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Data processing is a challenging problem in space applications. The limited bandwidth available for
communication between satellites and the ground and the increasing resolution of scientific instruments
make it virtually impossible to transfer all the data recorded on board. Although various mitigation
strategies were developed, large amounts of on-board data are still lost. This paper presents a Field
Programmable Gate Array (FPGA)-based architecture which is able to perform on-board nonlinear
analysis of data and compute probability distribution functions of fluctuations. We propose two imple-
mentations for our solution, which can be used for space applications and also other computational
contexts. On a spacecraft, the logic resources of the FPGA will typically be shared by several designs
running various digital signal processing algorithms. That is why each algorithm should be designed
in variants, optimized for different criteria, so that the entire group of algorithms makes an efficient
usage of the FPGA resources. The proposed solution focuses on two major optimization criteria,
area and speed, such that the FPGA resources are efficiently used. Also, the power consumption is
at least two orders of magnitude less in comparison with classical software implementations. The
solution was tested with both synthetic and real data and shows excellent results paving the way
towards an application that can be ported on a space-grade FPGA. Published by AIP Publishing.
https://doi.org/10.1063/1.5044425

I. INTRODUCTION

Increasing performance, both in terms of quantization and
time resolution, of state-of-the-art scientific instruments raises
several challenges related to data processing. The problem is
even more complex in space exploration, where, due to lim-
ited telemetry bandwidth, it is impossible to transfer to the
ground the entire amount of data recorded on board. Various
mitigation strategies were developed; however, they solve the
problem only partially. In other words, although the scientific
instrument is able to collect a large amount of samples, only
a fraction of these data is transmitted to the ground. Here we
discuss a hardware solution which uses the advantages of Field
Programmable Gate Arrays (FPGAs) for the on-board analysis
of data.

The FPGA-based implementation discussed here is tai-
lored for the nonlinear analysis of plasma data and provides
estimates of a probabilistic measure of variability: the prob-
ability distribution function (PDF) of events. A probabilistic
description of variability based on PDFs provides a detailed
description of the multi-scale structure and topology of fluc-
tuations. However, such a level of detail comes at quite high
cost; one needs a sufficiently large and representative statistical
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ensemble of samples. Nevertheless, in general, only a limited
number of PDFs moments can be computed.1

Our solution can be considered as a system design strategy
that is subsumed by the concept of edge computing: moving
the computation part near the data source instead of sending
the data for processing to the central unit on the ground.2

Recently, the idea of on-board data analysis was adopted
by NASA’s Magnetospheric Multiscale Mission (MMS). This
multi-spacecraft mission collects high resolution (burst mode)
data for half of the time of an orbit; these data are stored in the
on-board memory (flash-based RAM). However, only a small
fraction, approximately 2%, is subsequently transmitted to the
ground due to bandwidth limitations.3 The decision on which
data to be transferred to the ground is taken semi-automatically
based on some on-board data analysis and the input from
an operator from the ground (the scientist in the loop—
SITL3). The data quality values are determined from complex
multi-criteria triggers provided by the on-board instruments.
However, this automatic procedure can be overwritten by
the SITL who inspects visually the on-board data and other
data sources to decide on the scientifically interesting time
intervals.

Both strategies, however, do not increase the overall per-
centage of data available to scientists on the ground. The devel-
opment of the FPGA-based system discussed in this paper
provides a solution to exploit the entire amount of data stored
on the spacecraft’s flash-based RAM. We built an FPGA-based
hardware solution which is able to compute on-board the PDFs
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of a time series (be it magnetic field, plasma moments, or
electric field). The benefit of this approach is three fold:

(1) Some key aspects of the analysis of PDFs computed on-
board can be integrated in the loop as additional “event”
descriptors/triggers to be considered by SITL in MMS-
like strategies for data selection.

(2) Large fractions of data (otherwise lost since they are
not sent to the ground) are analyzed on-board and the
variability depicted by these data is quantified; this result
extends considerably the scientific impact of the mission.

(3) The PDFs computed on-board represent in fact a com-
pressed image of data variability. Indeed, a data stream
comprising, say, 107 samples leads to a number of K
PDFs revealing the variability at K different scales; each
PDF comprises a maximum number of 100 values. In
general, K is less than 10. Thus, the variability of the 107

samples is quantified by 10× 100 numbers that represent
an effective data compression at a rate of 104.

The main contributions highlighted in this paper are:

• The development of a PDF computation architecture
implemented on an FPGA device, focusing on mini-
mizing the utilization of logic resources [slices, block
random accessed memory (BRAMs), flip-flops, etc.]
available in Xilinx FPGAs.
• The development of a data acquisition block, part of

the above-mentioned architecture, which is capable of
storing all the necessary data using the least amount of
FPGA logic slices.
• Two implementation variants of the histogram compu-

tation block, focused on minimizing the resource usage
and maximizing the maximum operating frequency,
respectively.
• A solution that reduces the power consumption

compared to software [personal computer (PC) or
microcontroller-based] implementations of the same
algorithm.
• The implementation of a communication protocol with

a PC/magnetometer for testing, with synthetic and real
magnetometer data.

The paper is organized as follows. Section II gives a brief
theoretical background and a survey of relevant previous stud-
ies. The implementation of the proposed architectural solution
is presented in Sec. III. Section IV discusses the experimental
tests and results, while Sec. V concludes this work.

II. THEORETICAL BACKGROUND
AND PREVIOUS WORK

The probability density function f offers a natural descrip-
tion of the distribution of a random variable, X, and gives the
probability for X to take values within the limits a and b.

The histogram method is probably the most popular algo-
rithm to compute the probability density function of a variable
X from a time series of N samples. It splits the input data
domain into M bins4 and uses a binning defined by [x0 + mh,
x0 + (m + 1)h], where x0 is the origin and h is the bin width;
m takes values from 1 to M. The value of the PDF associated

with the bin ∆xm is defined as4

PDF(∆xm)=
1

Nh
(no of X in bin∆xm). (1)

Given a time series of the variable X, a measure of the vari-
ability at a time t and the temporal/spatial scale τ is given by
the difference

∆X(t)|τ =X(t + τ) − X(t). (2)

When the observations are provided at a time resolution δ, one
can write τ = jδ, with j being an integer number. In general,
the scales increase in bytes such that j = 2k , with k being a
natural number. Since the time series is discrete, Eq. (2) can
be rewritten as

∆X(i)|τ =X(i + j) − X(i). (3)

For each scale τ (or scale index j = 2k), one creates a statisti-
cal ensemble of fluctuations, {∆Xi}|τ , from values of ∆X(t)|τ
evaluated for each sample in the time series. The PDFs are
computed by applying the histogram method on the statistical
ensemble of fluctuations at each scale. If X is a vectorial vari-
able (e.g., magnetic field, plasma bulk velocity), the PDFs are
computed for each component of the field. Note also that there
is a maximum scale τMAX = 2kMAX δ for which one can compute
the PDF from a time series of total length N. The value of τMAX

is determined such that the statistical ensemble {∆Xi}|τMAX still
includes a large enough number of values. In the reminder, we
consider a time resolution equal to δ = 1 s, and thus the scale
(in seconds) is numerically equal to τ = j = 2k .

The probabilistic description of data variability based on
PDF analysis is needed to investigate fundamental processes,
for instance, space plasma turbulence. Until now, such analyses
were performed exclusively on the ground, on calibrated data.
Probabilistic results on variability were published for solar
wind (e.g., Refs. 5 and 6) as well as terrestrial7 and planetary8

plasma data. The starting point of our efforts is represented by a
complex data analysis tool, the Integrated Nonlinear Analysis
(INA) library,9 which cumulates several nonlinear data analy-
sis tools and algorithms, from lower to higher order methods.
INA adopts a simple algorithm for assessing PDFs based on the
histogram of fluctuations at various scales. The FPGA-based
solution presented here adopts the same methodology, which
is discussed in Sec. III.

Edge computing is a novel paradigm for pushing the com-
putation near the data source (usually sensors), as presented
in Refs. 2, 10, and 11. It can answer the problems raised, for
instance, by the cloud computing paradigm.

Moving the data processing towards the edge, or sen-
sor devices, requires more processing capabilities, but at a
lower energy consumption. FPGAs seem to be the perfect
candidates.12 However, this can transform the design pro-
cess into a challenging task because it implies both high-
level software and low-level hardware design. In Ref. 12,
the author proposes a homogeneous design methodology and
environment to solve this challenge using object-oriented
design (OOD) and addresses all parts of the system: for hard-
ware design, the object oriented principles and patterns are
used to improve reusability, adaptability, and extensibility; for
hardware/software co-design, OOD is used to abstract their
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integration and communication; the middleware realizes the
integration of the device in the network and also allows remote
reconfiguration.

Even without the edge computing paradigm, FPGAs were
considered for sensor nodes, either as standalone platforms or
with a microcontroller, as presented in Ref. 13. The low power
consumption and the computation speed offer a great enhance-
ment in comparison to microcontrollers of commercial sensor
nodes.

Due to the high computational performance, the reconfig-
urability, and the low energy consumption of the FPGAs, the
author in Ref. 14 investigates applications of FPGAs for space
systems. Thorough analysis of radiation effects for existing
devices are presented, proving that a multi-redundant “2-out-
of-n” system based on static random access memory (SRAM)-
FPGAs and a flash-FPGA voter has the highest reliability
against radiation effects for low earth orbit missions.

Numerous studies addressed the problem of histograms
or PDF designs for FPGAs due to their applicability in var-
ious scientific domains. In Ref. 15, the author presents an
estimator architecture designed to dynamically create a real
time histogram of the values of a time series. A single his-
togram is estimated on a step-by-step basis and the results are
available in real time. The design is also aimed to optimize the
area (the amount of logic resources in the FPGA chip). There-
fore, the histogram is stored in counters (implemented using
slice flip-flops), while a Block Random Accessed Memory
(BRAM) memory block contains the enable signals to these
counters. There are 2l bins for the histogram, so to address
the histogram counters, simply the l most significant bits of
the input samples are used. To parallelize this process, dual-
ported BRAMs are used to read two addresses at the same
time. When a new data sample is received, the histogram
bin is updated, the cumulative distribution function (CDF)
is computed, and updated statistical information becomes
available.

Another work, although devoted to digital image process-
ing, uses BRAMs to store the histograms.16 The goal is to
obtain an FPGA-based implementation of parallel histogram
equalization for images. In this work, a single histogram is
computed for the two-dimensional image. For each pixel, the
histogram bin is read, incremented, and written back in the
BRAM. To speed up the implementation, each image pixel
is evaluated in a single clock cycle. The authors make this
possible by using dual-ported BRAMs: the current value of
the histogram bin is read through the first port, then it is
incremented, and finally it is written back through the sec-
ond BRAM port. For a greater speed-up, multiple BRAMs are
used to process more input pixels in parallel.

Reference 17 presents a method which implies storing the
histogram bins in BRAMs and evaluating one data sample in
each clock cycle. The authors use two clock domains: one for
the input samples and a faster one to update the histogram
counters. The process of incrementing the values in each bin
is divided into two sub-cycles: a read cycle for getting the
prior value and a write cycle to write back the incremented
one.

The idea from Ref. 16 is also discussed in Ref. 18 and
in a Xilinx White Paper,19 which details different usages of

BRAMs. It presents the exact same approach of updating a
value, i.e., performing a read-modify-write operation in one
clock cycle. It specifies that port A of the BRAM block must
be used as a read port, while port B must be used as a write
port. A common clock must be used, and the write address,
together with the modified data from port A, is delayed with
one clock cycle before arriving to the write port.

These previous FPGA designs are not appropriate for the
complexity of our scientific objective. Indeed previous solu-
tions computed one single histogram for the values of the
variable, and here we compute several probability distribution
functions, each derived from a normalized histogram of the
fluctuations of the variable for different scales. The big chal-
lenge from the point of view of hardware development with
FPGAs is to collect/store all the samples on the FPGA chip
until a sufficient number is available to compute the differences
described by Eqs. (2) and (3). The latter are indeed a measure
of fluctuations for the different scales τ. The histograms are
then computed for the distribution of the amplitudes of these
differences (deltas). For a large τ, this task can be difficult; e.g.,
for a scale 2kMAX = 8192, at least 8192 points must be kept on
the FPGA at the same time. In Refs. 15 and 17, input data are
stored in BRAMs—a solution that is not suitable for our case,
as explained in Sec. IV A. In Ref. 16, input data are not stored
on the device (only the histogram computation part resides on
the FPGA chip). Moreover, as for the histogram computation
part, none of these designs consider the two issues described
by us below (in Sec. IV B), which leads to inaccurate results
if ignored. So these designs cannot be adapted to compute
a histogram-based PDF on the data differences estimated at
several different scales.

III. IMPLEMENTATION

The implementation of an FPGA-based application
depends strongly on the context. An FPGA chip placed on a
satellite would be requested to perform several types of anal-
yses of the targeted data samples, based on various digital
signal processing (DSP) algorithms, like Fast Fourier Trans-
form (FFT), PDFs, and their moments (flatness), wavelet, etc.
This requires that most of the optimization effort will be ori-
ented towards minimizing the occupied area on the FPGA chip.
Here we work with the scenario that the data to be analyzed
on-board are vectorial (e.g., provided by a three-axis magne-
tometer). We consider that a total number of N = 10 000 sample
points are available to compute the PDF for each component;
these data need to be stored on the FPGA chip. The differ-
ences (3) are computed for each sample and for each scale
τ = {1, 2, . . ., 8192} to create the corresponding statistical
ensemble of differences for each scale. According to Eq. (3),
these differences are: B(0) − B(1), B(0) − B(2), B(0) − B(4),
B(0)−B(8), . . ., B(0)−B(8192). Then the PDFs are computed
with the histogram method applied on the ensemble of these
differences.

The magnetometer’s data acquisition rate (typically
between 66 and 100 Hz for fluxgate sensors) is at least three
orders of magnitude less than the regular operational frequency
of the FPGA device (hundreds of MHz). This very important
aspect should be taken into consideration while designing the
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solution. Consequently, the system can perform many compu-
tations between the arrivals of two consecutive data samples
gathered by the magnetometer, so the main optimization cri-
terion becomes the occupied area (speed is not a real problem
in this context).

The algorithm to be implemented is described below
(Algorithm 1). In the rest of the paper, we assume that the
data (B) are provided by a magnetometer; however, any other
type of variable, gathered by other types of sensors, can be
considered.

Most FPGA chips are intended for classical applications
(rapid prototyping in various fields, such as education, etc.), but
there is a special category of chips that are specially designed
for space applications—the so-called “space-grade” (Xilinx)
or “rad-tolerant” (Microsemi) FPGAs. Such an FPGA chip
is manufactured in a technology that can still work correctly
in the extreme conditions encountered in space (high level
of radiations, extreme temperatures, etc.). The manufacturing
technology is completely transparent to the user, who is not
aware of the technology the FPGA chip is built in, and who
designs the application at the logic level. For instance, the Xil-
inx manufacturing process implies (among other techniques)
applying a thin epitaxial film in the wafers in order to pre-
vent latch-up effects, while Microsemi mainly uses antifuse
technology.

A major difference between space-grade and classic
FPGA chips is the fact that in the former chip, all logic elements
are triplicated and a voting mechanism is hardwired inside
it to ensure that in case of a disturbing event (for instance,
SEU—single event upset), the design’s functioning is not
affected. This technique is called Triple Modular Redundancy
(TMR). TMR can be hardwired in silicon (like in Microsemi’s
RTAX-S radiation-tolerant FPGAs), or the FPGA manufactur-
ers can provide software tools that support automatic design
triplication (like the TMRTool from Xilinx).

Besides that, the logic structure of its internal resources is
mostly the same as the one of normal FPGA chips. Therefore
we tested our solution on laboratory FPGA technology as a
first step towards prototyping a space-qualified solution. The
main novelty at this step is the conceptual and algorithmic
design of computations typical for the probabilistic description
of data variability; later on, the solution can be scaled to actual
resources available from space-qualified chips.

For our design, we have used a Xilinx FPGA chip from the
Artix7 family. A Xilinx FPGA chip usually contains four major
types of hardware resources: logic slices—which are used
for implementing either Boolean functions, memory blocks
(called “distributed memory”), or small first in, first out (FIFO)

ALGORITHM 1. Histogram computation for K different scales.

1. For each t from 0 to N
2. Read measured data sample B(t) at data acquisition rate (CLKA)
3. Save it in the corresponding resource
4. For each τ between 1 and K
5. Compute B(t) − B(t − τ)

6. Increment the corresponding bin
7. end for
8. end for

memories/shift registers; slice flip-flops—each slice contains
up to 8 flip-flops that can be used for implementing data regis-
ters; BRAMs—18/36 kbit memory blocks with dual port capa-
bilities; and DSP blocks—which can implement basic multiply
and accumulate operations often used in DSP applications.

Since the architecture used to perform the PDF analysis
will “share the space” with other architectures designed to
perform other types of analysis (e.g., FFT, flatness, etc.), we
must consider solutions that minimize the occupied area. Since
each of these architectures usually makes use of a specific
type of resources (some may use mainly slices, other may use
mainly BRAMs or DSP blocks, etc.), it is important to have
several alternative solutions.

The proposed architectural solution implements the steps
2, 3, 5, and 6 of Algorithm 1: data acquisition and histogram
computation.

As for the data acquisition part of Algorithm 1 (steps 2
and 3), the basic idea behind our architectural solution is
to store all the data samples into look-up tables (LUTs)
of each slice configured as shift registers using the SRL16
and SRLC32 macros and compute the differences at τ (tau)
distances (step 5).

For the histogram computation part, we also propose two
implementation variants, optimized for the two main design
optimization criteria: the first one has a parallel architec-
ture that increases the maximal operational frequency of the
design, while the second one minimizes the occupied area
in the FPGA chip. The histogram bins are stored in BRAM
blocks. The basic ideas behind our architectural solutions
are:

1. When a difference computed with (3) falls into a specific
bin, the system reads the current value of the bin from the
BRAM, increments it, and writes it back in the BRAM
block in one clock cycle (more precisely, using the same
clock as the input data and thus delaying the writing).
In this case, the advantage is that there is a unique clock
signal in the whole design, thus making it possible to
achieve a higher operational frequency.

2. When a difference computed with (3) falls into a specific
bin, the program reads the current value of that bin from
a BRAM, increments it, and writes it back in the BRAM
block with a faster clock rate than the data acquisition
rate. The advantage is the smaller amount of resources
that are necessary for the implementation (smaller area).

The block diagram of the whole system is shown in Fig. 1
and will be detailed in Subsections III A and III B.

A. Data acquisition block

In this block, all the data samples are stored on the FPGA
chip in a long shift register, whose elements are actually FIFO
LUTs from the slices configured as shift registers (SRL16 and
SRLC32). This is a very effective way of using LUTs (one
LUT is equivalent to up to 32 slice flip-flops). Since we only
need the data samples at τ distance from the currently gath-
ered data sample, it is enough to be able to access them only
at the corresponding indices, as shown in Fig. 2 (the upper
blocks are these FIFOs). The first FIFO’s length is less than
32 (x0, x1, x2, x3 − x4, x5 − x8, x9 − x16, x17 − x32), so for them,
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FIG. 1. The block diagram of the whole system.

FIG. 2. FIFOs (LUTs configured as shift registers, SRL16/SRLC32) providing access at the data samples (x0) with a step of τ.

SRL16 was used, but then for all the others, SRLC32 was
instantiated.

In general, the input data samples are stored in BRAMs.
Since our goal is to optimize the FPGA resources to be shared
with other designs, we found a solution that that does not
instantiate BRAMs. It has the advantage to render BRAMs
available for the implementation of additional algorithms on
the same FPGA chip.

An alternative to using BRAMs is to store the input data
samples in slice flip-flops—a solution that does not fulfill the
optimization criterion. The solution we adopted is based on
shift registers built from FIFO LUTs; it reduces the occupied
logic area by a factor that increases with the number of data
samples and the number of τ scales implemented in the design.

If the data samples are stored in flip-flops, each data bit
will be stored in a separate flip-flop. It is mandatory to store
τMAX (the largest scale) data samples at the same time, and
since data are 16 bits wide, the total amount of flip-flops needed
is τMAX × 16. The FPGA device has eight flip-flops per slice,
so the total amount of slices is τMAX × 2.

On the other hand, by instantiating the SRL16 and
SRLC32 macros, only a much smaller number of slices are

necessary. Each slice contains four LUTs, and in almost
half of the slices on the FPGA, these LUTs can be con-
figured as one-bit SRL16 or SRLC32 primitive shift regis-
ters. Table I compares the number of slices needed for both
solutions.

In order to compute the PDFs for K different scales, it is
necessary to simultaneously access K = kMAX + 1 values. In our
case K = 14. Note also that a solution based on BRAMs would
allow only two simultaneous accesses to the stored value;
therefore, the architecture would have been significantly more
complex and would have consumed more resources. Thus,
another advantage of our method is the fact that all K values
are simultaneously accessible at any moment.

In the diagram illustrated in Fig. 2, x0 represents the cur-
rent sample received from the on-board scientific instrument,
x1 is the sample received at the previous time step, etc. (xt is
the sample received at time t). Each ∆ stores the difference
computed with Eq. (3) for the 14 different time scales 2k with
k = 0 . . . 13. ∆ is updated for each data reading and is com-
puted in parallel for all the scales. The histogram for each scale
τ = 2k is also updated in parallel by increasing the counter of
the bin where ∆ falls.

TABLE I. Comparison of the required number of slices for the implemented method and of the alternative method
for the data acquisition block.

Flip-flop-based solution LUTs as shift-registers (this solution)
Reduction

τMAX # Flip-flops # Slices # LUTs (as SRL16 or SRLC32) # Slices factor

1024 16 384 2 048 608 152 13.47
2048 32 768 4 096 1 120 280 14.62
4092 65 536 8 192 2 144 536 15.28
8196 131 072 16 384 4 192 1048 15.63
65536 1 048 576 131 072 32 864 8216 15.95
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As in our solution the occupied FPGA area consists of
logic slices, the amount of resources of these types that remain
available for implementing other designs is reduced.

This idea of using the LUTs as special shift registers is
specific for Xilinx FPGAs. Also, if other designs need to use
the stored data samples, they will be accessible only at the spec-
ified access points, at specific distances from 0 (these distances
are given by the different values of τ).

B. Histogram computation block

As the main goal of this design is to compute K = kMAX

+ 1 = 14 different histograms in parallel, the result can be
compressed to obtain more meaningful information by varying
the number of bins and their width. By working on 16 bit input
data samples, the differences are also at most 16 bits wide,
including positive and negative numbers (the differences are
represented in two’s complement numbering system). If we
choose to have for instance 128 = 27 bins, it is enough to crop
out the 7 most significant bits of the ∆ results, which will point
to the corresponding bin.

The final result consists in a collection of M different bins,
each of them containing the number of differences ∆ falling in
that given bin interval. The best way to store these numbers is
in BRAMs, similar to Refs. 16 and 17. Each time a new ∆ is
computed, the algorithm finds in which bin it falls and that bin
is incremented using a simple scheme like the one presented
in the block diagram in Fig. 3.

A histogram is computed for each scale (there are K
scales) and thus the block diagram shown in Fig. 3 is repli-
cated K = 14 times in this design. Each histogram bin has a
maximal capacity of 256 × 16 = 4096 bits; in case the chosen
number of bins is 256 in total (128 for negative and 128 for
positive values), each histogram (PDF) is stored in a separate
BRAM block. Since a BRAM block may store up to 36 kbits,
we can be sure that the histogram bin will fit in one BRAM,
so in total K BRAMs are needed.

Updating the histogram bins may look like a simple task,
but it presents some hidden difficulties. In order to incre-
ment a value from the memory, one first needs to read it out,
increment it, and then write it back in the memory. These
operations need to be performed for each newly gathered data

FIG. 3. Block diagram of the histogram computation for one τ.

sample—that is, in one clock cycle. But reading and writing
from and to the BRAM takes at least one clock cycle sepa-
rately, so some additional logic needs to be added to solve this
problem. We propose two different architectural solutions: the
first one features a pipelined read-modify-write operation per
clock cycle and the second one features a read-modify-write
operation using a supplemental, faster clock.

1. Method 1 (pipelined read-modify-write
memory operation)

The first solution consists of a pipelined and fully syn-
chronized design (a unique clock signal, CLKA, is used in the
whole design). For each τ, a dual-ported BRAM is used to
store the histogram bins. Each BRAM address stores a value
that corresponds to a bin.

After ∆ is computed, the result is stored in a data regis-
ter. In the next clock cycle, the 7 most significant bits of the
result constitute the address on the first BRAM port, so the
corresponding value is extracted, incremented, and prepared
to be written back into the BRAM. This address is propa-
gated through a series of registers to have the correct address
at the moment of writing on the second port (since there is a
new address arriving in each clock cycle). Finally, the data are
written back to the BRAM.

The design is broadly similar to the ones presented in Refs.
16 and 19; however, due to the pipelined structure, there are two
cases when this design could fail. To prevent this, additional
logic was added to cover each corner case. The detailed block
diagram is shown in Fig. 4.

The first issue can arise when two consecutive estimations
of ∆ take the same value. In this case, the address coming
from the computation of the actual difference ∆ is the same as
the previous one, still in the pipeline. In this case, the value
is read from the same address the second time, but it is not
yet updated from the previous operation. Thus, consecutive
identical values of the differences will be missed from the
computation of the histogram. Xilinx BRAMs have a special
write mode, called WRITE FIRST, which places the newly
written data also directly on the output. This could potentially
solve the issue, but this mode is not available for dual-ported
BRAMs, when a port writes to and the other port reads from
the same memory address, as explained in Ref. 20.

In this case, the addresses need to be compared. The value
read from the BRAM the second time is ignored and one
uses the updated value from the previous operation, still in
the pipeline, which was not yet written back to the memory.

A slightly similar issue is when the next address is differ-
ent; however, the third one is the same as the one two cycles
before. In this case, the updated value is being written back
to the memory, but the read value will not reflect the changes.
Again, the addresses need to be compared and the updated
value from the pipeline must be used instead of the one read
from the memory.

In Refs. 16 and 19, these issues are not documented,
although they should appear in the described corner cases,
since the authors are using dual-ported BRAMs. Compared
to those designs, our architecture has a longer pipeline, but
it avoids the issue of two identical consecutive results for the
difference ∆ and is therefore correct.
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FIG. 4. Block diagram of the solution featuring a pipelined read-modify-write operation per clock cycle.

The design was optimized for speed and includes only one
clock domain. Its drawback is the amount of resources that is
used, since all the additional registers and other components
for the pipeline must be present in all the K instances of the his-
togram computation blocks. As explained in the introductory
paragraphs of Sec. III, minimizing the area on the FPGA chip
is the top priority, so the pipeline could represent a problem
from this point of view and a sequential approach would suit
better.

2. Method 2 (multi-cycle read-modify-write
memory operation)

Each time a new data sample is gathered, the correspond-
ing bin of the histogram needs to be updated in one clock cycle.
Since this requires multiple operations, a faster clock must be
provided to this part of the design. In Ref. 17, a clock signal
CLKB that is twice faster than the data acquisition clock CLKA

is provided to the memory block. However, only 2 cycles for

FIG. 5. Block diagram of the solu-
tion featuring a sequential read-modify-
write operation using multiple clocks.
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reading, updating, and writing back the value into the memory
are not enough—more precisely, CLKB must be 4 times faster
than the data acquisition clock CLKA.

In the first cycle of CLKB, the histogram bin counter is read
from the memory. In the second cycle, the read value becomes
available, then it is incremented (second clock cycle), and then
it gets written into a register (third clock cycle). Finally, in the
fourth clock cycle, the incremented value from the register
is written back to the BRAM. This procedure ensures that in
the next clock cycle, the read value is actually the updated
one, if the address will be the same, and it does not have the
issues that were present in the previous approach. Also, an
additional register is inserted between the register that stores
the incremented value and the memory block to avoid any pos-
sible timing issues. Figure 5 shows the block diagram of this
design, which is similar to the one from Ref. 17, but with
more than two cycles of CLKB—for the histogram update
operation.

The implementation shown in Fig. 5 is optimized for area,
but the design shown in Fig. 4 is optimized for speed, so it may
be more useful in other contexts.

IV. EXPERIMENTAL TESTS AND RESULTS
A. Connecting with the PC

To test the design, a serial connection was established
between the FPGA and a PC. This had two advantages: first,
the testing data were sent from the PC to the chip using the uni-
versal asynchronous receiver-transmitter (UART) protocol at
the speed of 9600 bps and this allowed to test the low-resolution
data (each data sample arrived at ∼100 Hz), simulating a mag-
netometer sensor, which also collects data at a similar rate.
Using this connection, after the data were sent and the his-
tograms created, the results were read back from the histogram
BRAMs inside the FPGA chip. To verify the correctness, the
normalized PDF was generated and compared to the results
obtained with INA for the same range of scales τ. A second
advantage is given by the protocol’s simplicity.

The designs were also tested using a real magnetometer,
Honeywell HMC5883L,21 connected directly to the FPGA
chip. The sensor was on a Digilent CMPS, a 3-axes digital
Compass, and uses the I2C protocol to communicate.

1. FPGA side

A Finite State Machine (FSM) was designed for the FPGA
to be able to communicate with the PC/magnetometer through
the serial port. So, the design needed to be extended with an
additional UART interpreter component and multiple clock
dividers. Of course, in the case the data samples are gathered
directly by the magnetometer, the FSM only reads data samples
from it and the results are sent to the PC for visualization.

The FSM has two main functionalities: it receives the data
from the PC (N = 10 000 points) and it sends them to the PDF
module; then, it reads the data from the specified histogram
memory and sends the data back to the PC through the serial
channel. Figure 6 shows the state diagram of this FSM.

To write data to the FPGA PDF module, a special write
command must be issued, “0x01,” followed by the number of

FIG. 6. State diagram of the FSM that handles the communication with the
PC/magnetometer.

samples being written, N, as two bytes to support numbers up
to 65 535. Then the 16-bit N numbers must be sent to the FSM
on the FPGA, which will read the data, construct the 16-bit
data samples, and send them to the PDF module to compute
the histogram of the deltas.

To read a specific histogram of a τ, the special command
for read must be sent, “0x02,” followed by the index of the
memory to be read, corresponding to the specific τ (a value
between 0 and kMAX = 13). Then, the FSM will start reading
the memory and send the values back to the PC.

2. PC side

To communicate with the FPGA, a Python program was
written on the PC side. It sends all the data to the FPGA, starts
asking to read back all the histograms for each τ, computes
the normalized histogram, and shows all this information on
one single graph. It can also compute the PDFs directly from
the data from the file, as shown in Fig. 7.

Panel (a) shows a synthetic signal similar to in situ mag-
netic field measurements. After data are processed on the
FPGA with the algorithms described above, the final histogram
is transferred from the device on the PC, and then it is plot-
ted, as it can be seen in panel (b). For clarity sake, only
a reduced set of histograms corresponding to four different
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FIG. 7. (a) Synthetic signal similar to in situ magnetic field measurements; (b) histograms computed for the differences (3) applied on the synthetic signal for
four different separations/scales; (c) PDFs computed for the full range of scales.

separations/scales, τ = 210–213 points, is shown in Fig. 7(b).
The histograms corresponding to different separations/scales
are shown with different colors. Panel (c) shows the color-
coded probability distribution functions derived from normal-
ized histograms computed for the full range of scales, from
τ = 1 to τ = 8192. The shape and values of PDFs were con-
firmed by an independent analysis performed by means of
a scientific data analysis toolbox (the Integrated Nonlinear
Analysis library).

The signal depicted in Fig. 7 was created by
the Matlab library INA developed by the FP7 project
STORM. The dataset consists of a random walk sig-
nal, where each new sample is obtained from the pre-
vious one by randomly adding or subtracting a random
number.22

The system is able to process any real data samples
gathered from real measurements made in space (we have
also used magnetic field measurements from the Cluster
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spacecraft23), but for testing purposes, it can also use data
read by an off-the-shelf magnetometer.

B. Experimental results

The experimental tests were made on a 7 series Xilinx
FPGA, Artix-7 XC7A100T. Table II gives an overview of the
resources needed to perform the analysis using the two meth-
ods discussed above. Since the results were obtained for the
analysis of a single time-series (similar to one component of
a vector variable), these values must be multiplied by 3 in the
case of a full implementation (the presented architectures must
be replicated for the two remaining components). There are
K = 14 histograms in total and a BRAM block is allocated for
each one of them, but since the size of these histograms is rel-
atively small, the Xilinx optimization tool is able to map two
histograms in one physical BRAM; thus, the reported BRAM
usage is of only 7 such blocks.

The comparison of the design discussed in this paper with
previously published solutions (Refs. 15–17) is not straight-
forward. Indeed, in previous studies, the resource utilization is
presented in various ways. For instance, in Refs. 15 and 17, the
resource utilization reports include a data storage block, which
is necessary in a totally different application context, while in
Refs. 15 and 16, the resource utilization reports also include
some other application-specific computational blocks—thus,
the comparison of the resource utilization of the full designs
with the one proposed here is not entirely meaningful. Also,

while the designs presented in Refs. 15–17 only compute one
histogram, we compute K histograms as the application is
meant to reveal multi-scale properties of signal variability.

An important constraint in space applications is the power
consumption. Table III shows the power consumption of our
FPGA design, as estimated by Xilinx software support tools.
PDF refers to the stand-alone design (data acquisition and
histogram computation blocks), while the full design refers
to the whole test bench (PDF, the serial connection, and the
FSM). Because only a low frequency clock signal is neces-
sary, it will lead to a small power consumption (at least two
orders of magnitude less) in comparison with a software (PC
or microcontroller-based) implementation.

Note, however, that measuring the power consumed exclu-
sively by the PDF computation module is not possible, since
we are using the Nexys 4 DDR24 development platform, which
features a Xilinx Artix-7 XC7A100T FPGA chip. The prob-
lem when measuring the consumed power is that the FPGA
chip is soldered on the board, which also contains additional
hardware, like external memory, universal serial bus (USB),
serial, and other ports, so when we measure the current drawn
by the board, it also includes all the additional hardware.

One notes that using an FPGA instead of a central pro-
cessing unit (CPU) or graphics processing unit (GPU) already
drastically reduces the power consumption; however, even on
the FPGA there may be different implementations resulting
in different power requirements. One of these elements is the

TABLE II. Resource utilization for the two implementation variants (data acquisition + histogram computation modules) on an XC7A100T FPGA.

Method 1 Method 2
(pipelined (multi-cycle

read-modify-write) read-modify-write)

Single axis design Slice LUTs (as logic function generators) 1339 (2.11%) 1196 (1.88%)
Slice LUTs (configured as 4192 (22.06%) 4192 (22.06%)
distributed memory—SRL16/SRLC32)
Slice flip-flops 1206 (0.95%) 385 (0.30%)
BRAM blocks 7 (5.19%) 7 (5.19%)
DSP48 blocks 0 0

Three axes design Slice LUTs (as logic function generators) 4008 (6.32%) 3567 (5.62%)
Slice LUTs (configured as 12576 (66.18%) 12576 (66.18%)
distributed memory—SRL16/SRLC32)
Slice flip-flops 3589 (2.83%) 1117 (0.88%)
BRAM blocks 21 (15.56%) 21 (15.56%)
DSP48 blocks 0 0

TABLE III. The power consumption of the various implementation variants.

Method 1 Method 2
(pipelined (multi-cycle

read-modify-write) read-modify-write)

Single axis design Total on-chip power (W) 0.120 0.119
Full design (W) 0.022 0.021
PDF (W) 0.013 0.010

Three axes design Total on-chip power (W) 0.151 0.149
Full design (W) 0.045 0.043
PDF (W) 0.033 0.024
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TABLE IV. Power consumption estimation of the design for different clock
frequencies.

Clock frequency Total on-chip power Full design PDF Clock
(MHz) (W) (W) (W) (W)

100 0.148 0.05 0.038 0.024
50 0.128 0.03 0.018 0.014
25 0.119 0.021 0.009 0.009
12.5 0.115 0.018 0.005 0.006
6.25 0.112 0.015 0.002 0.005
3.125 0.112 0.014 0.001 0.004

clock frequency: the higher it is, the more power it requires.
Nevertheless, since the data acquisition rate is rather low in real
space experiments, the clock frequency of the whole design can
be reduced to less than 1 kHz.

The different tests made for different clock frequencies
confirm that bigger clock frequencies lead to increased power
consumption, as shown in Table IV.

V. CONCLUSIONS

This paper describes an FPGA-based stand-alone system
suitable to be embarked on a spacecraft and to perform on-
board computations of probability density functions for data
recorded by scientific instruments. The tests of the FPGA
solution were performed on the ground using an off-the-shelf
FPGA board that analyzed synthetic as well as real datasets.
The architectural solution can be easily applied to any type of
vectorial data and ported to a space-grade FPGA.

Although the problem to be solved can be considered
as a standalone one, it is important to remind that the logic
resources of the FPGA chip will be shared by several archi-
tectures, which run several DSP algorithms. The perfor-
mance criteria may thus vary according to the nature and
goals of not only one, but a group of algorithms. That is
why each DSP algorithm implemented in an FPGA chip
built for the purpose of on-board data analysis should be
designed in several variants, optimized for different crite-
ria, area, speed, and power, to mention the most important
ones.

The importance of the design presented in this paper is
two-fold: (i) it computes variability descriptors that can be used
by on-board or on-ground real-time data testing procedures;
(ii) it allows for the analysis of data samples that otherwise
would be lost due to the limited spacecraft bandwidth. At the
same time, the procedure provides a reduced-dimension prob-
abilistic descriptor of data variability, the PDFs, and thus is
equivalent to a data compression algorithm.

From the technical point of view, two novel advances are
reported:

1. Acquisition and storing of the statistical ensemble of dif-
ferences for a number of K scales for a data stream of N
samples: we designed a solution mainly based on look-up
tables configured as SRL16/SRLC32 macros that allows
a convenient indexing to compute the differences for each
scale and prepare this result for direct updating of the his-
togram. This solution also has the advantage of saving

a significant number of slices, thus decreasing the area
occupied on the FPGA chip, which becomes usable for
other related algorithms.

2. Computing and updating a number of simultaneous K
histograms. Here two different approaches were tested:

a. The pipelined read-modify-write memory operation
method is synchronized with the data acquisition
clock and achieves a maximal operational frequency.
This method is appropriate for any application
domain.

b. The multi-cycle read-modify-write memory opera-
tion per multiple clock domains that is optimized
for resources which are necessary for the implemen-
tation. This method is appropriate for space appli-
cations, where it is very important to fully exploit
the logic resources available in the FPGA chip by
implementing several DSP algorithms inside it.

All the design variants were tested in laboratory on the
7 series Xilinx FPGA, Artix-7 XC7A100T, with an off-the-
shelf magnetometer data and synthetic data. The obtained
results are meaningful, consistent with the results provided
by classical nonlinear analysis routines (e.g., STORM INA).
The FPGA implementation reduces the power consump-
tion by two orders of magnitude compared to classical on-
board data analysis solutions. The next step is to optimize
the design for space-qualified FPGA architectures and to
perform additional on-ground experiments prior to in-flight
tests.
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