e., the process
of creating bespoke accelerators on FPGA logic.
We begin by offering a primer on hardware accel-
eration, showing how FPGA acceleration should
(and should not) be used, in the context of embed-
ded (real-time) image processing. We then offer a
review of the extant tools (specifically: High Level
Synthesis (HLS) from different source languages
[19]) for this purpose, with quantitative exam-
ples that demonstrate how different tools provide
wildly different results, that the keen designer
must be aware of. We conclude by describing
our ongoing work on an open-source design lan-
guage purposely built for the early design space
exploration of heterogeneous embedded image
processing systems.

Specifically, this article offers the following
contributions:

• We provide a primer on hardware accelera-
tion of image processing, useful for practitioners
entering the field (Section 2).

• We review the state of High Level Synthesis
technology, focusing on the different paradigms
utilized across languages, and how these affect
generated designs (Section 3).

• We introduce IMP-lang , a language for het-
erogeneous design space exploration, amenable
to the deployment of modern embedded image

processing systems (Section 4), and show how it
can be used for early design evaluation (Section
5).

Section 6 concludes this article, offering per-
spectives on ongoing efforts in this field.

2 Background: FPGAs and
Acceleration Strategies

Hardware acceleration is the process of
decreasing the total execution time (performance-
oriented acceleration) or decreasing the total
power consumption (power-oriented acceleration)
of a given application (i.e., a software task) by
moving parts of that task to dedicated hardware.

In this manuscript, I’ll strive to describe how
hardware acceleration works, in function of archi-
tecture and specific task behavior, as well as
identify common misconceptions about hardware
acceleration to prevent designers from falling into
these pitfalls. The examples in this manuscript
assume the original task to be accelerated is run-
ning on a single-core system for simplicity, but the
lessons apply equally to multi-core systems.

We are assuming that acceleration is per-
formed on Field Programmable Gate Arrays
(FPGA): for those inexperienced with them, there
are three properties that must be understood to
fully comprehend the rest of this manuscript: I/O
interfaces, clock frequencies, and internal memory.

2.1 I/O interfaces

A processor typically has a single I/O interface:
memory ports. I.e., a collection of I/O pins that
implement an address-based read/write interface.
Typically, this interface is connected to a bus,
where memory and other peripheral devices are
attached to. Depending on the address, the bus
system will propagate requests to the correspond-
ing device; either main memory, or a peripheral
device such as a network card. All devices that
can initiate memory accesses compete for bus use,
and adding a new device that can transfer data to
the processor must be done by appending it to the
bus.

FPGAs, on the other hand, possess far more
available I/O pins, and, because of their config-
urable nature, there is no hard-coded behavior for
each pin. Thus, it is possible to connect several
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devices directly to an FPGA (without an interme-
diate bus), and internal logic (operating in truly
parallel fashion) can transfer data to/from several
of those devices at the same time. It is, of course,
still possible to connect an FPGA to a bus.

2.2 Clock frequencies

The highest achievable clock frequency in any dig-
ital circuit is a function of the propagation delays
(read: number of logic gates in series) in that
circuit. Because FPGAs are comprised of pro-
grammable logic, there is always an overhead in
the number of gates in series, for a given cir-
cuit, compared to the same circuit implemented
in Application Specific Integrated Circuit (ASIC).
This means that, for an FPGA and an ASIC fab-
ricated using the same technology implementing
the same circuit, the FPGA always yields a lower
clock frequency. Any digital circuit can be imple-
mented on FPGA, including a complete processor:
but, it will always have worse performance than
the same processor implemented on ASIC.

2.3 Internal memory

FPGAs consist of configurable logic, capable of
implementing any computation, and distributed
memory blocks. These distributed memory blocks
are typically small (a few kilobytes), and their
interconnection is controlled by configurable logic.
Thus, it is possible to implement large, mono-
lithic memory structures, similar to external main
memories. But, more importantly, it is possible
to implement custom memory architectures, with
computations in-between storage. This feature is
one of the most powerful capabilities of FPGAs:
we’ll see how this can be used in practice in the
examples below.

2.4 Performance bounds

In this section we’ll consider completely convert-
ing a software task into an equivalent hardware
one; i.e., such that an FPGA completely replaces
a processor in a system. In the next section, we’ll
consider accelerating parts of a software task.

Consider the system depicted in Fig. 1: a
single-core processor, connected to a memory via
a bus, executing a task T . This system will be the
baseline case for all examples in this manuscript.

Memory

Bus

Processor Task T

Fig. 1: Processor-memory interconnect.

It is an example of a Von Neumann architec-
ture: memory holds both the code for task T (the
instructions that implement its computation) and
its data. Virtually all modern processors can be
depicted as per Fig. 1; however, most processors
include (at least one, potentially several) cache
memorie(s) to accelerate execution. We’ll ignore
caches for the time being.

The notion of performance of task T is context-
dependent: in some situations, latency (average
or maximum time between an input arrival and
output processing) is an adequate measure of
performance; in others, throughput (number of
inputs processed per time unit) is a better one.
For simplicity, we’ll assume task T must read
D data (in bytes), process them, and write D

data back to memory, and that the total latency

(total execution time) is a valid measure of its
performance.

Reading/writing data (including instructions)
from/to memory requires a certain amount of
time, determined by the specific implementation
of the memory system and the specific access
patterns. Processing that data (executing instruc-
tions), similarly takes a certain amount of time,
determined by the specific implementation of the
processor, and by the computation that must be
performed. Determining the total execution time
is not a trivial thing, as there are several sources of
parallelism that make these inner latencies over-
lap (e.g., pipelined processors might be reading
instructions from memory at the same time as
they are processing previously read instructions;
cache memories further complicate this timing
analysis).

Task T is said to be compute-bound if mak-
ing the memory system arbitrarily fast would have
little to no influence on the execution time; the
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total latency is primarily a function of computa-
tion time (data processing). T is memory-bound if
making the processor arbitrarily fast would have
little to no influence on the execution time: the
total latency is primarily a function of memory
access times. Most real-world workloads are likely
neither memory- nor compute-bound, meaning
that making either the processor or the mem-
ory system faster would accelerate their execution;
however, most workloads are probably far closer
to being memory- than compute-bound (thus the
heavy use of cache memories in real processors).

The performance bounds of a task have impli-
cations on its hardware acceleration: let’s examine
the two cases.

2.4.1 Accelerating compute-bound
tasks

Memory

Bus

FPGA Task T

Fig. 2: FPGA-memory interconnect.

If task T is compute-bound, we can replace its
software implementation by an equivalent hard-
ware pipeline: the computed algorithm, rather
than being implemented as a set of instructions,
becomes a circuit with equivalent behavior, as
depicted in Fig. 2. The relevant question, of
course, is ”Is this implementation faster than the
original one?”. Unsurprisingly, the answer is: it
depends.

If the implementation technology for the old
processor and the new circuit is the same (e.g.,
both implemented in FPGA logic) the answer is
probably yes. The circuit does not need to fetch
and decode instructions: what would have taken
several clock cycles in the software implementa-
tion becomes a single clock cycle in the hardware
version. Despite processing the same amount of

data, in exactly the same way, the logic that com-
putes those data is much faster (requires fewer
clock cycles), and the clock frequencies between
the software and hardware versions are likely
approximately the same.

If the implementation technology is different,
things are less clear. For example, let’s say we’re
converting a software implementation running on
a processor clocked at 2GHz, and our result-
ing FPGA implementation is clocked at 500MHz
(FPGA implementations always boast lower clock
frequencies than the same circuit implemented on
custom silicon). In this example, clock frequency
goes down by a factor of 4. The hardware imple-
mentation will be faster if, and only if, the number
of required clock cycles to compute the algorithm
goes down by a factor greater than 4. This is

algorithm-dependent : in fact, it’s also instruction
set dependent and micro-architecture-dependent.
In summary, it is not trivial to determine whether
a task will be accelerated when we move across
implementation technologies.

Data parallelism
Of course, there is no reason to implement

an ”equivalent hardware pipeline”: it is a much
better idea to implement an optimized hard-
ware pipeline. One the obvious optimizations is
parallelism.

Consider the following code:

Listing 1: Data parallel task

1 int array[ARRAY_SIZE];

2 ...

3 for(i=0; i < ARRAY_SIZE; i++)

4 {

5 array[i] = foo(array[i]);

6 }

If task T computes this, it is completely use-
less, in a single-core software implementation, to
parallelize the computation (i.e., through multi-
threading); performance would actually decrease,
as there would be no acceleration whatsoever
(threads execute in temporal parallelism) and
we would induce overhead in thread creation,
etc. (in a multi-threaded/core processor scenario,
any possible improvement would depend on the
size of data, cache behavior, etc.: multi-threading
is useful for hiding I/O latencies, not for data
parallelism).
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However, as we move the task to hardware, and
still assuming it is and would remain compute-
bound, then we could truly parallelize data pro-
cessing: we could create a circuit consisting of N
identical computational pipelines (circuits execute
in spatial parallelism), accelerating computation
by a factor of N (as long as the system remained
compute-bound).

2.4.2 Accelerating memory-bound
tasks

Memory Camera

Bus

Processor Task T

Fig. 3: Camera connected to system bus.

It is worth re-iterating that most real-world
workloads are probably far closer to being
memory- than compute-bound: the memory sys-
tem, not the computing system, is almost always
the performance bottleneck. In this scenario, all
the advantages of hardware acceleration presented
so far are negated: even spatial parallelism is
useless, since the pipelines are starved of data,
and must wait for memory. Naively converting a

memory-bound task to hardware yields no perfor-

mance improvement whatsoever.
The advantages of hardware acceleration

come, not from naive conversion from software
to hardware, but from using this newly-available
hardware to re-design how our system is archi-
tected (i.e., refactoring). One of the most powerful
refactoring approaches comes from realizing that
no data are born in memory: data are born
from system inputs. If we have custom hardware
available, we can propagate and store those data
in different ways than just a monolithic memory,
resulting in far more efficient implementations.

Consider the system depicted in Fig. 3: a cam-
era is connected to the system bus, providing
real-time video streaming. A configuration such

as this typically employs Direct Memory Access
(DMA) to transfer image frames from the camera
directly to memory, without the need for pro-
cessor polling; camera writes data in row-wise
order. Let’s assume a simple region-wise image
processing application, e.g., edge detection. Task
T merely sees frames stored in memory (as a
2-dimensional array) that can be read and pro-
cessed, generating output that is written back to a
different memory region. Software implementation
looks like this:

Listing 2: Edge detection: software implementa-
tion (edge cases ignored)

1 int *input_frame;

2 int *output_frame;

3 ...

4 #define F input_frame

5 for(i=1; i < HEIGHT-1; i++)

6 {

7 for(j=1; j < WIDTH-1; j++)

8 {

9 int Gx = F[j-1][i-1] + 2*F[j-1][i] +

F[j-1][i+1] ... - F[j+1][i+1];

10 int Gy = ...

11 output_frame[j][i] = sqrt(Gx*Gx +

Gy*Gy);

12 }

13 }

This is an example of Sobel edge detection,
applies a 3x3 sliding kernel to the input image.
The specific computation is not important for our
purposes: what is important is to observe data
access patterns. For an input frame of width W

and height H, this task would generate an output
frame of widthW−2 and heightH−2 (frame edges
are ignored). The double for loops traverse the
output frame row-wise. For every j, i coordinate
pair in the output frame, we must read the 8 adja-
cent values from the input frame, from j− 1, i− 1
to j + 1, i+ 1.

A naive conversion of this task to hardware,
connected to memory in the same way, would
result in a virtually identical implementation: the
system would have to perform 8 memory reads for
each (W − 2) ∗ (H − 2) memory writes, after the
camera had already written W ∗H data. In total
(ignoring instructions) the system would have to
access memory W ∗ H (camera) +9 ∗ ((W − 2) ∗
(H − 2)) (processing) ≈ 10 ∗W ∗H times.

Custom memory-processing systems
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Camera

Bus

Memory

Fig. 4: Camera connected to FPGA with custom memory system (width of shift register is W ).

A more sophisticated hardware acceleration
would take advantage of two observations: (1)
the input frame is discarded after edge detection
is computed. Thus, if we can process data in a
streaming manner (as it is read from the cam-
era), there is no need to write the input frame to
memory. (2) the input frame data access pattern
is regular: thus, it must be possible to implement
a data storage system that allows us to process it
more efficiently. This solution is depicted in Fig. 4.

Fig. 4 depicts a shift-register row-buffer. Notice
that it uses the smallest amount of storage
required to compute the Sobel edge detection
operation, taking advantage of distributed mem-
ory inside FPGAs to accelerate the computation,
and discarding pixels as soon as they are no longer
required. In this configuration, camera still has to
write to FPGA memory (total of W ∗H writes),
but configurable logic needs only write the result-
ing frame (W −2)∗ (H−2) to memory, for a total
of ≈ 2 ∗ W ∗ H memory (main and FPGA inter-
nal) accesses, resulting in a 5x improvement over
the original implementation.

3 High Level Synthesis

High-Level Synthesis (HLS) promises to boost
hardware design productivity into software-like
levels, ending the long development and verifica-
tion processes typically associated with Register
Transfer Level (RTL) design. The momentum
behind the HLS movement is primarily fueled by
two aspects: on one hand, the hardware commu-
nity desires to increase productivity and ensure
design correctness in order to guarantee the time-
to-market of complex SoCs keeps up with Moore’s

law. On the other hand, the software community,
lacking RTL-savvy, increasingly adopts FPGAs in
fields as diverse as high performance computing
or image processing, and wishes to program them
using established software languages/frameworks.
The appearance of platform FPGAs, which are
essentially SoCs combining general-purpose pro-
cessor(s) and/or other “hard” blocks with “soft”
FPGA fabric, increased the demand for power-
ful HLS even further, thanks to opportunities for
hardware-software co-design.

Despite approximately three decades of HLS
development, we are still far from the levels of pro-
ductivity achieved in the software world. The HLS
landscape, shaped by FPGA vendors’ proprietary
toolchains, third-party commercial toolchains and
academic/open-source projects, is made up of
more than forty different HLS frameworks, none
of which has gained widespread adoption: Verilog
and VHDL are still the de facto development lan-
guages for FPGAs. The goal of this survey is to
examine the reasons behind this and point out
future research directions for HLS.

HLS research has been previously summa-
rized from different perspectives: [20], [21], [22],
[23] and [24] have described the historical evolu-
tion of HLS tools, primarily focusing on industry
adoption. [25], [26] and [27] focus on the dynamic-
reconfiguration support of HLS tools. We summa-
rize the field from a different perspective, filling
a gap in the literature; namely HLS languages’

abstractions, focusing on the clash of hardware
and software traditional views.

The diverse nature of HLS languages/-
toolchains (some are novel full-fledged languages
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such as Bluespec, others subsets of legacy lan-
guages such as C, and others are domain specific
embedded languages, such as Cλash) compli-
cates this analysis; we treat each as compara-
ble languages per se when appropriate, and we
make very fine distinctions in other cases. Dif-
ferent toolchains which use the same underlying
language are also treated distinctly: throughout
this manuscript, we use the terms language and
toolchain interchangeably when referring to HLS.

Hardware Description Languages (HDL), such
as Verilog and VHDL, lack many of the features
typically associated with high level languages.
There is no complex type system: every signal is a
bit array (integer types are merely placeholders for
a specific bit width). There are very few syntactic
constructs: the various loop and type constructs
typically found in software make no sense. This
is because HDLs specify the behavior, not as a
sequential computation (where parallelism must
be explicitly managed through threads/processes)
but as a computation for every single moment in
time (behavior at each clock cycle) where par-
allelism is implicit. Loop unrolling is seen as a
compiler optimization in C, while in HDL, it is
built into the language semantics: a loop that can-
not be fully unrolled at design time will result in a
synthesis error. This paradigm shift from tempo-
ral flexibility to temporal strictness is one of the
main reasons software programmers struggle with
HDLs, and one HLS tools attempt to abstract.

However, this temporal paradigm is one of
the greatest strengths of HDLs and one of the
weaknesses of HLS (we will elaborate on this in
the following sections); HDLs can cope with com-
plex timing requirements, such as refresh rates
for DRAM memories, communication protocols,
or circuit initialization procedures. When HLS
languages fail to provide mechanisms to perform
these procedures efficiently and clean interfaces to
HDL code, there is little motivation for hardware
engineers to adopt such a toolchain. This advents
from the fact that many HLS languages are
datapath-oriented, rather than control-oriented
(HDLs are both).

Clock signals are arguably the most impor-
tant signals in an FPGA design, and thus, they
are explicitly stated in HDLs. Designers can dis-
tribute complex designs across asynchronous clock
domains, perform clock gating for power reduc-
tion and keep an accurate record of elapsed time

Table 1: Imperative/OO HLS

Language Source
SystemC [29]
Handel-C [30]
OCAPI-XL [31]
Catapult-C [32]
Vivado HLS [33]
Impulse C [34]
C-to-Silicon [35]
Synphony C [36]
Cynthesizer [37]
LegUp [38]
ASC [39]
Altera C2H [40]
CHiMPS [41]
ROCCC [42]
GAUT [43]
Trident [44]
Altera SDK for OpenCL [45]
Xilinx SDAccel [46]
FCUDA [47]
LIME [48]
KIWI [49]
DWARV [50]
Bambu [51]
Hercules [52]

(every hardware designer has had to implement a
clock cycles counter for some low-level communi-
cation protocol at one time). Most HLS languages,
however, do not have an explicit clock signal.
Either each language construct operates in one
clock cycle or, as is the case in some dataflow
languages, there is no programmer-visible con-
cept of time. To the best of our knowledge, very
few HLS toolchains are yet capable of handling
multiple clock domains automatically, inserting
appropriate synchronization logic (e.g., [28]).

3.1 Imperative Languages

C is the most familiar software language for hard-
ware designers. Hence, it is not surprising that
many HLS toolchains use C, and other similar
imperative languages and Object-Oriented (OO)
variants, as a foundation (although many software
programmers would disagree C should be consid-
ered ”high level”). Table 1 depicts imperative-
based HLS toolchains. It is by no means complete,
but suffices to grasp the amount of effort invested
in imperative languages to FPGA design.

There are three main advantages to this fla-
vor of HLS: familiarity, control and co-design. The
familiar syntax allows programmers to express
algorithms quickly, often re-using code. Tried and
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tested software applications can be migrated to
hardware for acceleration. The sequential seman-
tics of C-like languages, rich in loop and condi-
tional constructs, lends itself well to the imple-
mentation of protocols and control operations.
Since software and hardware are described in the
same language, design space exploration strate-
gies can be employed to meet design performance,
power and area constraints, mapping an algorithm
to CPU(s)/FPGA hybrid systems. This paradigm
is especially favorable when targeting platform
FPGAs; hence the extensive support offered by
FPGA vendors (e.g., Xilinx Vivado HLS and
SDK).

This paradigm is not without several draw-
backs. It is notoriously difficult to explicitly
express parallelism in imperative languages; it
must typically be expressed through compiler
directives (pragmas) for loop unrolling, which rely
on compiler optimizations. Granularity is an issue:
most HLS compilations operate at the function
granularity, which might force legacy software to
be re-written in order to encapsulate hardware-
destined and software-destined code separately.
Timing is an issue, as it may be impossible to
predict how many clock cycles a particular lan-
guage construct will take to execute, depending on
the HDL generation strategy. As these languages
were built for Von Neumann machines (implying a
large, shared memory space), many language fea-
tures are not directly amenable to hardware syn-
thesis (pointers and dynamic memory allocation
are notorious examples).

3.2 Functional Languages

Advocates for functional programming have
developed several HLS functional flavors, either
through new complete languages or through small
languages embedded in consolidated ones such as
Haskell. Table 2 depicts an overview of functional
languages targeting FPGAs.

In some ways, functional languages are a bet-
ter fit for HLS than imperative languages. The
referential transparency that makes functional
languages inherently suitable for parallelism lends
itself well to hardware synthesis. Functional HDLs
like CλaSH are able to model functions as struc-
tural definitions of circuits and function applica-
tions as instances of those circuits. The funda-
mental support for higher-order functions means

Table 2: Functional HLS

Language
CλaSH [53]
HML [54]
ForSyDe [55]
Lava [56]
PARO [57]
Esterel [58]
MMAlpha [59]
Verity [60]
ReWire [61]
SAFL [62]
Hume [63]

that designs are often automatically parametric.
In many ways, functional languages constructs can
be mapped almost directly to RTL, allowing a
designer working in a functional HLS language to
have a very good idea of exactly what the hard-
ware they are writing will look like, in contrast to
imperative languages where there can be a much
larger gap between the code and the hardware
generated by synthesis tools.

There are also a number of disadvantages to
using functional languages for high level synthesis.
Some constructs used in functional programming
are not easily synthesizable. E.g., recursive func-
tions can pose particular difficulties; if function
applications are realized by instantiating hard-
ware components, a recursive function would con-
ceptually result in an infinitely large hardware
construct. It is possible to identify certain special
cases of recursion and generate specific hardware
for them, but it is difficult to find a general
solution to the problem. Similarly, it is gener-
ally not possible to realize recursive data types
in hardware. These limitations can be an issue
for programmers who are used to functional lan-
guages. As they may need to learn a very different
approach to many problems then they are used to
when writing software, this can negate some of the
advantages of high level synthesis.

3.3 Domain Specific Languages

In an effort to avoid the challenges of synthesiz-
ing complete complex languages, several Domain
Specific Languages (DSL) have emerged in recent
years. DSLs are well known in the software
domain: they allow programmers to express solu-
tions at a higher abstraction level than typical
general-purpose languages, within the semantics
of the particular application domain.
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In the context of HLS, DSLs have several other
advantages. The limited syntactical constructs
are more easily synthesizable; in other words,
it is far simpler to ensure complete language
coverage. Knowledge of the application domain
allows the use of hardware templates optimized for
the domain: rather than generic hardware struc-
tures designed for flexibility, the HLS tool is free
to infer specialized architectures, optimized for
power, performance and area within the domain
(e.g., in synchronous dataflow DSL synthesis, the
HLS compiler is aware of the timing relationships
between modules and can infer pipeline stages sep-
arated by registers; in asynchronous dataflow, the
HLS compiler is forced to infer FIFOs between
modules).

Darkroom [64] is language and compiler for
image processing. Its semantics allow it to synthe-
size line-buffered pipelines, with all intermediate
values in local line-buffer storage. Images at each
stage of computation are specified as pure func-
tions from 2D coordinates to the values at those
coordinates, declared using a lambda-like syntax.
In the first version, it only supports programs
that are straight pipelines with one input, one
output, and a single consumer of each interme-
diate value. HIPAcc [65] (Heterogeneous Image
Processing Acceleration) is another DSL for image
processing. It is a C++ embedded DSL [66], which
uses the LLVM back-end [67] for software code
generation, and C code annotated with pragmas
for Vivado HLS.

RVC-CAL [68] is an asynchronous dataflow
language which possesses backends for FPGA,
e.g., Xronos [69]. RVC-CAL is based on dataflow
process networks with the addition of firing rules.
Xronos uses Orcc compiler [70] as its front-end,
which parses RVC-CAL actors and generates an
intermediate representation suited to its Open-
Forge back-end. Another streaming DSL is Opti-
mus [71], based on the StreamIt language [72].
A common feature of both languages is that
embedded memories are used to implement local
arrays and other data structures used by the fil-
ters. Thus, for large stream graphs, embedded
memories quickly become the bottleneck resource.

Spiral [73] is a code generation system for Dig-
ital signal Processing (DSP) transforms which has
been extended to generate DSP IP cores for FPGA
[74]. RIPL [75] employs image processing algo-
rithmic skeletons as a general framework for the

application of user-defined functions, generating
efficient streaming hardware pipelines.

3.4 HLS Evaluation

To compare the implications of different HLS
methodologies, we implement two computations
that are ubiquitous in the image processing
domain: Finite-Impulse Response (FIR) filter and
Eigenvalue/vector decomposition.

An FIR filter in discrete-time domain is
defined in Equation 1, where y[n] is the output,
x[n] is the input sample, h[n] is the coefficient and
L is the number of filter taps.

y[n] = x[n] ∗ h[n] =

L−1∑

i=0

x[i]h[n− i] (1)

Eigenvalue/vector decomposition can be
implemented through the Approximate Jacobi
method, replicated from [76]. If Ax = b, where
A is an n × n matrix, and x and b are column-
vectors of length n, then A can be decomposed
into a diagonal component D, a lower triangular
part L and an upper triangular part U such that
A = D + L + U . The solution can be obtained
iteratively via x(k+1) = D−1(b− (L+ U)x(k)).

Haskell C SystemC
BRAM 0 0 0
DSP48E 0 2 2

FF 640 112 119
LUT 1235 129 200

Static Power (W) 0.574 0.123 0.123
Dynamic Power (W) 23.370 0.002 0.003

Latency(cycles) 10 617 248
Latency(absolute) (ns) 100 6170 2480

Table 3: Standard Optimization Result (FIR Filter)

Table 3 presents results for FIR filter imple-
mentation through CλaSH (Haskell), Vivado HLS
(C and SystemC), without any optimizations
performed; Table 4 lists the same performance
metrics obtained in the second scenario where
we used optimization directives for paralleliza-
tion. Tables 5 and 6 present the same results for
Eigenvalue/vector decomposition.
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Haskell C SystemC
BRAM 0 0 0
DSP48E 0 0 0

FF 640 522 633
LUT 1235 686 894

Static Power (W) 0.574 0.123 0.123
Dynamic Power (W) 23.370 0.013 0.004

Latency(cycles) 10 14 27
Latency(absolute) (ns) 100 140 270

Table 4: Performance-Optimized Results (FIR Filter)

Haskell C SystemC
BRAM 0 4 2
DSP48E 12 11 38

FF 388 2185 5795
LUT 7519 3122 8624

Static Power (W) 0.157 0.123 NA
Dynamic Power (W) 4.999 0.017 NA

Latency(cycles) 10 1860 8130
Latency(absolute) (ns) 100 18600 81300

Table 5: Standard Optimization Result (EVD)

Haskell C SystemC
BRAM 0 0 4
DSP48E 12 28 41

FF 388 24455 6179
LUT 7519 28020 13876

Static Power (W) 0.157 0.124 NA
Dynamic Power (W) 4.999 0.170 NA

Latency(cycles) 10 135 824
Latency(absolute) (ns) 100 1350 8240

Table 6: Performance-optimized Result (EVD)

4 Language

IMP-lang (the IMage Processor Language) is a
design space exploration and simulation language,
useful for early design partitioning across hetero-
geneous cores. Its features are particularly relevant
to the design of streaming systems, such as typ-
ically found in the embedded image processing
domain, but it can be applied to other domains.
The language compiler and interpreter is open-
source, and can be obtained here1.

A design written in IMP-lang describes the
desired architecture from the top down, using
nested bodies of code to first define the execu-
tion units (”cores”), which contain declarations of
global variables and of functions, which in turn
contain executable code blocks.

1https://github.com/paulofrgarcia-cmkl/IMP

4.1 Cores

A ”core” is the primary unit in IMP-lang . It
abstractly represents a piece of hardware that can
execute code. For example, a CPU, a GPU unit,
or a bespoke accelerator, could all be represented
as a core. Each core has code assigned for it in the
form of functions (see 4.2). Each core should exe-
cute independently of the others, as they represent
separate hardware units. A core is considered to
be active as long as at least one of its functions
is running; if no cores have running functions, the
program is finished.

Main
Function

Signal
Function

Stream 

Stream 

Core

Fig. 5: Illustration of a core with a main, signal,
and two stream functions.

4.2 Functions

There are three categories of functions: Main,
Signal, and Stream functions. These will be elab-
orated on in the sections below.

0..1 *1

Core 

Main Function Stream FunctionSignal Function

Fig. 6: Class diagram illustrating the relation-
ships between cores and the three function types.
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MAIN

MAINCore 0

Core 1

Core 0 triggers Core 1

SIGNAL MAIN

Time

SIGNAL function completes

Fig. 7: Timing diagram illustrating the program
flow on a core when receiving a signal interrupt.

4.2.1 Main Functions

The main function is the primary function of each
core, and every core requires one and only one
main function. It runs by default, and once the
core’s main function reaches the end of its code,
or the function is terminated, the entire core is
considered to have finished its work and stops all
execution. As a result, if the core needs to remain
idle until some condition occurs (for example, a
core representing a co-processor that does nothing
until triggered, computes a value, and then returns
to an idle state), the main function should wait in
a while-loop lasting until the end of the simulation.

4.2.2 Signal Functions

Signal functions are analogous to interrupt service
handlers. If a core is given a signal function, and its
main function enables signal interrupts, the core
will run its signal function in response. It should
run exclusively once triggered; that is, other func-
tions must wait for it to finish before they can
continue; Figures 7 and 9 illustrate this block-
ing effect. A signal function can alter its behavior
depending on which core triggered it, allowing for
a single core to respond appropriately to many
different circumstances and hardware layouts.

4.2.3 Stream Functions

Stream functions serve the role of asynchronous
sub-routines. They are composed of a block of
executable code, an input queue, into which
arguments are passed, and an output queue, onto
which return values of the function can be pushed.
The stream function can be invoked by any other
function, including another stream function, or
even itself. By invoking it, the arguments sup-
plied to the call are collected and pushed onto
the input queue, the capacity of which is infinite
(by default in simulation, but can be modified
in implementation to better suit the realities of

Function 
CodeD

at
a

R
es

ul
t

Input Queue Output Queue

Stream Function

Fig. 8: Architectural diagram of a stream func-
tion, illustrating its input and output queues.

target hardware), so that the function can be
invoked at any time. Any argument passed to
or returned from a stream function can be null-
valued; function code can be written to behave
differently when encountering a null argument,
and so null arguments can be used to convey
information (such as indicating that an error
occurred, that a search returned no results, or as
a flag passed to a stream function to indicate that
it should perform an alternative set of operations
on other input arguments).

Once input data is at the head of the input
queue, the function’s code will execute, in par-
allel to the other functions on the core (though
it will still be paused while a core is handling a
signal interrupt). Once it reaches the end of its
code, it will terminate, and will push values of
any outputs that it is defined to return onto its
output queue. Just as any function of any core
can write to the input of a stream function, the
data at the front of the queue is visible publicly.
Thus, any function can read from the queue; this
destructively consumes the value at the front.
The architecture of a stream function and its
input/output queues is illustrated in 8.

A function may attempt to read from an out-
put queue at any time. However, if the queue
is empty, that function will block until data is
present in the queue. This access is on an oppor-
tunistic basis; if multiple functions are attempting
to access a queue, the next one to execute will
take its turn first. This is not an issue if all
functions are only reading, as the read process
is non-destructive. If one or more of the compet-
ing functions is waiting to discard a value from
the queue, however, this can result in destroy-
ing data that other functions are expecting to
read, with the other functions then erroneously
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MAINCore 0

Core 1

C0 triggers C1

SIGNAL MAIN

Time

SIGNAL function completes

Core 1 
Stream Fxn

C0 reads C1 STREAM output

(idle) STREAM (waiting) STREAM (idle)

C0 triggers C1 STREAM 

MAIN

Fig. 9: Timing diagram illustrating the program
flow on a core and its stream function when receiv-
ing a signal interrupt. Note how Core 1’s stream
function also halts while the signal function is
being handled.

reading the next value in the queue, or block-
ing if the queue has been left empty. These sorts
of conflicts are presently the responsibility of
the developer to avoid; implementation-specific
means to these conflicts are possible, but currently
unimplemented.

4.3 Inter-core Communication

IMP-lang provides two methods for cores to inter-
communicate: stream and signal functions. Signal
functions can be used to emulate interrupts from
hardware peripherals such as keyboard, mice or
other buttons, while stream functions can be used
to emulate data transfers over a bus: for example,
a primary core providing data to a core acting as
a co-processor and awaiting the result.

A straightforward example of a system that
can be built in IMP-lang is illustrated in 10. This
system consists of three cores, and highlights a
basic use of both modes of inter-core commu-
nication. The first is a main core, which could
represent the main processor of a computer. The
second is a timer core, which counts upwards until
hitting a defined limit, signaling the main core
upon finishing its count, then beginning a new
cycle; this core could represent one of the tim-
ing modules built-in to the main processor. The
third is a printer core, to which the main core
sends an integer representing the current time
to upon receiving a signal from the timer core,
which it then prints. This could represent a hard-
ware printer connected over a serial port, or the
standard output stream of the operating system.

Timer Core

System 

Main Core

Signal Stream 
print(val) -> (null)

Printer Core

Fig. 10: Block diagram of a sample system illus-
trating inter-core communication.

5 Demonstrative
Experimental Evaluation

5.1 Experiment 1

Let us imagine an arbitrary function, Func. We
will use this function, run with inputs of increasing
value, as an example to implement and compare
three different strategies for coordinating paral-
lel execution among a fixed number of cores. The
first is the sequential approach, as illustrated in
11. It runs on a single execution unit, which com-
putes and prints the output of each iteration of
the function in turn.

The next approach introduces parallelism. It
runs on three cores; two are identical, programmed
with a stream function that executes the function,
and the third acts as a coordinator. The coordi-
nator core issues commands to the two computing
cores to each compute Func, then collects the
results and prints them. Since the coordinator core
issues a command and then waits for the results,
we call this a ”synchronous” parallelism strategy.

The third approach takes advantage of stream
functions’ input and output queues. In it, instead
of issuing and waiting for one command at a time,
the coordinator core issues a batch of several com-
mands at once to the computing cores and then
collects and prints the results of the batch. This
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Func(1)

Func(2)

...

Func(12)

Core 0

Fig. 11: Program flow diagram of sequential
function computation.

”batch-parallel” approach is illustrated in 13.

Each of these three approaches were run, and
data was collected measuring the total execution
time taken for computing Func for each input
value, as well as the amount of time that the
coordinator core (if present) spent blocked while
waiting for the computation cores to finish their
work. The results are detailed in ??.

5.2 Experiment 2

Here, we explore the performance impact of
offloading computation onto multiple cores. We
begin with a single core tasked with running three
arbitrary functions, all of which take a single inte-
ger as input and return a single integer as output;
these will be labeled F1, F2, and F3. We will
then begin moving these functions to additional
cores, and examining the effect on execution time

Func(1) Func(2)
Issue Command

Await & Print

...

Core 0

1

Func(1)

39916800

Func(11)

Core 1

2

Func(2)

479001600

Func(12)

Core 2

Func(12)Func(11)
Issue Command

Await & Print

......

Fig. 12: Program flow diagram of synchronous-
parallel function computation.

Func(1) Func(2)
Issue Commands

Pull & Print

Core 0

Func(1)

Core 1 Core 2

Func(3)

Func(5)

Func(3)
Func(5)

Func(7)

Func(9)

Func(11)

Func(7)
Func(9)
Func(11)

Func(2)

Func(4)

Func(6)

Func(8)

Func(10)

Func(12)

Func(4)
Func(6)

Func(8)
Func(10)
Func(12)

Issue Command

Pull & Print

Fig. 13: Program flow of batch-parallel function
computation.

and parallelism as offset by the increased cost in
”size” incurred by adding more compute units.

The first design is illustrated in 14. The single
core repeats a cycle of computing each function in
turn, for inputs ranging from 1 to 49, printing the
result of each. The execution times of the functions
were profiled, revealing that F1 took at worst 31
cycles to run, F2 took at worst 131 cycles, and F3
took up to 649 cycles to complete.

The second design, illustrated in 15, adds
a second core, onto which the function shown
to consume the most time (F3) is offloaded by
implementing it as a stream function that the
original core calls, before computing F1 and F2;
the intent is to allow the added core to compute
the most time-consuming function in parallel.
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Core 0

F1(1)

F2(1)

F3(1)

F1(49)

F2(49)

F3(49)

...

Fig. 14: Program flow diagram of F1, F2, and F3
running on a single core.

Core 0

F1(1)

F2(1)

...

Core 1

F3(1)

Await F3

Invoke F3

F1(49)

F2(49)

F3(49)

Await F3

Invoke F3

...

Fig. 15: Program flow diagram where F3 is
offloaded to a separate core.

Core 0

F1(1)

Invoke F2

Core 1

F3(1)

Await F3

Invoke F3

F3(49)

...

Core 2

F2(1)

...

F2(49)

Await F2

F1(1)

Invoke F2

Await F3

Invoke F3

Await F2

...

Fig. 16: Program flow diagram where F2 and F3
are both offloaded to separate cores.

The third design, illustrated in 16, furthers
this strategy by offloading the second most time-
intensive function (F2) onto yet another core.
These parallelized designs are also run, executing
each function in turn with inputs ranging from 1
to 49; data is collected on total execution time, the
number of cycles in which execution is occurring in
parallel, and the number of cycles that the coordi-
nator core spends blocked. A sibling configuration
was also run, wherein F1 is offloaded instead of
F2. Results of this experiment are detailed in ??.

5.3 Results

In the IMP-lang interpreter, each round-robin
cycle of core execution takes up one abstract time
unit (whether that unit is a microsecond, second,
or hour is irrelevant at this level of abstraction).
Thus, the time a program takes to execute can
be measured in terms of these cycles. As the sim-
ulation is fully deterministic, there is no issue of
variance between runs to account for.

Figure 17 displays the execution profiles of
each of the core coordination strategies. The
Sequential strategy took the longest to execute at
1279 cycles. This was expected, as it makes no use
of parallelism; this lack of parallelism also means
that the Sequential strategy cannot have spent
any time I/O blocked. The strategies that do
make use of parallelism (Synchronous and Batch)
show significant improvements in execution, with
Synchronous showing a 42% reduction in execu-
tion time, and Batch improving even further than
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Fig. 17: Execution times and number of I/O
blocked cycles for each coordination strategy.

Synchronous, with a 48% reduction in execution
time. Batch also spent 9.7% less time waiting for
its co-processors to finish their computations.

Overall, the Batch coordination strategy
proved to be the most time-efficient of the three
proposed. Crucially, this gain in performance was
not difficult to achieve, as both altering the archi-
tecture of the system (creating the two computing
cores) and tweaking the system’s behavior (modi-
fying the coordinator core’s call strategy) are very
straightforward in IMP-lang .

Figure 18 displays the execution profiles of
each of the function allocation strategies. As
with the first experiment, the strategy that made
no use of parallelism was the slowest to finish,
though it also by definition spent no time blocked.
As might be expected, offloading F3, the slowest
function, provided a large savings in execution
time (a nominal 22% savings). Offloading the
other functions provided comparatively negligible
benefit to execution time, on the order of less
than a hundred cycles.

The large number of cycles that the main
core spent waiting for execution to complete in
the strategy where only F3 was offloaded is con-
sistent with the measured fact that F3 has an
extremely outsized computation time compared
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Fig. 18: Execution times, amount of parallelism,
and number of I/O blocked cycles for each func-
tion assignment strategy.

to the sum of F1 and F2; 63% of the execution
time was spent waiting, meaning that only 37%
was needed for computing F1 and F2 as well as
printing results and issuing commands to the core
computing F3. A developer using IMP-lang for
design-space exploration could conclude that since
even when offloaded, F3 takes up a large amount of
time, they could use the time wasted by awaiting
its completion differently. By exploring coordina-
tion strategies similarly to Experiment 1, they
may decide that the extra time could be used for
computing iterations of F1 and F2 between each
iteration of F3, or on other independent tasks that
the system may be used for.

6 Conclusions and
Perspectives

This paper offered a primer on hardware acceler-
ation of image processing, focusing on embedded,
real-time applications. We surveyed the landscape
of High Level Synthesis technologies that are
amenable to the domain, and presented our ongo-
ing work on IMP-lang , a language for early stage
design of heterogeneous image processing systems.

There are several critical insights readers
should take away. First, hardware acceleration
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Strategy Execution Time (Cycles) Time I/O Blocked (Cycles)
Sequential 1279 N/A
Synchronous 738 576
Batch 654 520

Table 7: Numeric Results of Experiment 1.

Strategy Execution Cycles Parallel Cycles Blocking Cycles
Single Core 21630 N/A N/A
Offload F3 16803 16792 10604
Offload F3 & F2 16752 16741 14147
Offload F3 & F1 16752 16741 11512

Table 8: Numeric Results of Experiment 2.

is not just a process of converting a piece of
computation into an equivalent hardware system:
that naive approach offers, in most cases, lit-
tle benefit. Instead, acceleration must take into
account how data is streamed throughout the
system, and optimize that streaming accordingly.
Second, the choice of tooling plays an impor-
tant role in the results of acceleration. Different
HLS tools, in function of the underlying language
paradigm, produce wildly different results across
performance, size, and power consumption met-
rics. Third, as can be observed from IMP-lang ,
bringing heterogeneous considerations to the lan-
guage level offers significant advantages to early
design estimation, allowing designers to partition
their algorithms more efficiently, iterating towards
a convergent design that can then be implemented
across heterogeneous elements accordingly.

Ongoing and future work must address sev-
eral challenges. Closer integration of design and
development is still required; whilst IMP-lang is
a step in that direction, improvements on auto-
matic code generation for different targets must
still be performed. Critically, there is still no con-
sensus on the optimum design flow for this class
of systems; the methodology and tool landscape is
as heterogeneous as the created designs.
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