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the theory and implementations of memristors.

Lastly, I’d like to acknowledge Anne and Bas for listening to my confused ramblings followed by
”of course, it’s simple, really!”.

1



Abstract

Since the introduction of memristors in 2008, there has been a rise of the in-memory computing
(IMC) paradigm, which was able to reduce energy costs significantly for many use cases. This thesis
analyses the use of IMC within radio astronomy and shows its possible implementation specifically
for the front-end processing pipeline of the LOw Frequency ARray (LOFAR). This is done in the
form of a literature review, analysing the individual front-end processing components in LOFAR.
By finding power consumption data and extrapolating it to the researched pipeline, the findings
conclude that the proposed architecture resulted in an energy intensity decrease of 4± 1 orders
of magnitude. The vast majority of power consumption comes from the analogue delay lines, so
future research can be done to analyse and mitigate this component’s output. The limitations of
accuracy within the proposed architecture are also discussed. The recommended implementation of
such new hardware in radio astronomy can nonetheless lead to a significant shift in energy costs,
leading to a possible transformation of conventional radio astronomy processing.
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1 Introduction

In the world of today, environmental sustainability has proven to be a major issue. From the
recent wildfires in Los Angeles and Australia, increases in droughts to biodiversity losses among
other things, there are many challenges that are paired with environmental impacts [1][2][3][4].
In response to the environmental challenges, planetary boundaries have been defined to not go
beyond the tipping points, Sustainable Development Goals (SDGs) have been developed to promote
sustainable practices by 2030 and the Paris Agreement has emerged to combat climate change
globally [5][6][7]. As a result, countries have implemented policies and allocated budgets toward
mitigating the negative environmental effects. These initiatives have not only led to effects on
the country level, but it has also resulted in awareness and effective changes on personal and
institutional levels such as at ASTRON.

ASTRON is the Netherlands Institute for Radio Astronomy, which has supervision of a number
of telescopes, among which is the LOw Frequency ARray (LOFAR). A top level overview of this
radio telescope is shown in figure 1 [8]. A radio telescope like LOFAR is set up with a high number
of receivers, spread out over a large distance. These start with signal processing steps done locally at
the receiver end, after which the signal is transported to a central processing facility in Groningen,
where further processing is done, in part by use of the central correlator and beamformer [9].
After all the aforementioned processing of the LOFAR telescope, the data can be analysed and
processed further by radio astronomers at the end of the process. The total data throughput that is
transported over large distances in LOFAR at 150Gbit/s is almost on the level of data throughput
of the Amsterdam internet traffic [10].

ASTRON has calculated the greenhouse gas (GHG) emissions of their LOFAR telescope to
determine its carbon footprint. The calculated impact - excluding science processing - was found to
be 2,681 tCO2-eq/year, which is equal to the carbon footprint of almost 500 EU citizens [11][12]. It
was furthermore found that the annual total electricity consumption of LOFAR is equal to 3,603
MWh. Compared to EU households that consume roughly 1540 kWh per capita annually, LOFAR
consumes as much electricity as 2,340 EU citizens [13]. Meanwhile, the Russian invasion of Ukraine
has lead to a large increase in electricity costs, which meant that ASTRON had difficulties to keep
LOFAR running without emergency help [14]. The significant environmental impact from LOFAR
combined with the high electricity costs from the energy crisis are relevant issues, and they should
be addressed appropriately. One such way may be with the use of emerging technologies, such as
In-Memory Computing.

In-Memory Computing (IMC) has been an emergent paradigm that significantly reduces the
power consumption of processing by functionally combining the processor and the memory units
in hardware. This paradigm has risen in relevance in part due to the introduction of so-called
memristors, which are components that can be used to combine memory and processing. IMC
has since then proven useful for many use cases in theory and research, like in condensed matter
physics and particle physics [15]. Other than that, there has been a focus on common processing

Figure 1: The top level overview of the full LOFAR pipeline. Image taken from [8].
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algorithms like the Fourier transform [16]. Research has shown that these IMC implementations are
feasible solutions with lower energy intensity and improved latency. For this reason, it is interesting
for ASTRON to consider the application of IMC for their telescopes. The reduction of power
consumption from electricity usage can lower the associated carbon footprint as well as the monetary
costs from electricity. Potentially the capital costs are also decreased, depending on the costs of
each hardware unit, their longevity and the amount of hardware needed. Consequently, this thesis
aims to analyse the feasibility of implementing IMC in the receiver-end processing pipeline in LOFAR.

The thesis is divided into 5 sections following this introduction.
Firstly, Section 2 goes into the details of radio astronomy, specifically that of LOFAR. This

includes the relevant processing steps that will be analysed further and their function in the LOFAR
system.

Secondly, Section 3 aims to explain the physical mechanisms behind IMC. This includes analysing
the current state-of-the-art technology and their specifications.

Thirdly, Section 4 analyses the implementation of analogue and IMC components into the
LOFAR pipeline. This includes information about the power consumption.

Finally, Sections 5 and 6 finalise this thesis by discussing the results and giving the conclusion
of the findings.
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2 Radio astronomy at LOFAR

2.1 Introduction to radioastronomy

Observing light from outer space is the fundament of astronomy. The whole electromagnetic
spectrum consists of a wide range of light wavelengths λ, spanning from the smallest gamma rays
(λ < 10−11m) to radio waves (λ > 10−3m), which can go deep into the kilometer range. Since
varying wavelength amplitudes require different measuring techniques, the area of radio astronomy
has to be covered as a separate research topic. Among other things, radio astronomy is interesting
because it can observe pulsars, star and planet formations and ionised atmospheres of stars and
interstellar plasma, which is significantly blocked by interstellar dust clouds for other wavelengths
[17]. Furthermore, since radio wave photons have very small energies, they can be treated as
classical waves, which can be amplified coherently and manipulated in receiver processing domains
[17]. However, complications also come along with such low energies. Namely, the light is distorted
by the outer atmosphere, the long wavelengths need the telescope to span a large area for resolution
and sensitivity to stay adequate and there is also radio pollution, which is radio frequency noise
that causes interference problems [18]. There are manners of which to counteract these challenges,
allowing for sufficient resolution of the radio signal for telescopes like the LOw Frequency ARray
(LOFAR), which spans multiple countries to reach a sufficient area.

The processing of radio waves in LOFAR is done in multiple steps. Firstly, there are some minor
processing steps done in the analogue domain after which it quickly is converted to the digital
domain, as is shown in figure 2. After this, the digital signal is put into a PolyPhase Filter (PPF)
consisting of a bank of Finite Impulse Response (FIR) filters and a Fast Fourier Transform (FFT),
which then sends the outgoing signal to the Beamformer (BF) as shown in figure 3. Finally, this
signal is sent to a central point in Groningen, where all the data of the LOFAR stations across
Europe are combined and analysed further. Since the purpose of this project is to analyse the
possibility of doing the receiver signal processing in the analogue domain completely, the focus for
this section shall mostly lie in the processes that are shown in figures 2 and 3. These processing
components are:

• Analogue domain:

• Low Noise Amplifier (LNA)

• Beamformer

• Filter

• Amplifier

• Down converter

• Analogue to Digital Converter (ADC)

• Digital domain:

• Finite Impulse Response (FIR)

Figure 2: The analogue segment of the receiver signal processing pipeline in LOFAR. Figure taken
from [8].
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Figure 3: The digital segment of the receiver signal processing in LOFAR, which sends its signal to
a central point in Groningen. Figure taken from [8].

• Fast Fourier Transform (FFT)

• Beamformer

These components will be analysed one by one in this section, starting with the minor components
that are already analogue. Since there are two beamformers — one analogue and one digital —
they will be combined into one subsection. However, it is important to note that only so-called high
band antennas have beamformers in the analogue domain [19]. The digital components will each
get a separate subsection, starting with the Polyphase Filterbank (PPF) that consists of Finite
Impulse Response (FIR) filters and Fast Fourier Transform (FFT) components, which together
perform frequency splitting of the signal. Lastly, the beamformers are considered.

2.2 The minor analogue processing components

The Low Noise Amplifier (LNA) is the first minor processing component. Since the incoming radio
signal that needs to be analysed at a radio telescope is very weak, the signal has to be amplified to
be researched. Such an amplifier would add new noise into the system. Due to the relatively high
noisiness of the signal and the importance of minimising the noise for the analysis, it is imperative
that the amplifier adds as little new noise as possible, therefore keeping the Signal to Noise Ratio
(SNR) as high as possible. Hence, a LNA is used. Similarly, later on in the pipeline, there is another
amplifier to raise the power of the signal.

A filter is used in many signal processing systems to isolate certain frequencies of the signal.
Telescopes receive a large array of different signals that combine into a complex wave. These filters
can be used to exclude all frequencies that are irrelevant for the analysis. For example, the High
Band Antennas (HBA) at LOFAR use bandpass filters to let through frequencies between 210-250
MHz or other frequency bands [9]. This induces a ripple effect, as shown in the low-pass filter
example of figure 4. In the passband, below the cut-off frequency of the low-pass filter, the signal is
ideally let through with the same amplitude as before the filter. Similarly, the stopband after the
transition band is ideally attenuated completely. However, this image is not fully realistic, leading
to the fluctuating amplitude of the passband amplitudes and the stopband amplitudes, which is
called the ripple effect. For LOFAR, the ripple effect is mitigated again once the signal reaches the
central processor (CEP) in Groningen.
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Figure 4: Ripple in passband of a filter, which is a fluctuating amplitude in both the passband and
stopband of a filter. Figure taken from [20].

The down converter adjusts the radio signal’s frequency such that the radio wave has a lower
frequency. This down conversion simplifies the future processing steps by taking the radio sig-
nal towards a baseband frequency with a lower minimum sampling rate, without a loss of information.

The Analogue to Digital Converters (ADC) digitises the analogue signal. This is done by reading
the voltage value of the wave, where a cut-off voltage is defined. If the voltage of the wave is
above this cut-off voltage, the digital voltage value of 1 is given. This could, for example, be 5V.
Conversely, if the voltage of the wave is below the cut-off voltage, there is a digital voltage value
of 0 as the output, corresponding to 0V. This is done to reduce the SNR and to make use of the
robustness of digital processing.

2.3 Finite Impulse Response

Before the digital processing steps are made in the PolyPhase Filter (PPF), the signal is initially split
into sub-bands of 156 kHz or 195 kHz frequency bandwidths, depending on whether a 160 MHz or a
200 MHz sampling clock is chosen [9]. Each of these sub-bands are fed into a Finite Impulse Response
(FIR) filter by splitting them into 512 equally spaced signals, as shown in figure 5. The incoming wave
samples are distributed over all 512 FIR filters in a round robin way. This means that the first FIR
filter gets the first sample, the second FIR filter gets the second sample, all the way until the 512th

Delay

FIR filter
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FIR filter

FIR filter

Beamformer

Delay

FIR filter

 

F
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FIR filter

FIR filter

Beamformer

200 MHz

Antenna 1
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Delay compensation PolyPhase Filter

Figure 5: The digital receiver signal processing pipeline with the subdivision of 512 sub-bands per
station. Each station then feeds each sub-band into a separate FIR filter which then combines as
inputs of one FFT filter. A Dutch LOFAR station has 144 antennas and thus 144 beamformers at
the final step of receiver signal processing. In this figure, a 200 MHz clock is assumed, leading to
sub-band frequency widths of 195 kHz, 160 MHz clock sampling is also used. Figure adapted from
[21].
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Figure 6: Schematic of a FIR filter,
shown here with 4 taps. The input X
is put through delays z−1. Then, addi-
tion is made after multiplication with
weights b, leading to output Y[n] with
sample n. The calculations are given in
figure 7. Figure taken from [22].

Figure 7: The 16 tap FIR filter calculations, as found
in LOFAR. With the delay line, each sample in the
filter gets multiplied with one of the 16 weights and
then each product gets summed together. Afterwards,
each sample gets shifted to the next weight, allowing
the oldest sample to be fully moved out of the filter and
a new sample is added at the start of the filter. Figure
taken from [21].

sample into the 512th FIR filter. Then, the process repeats with the 513rd sample into the first FIR
filter again. This does mean that the FIR filters each have a much lower time resolution individually.

At the core of the FIR filter is the impulse response. This means that if an impulse is given, a
transfer function turns this input into a response which can be continuous or discrete. For FIR
filters in LOFAR, these responses are discrete. The transfer function consists of a finite amount
of weights which the impulse gets multiplied by, with a short time interval between each output,
the combined total of which form the impulse response. When an FIR is of the Nth order, there
are N+1 inputs and associated weights, the former of which is commonly called a tap. Figure 6
shows an example of an FIR filter of the 3rd order, where an input is put through the delay line
so that input values across multiple time intervals are multiplied with the weights as shown in
figure 7. The FIR filters in LOFAR have 16 taps, meaning that the signal wave’s values are read
and subsequently multiplied with the weights. Figure 7 shows how the oldest part of the signal
t54 - i.e. the part of the signal that has been delayed by all 15 unit delays - is multiplied by the
last weight W0 and the newest part of the signal t69 gets multiplied by the first weight W15. After
these multiplications are added, a newer part of the signal t70 moves into the filter, shifting all
older signal components to the next weight and pushing the oldest component t54 out of the filter.
Altogether, this filter can perform the function of a bandpass filter.

The significance of an FIR filter compared to a regular RC bandpass filter comes from the linear
phase characteristic that is achieved with an FIR filter. When a signal with a single frequency
and another signal with double its frequency are delayed by the same time delay, the phase shift
is double for the second signal compared to the first signal. Hence, the phase shift is frequency
dependent. Then, if the delayed signals are added up, the combined signal has a different shape
than it would have without the difference in phase delay. Conversely, linear phase means that for
every increase in frequency, the phase shift increases linearly[23]. In such a case, a time delay will
induce the same phase shift for all frequencies. Since it is important in radio astronomy to retain
the wave-shape of the signal, it is vital to have linear phase in the FIR filter. This is due to the
fact that the Fourier Transform can retrieve the frequencies of the signal, which states something
about the source, e.g. the chemical composition.

To achieve linear phase, the FIR filter’s coefficients need to be carefully chosen. If there is an
impulse response h[n] of an FIR filter of order N, the transfer function is

H(z) =

N∑
n=0

h[n]z−n (1)

This must then also have a frequency response, which is the impulse response in the frequency
domain or simply the Fourier transform of the impulse response. This is given as

H(ejω) =

N∑
n=0

h[n] · e−jnω (2)

Since a linear phase is required, it is necessary that given an even and real function of ω H(ω), the
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Figure 8: The four types of linear phase. Type I is for even symmetry and even N, type II is
for even symmetry and odd N, type III is for odd symmetry and even N and type IV is for odd
symmetry and odd N, where N is the number of samples. Figure taken from [24].

frequency response can be written as

H(ejω) = H(ω)ejϕ(ω) (3)

Where ϕ(ω) is a linear function of ω. From this, there are four possible ways to reach linear phase
with an FIR filter[24].

1. Even symmetry with odd length (N is even)

2. Even symmetry with even length (N is odd)

3. Odd symmetry with odd length (N is even)

4. Odd symmetry with even length (N is odd)

These four types are shown in figure 8. In each case, symmetry is necessary and sufficient for linear
phase in an FIR filter. As such, the bandpass filter can carefully be constructed in such a way that
it has linear phase, given that the weights are chosen to be symmetric.

2.4 The Fourier Transform

As the FIR filters pass a signal within a specific frequency range, the combination of all FIR filters
within a receiver give the inputs for the Fourier Transform (FT), as shown in figure 5. Since the
combination of all FIR filter outputs form a wave that is a linear combination of all frequencies
that have been taken in by the antenna, all frequencies can be extracted from this wave [25]. This
is what the FT does, it takes the wave and compartmentalises it into separate frequency bins. The
corresponding frequencies are directly related to the energies of the light, which can be linked to
emission spectra of certain materials. As such, knowledge about the sources and their chemical
compositions can be gained from the output of the FT in LOFAR.

There are 4 different ways to do a Fourier Transform, depending on whether the time is con-
tinuous or discrete and depending on whether the time duration is finite or infinite. Depending
on what problem the FT needs to solve, any one of these types are valid forms to switch a wave
from a time domain to a frequency domain. In quantum mechanics, this is the regular Fourier
Transform that is shown in table 1. This is commonly used to switch between the position and
momentum representations of wave functions. Furthermore, this integral is also relevant in ra-
dio astronomy. The measurement equation, which has proved to be an important mathematical
basis for calibration methods and techniques, is itself nothing more than a multidimensional
FT[27]. Within signal processing however, the only type of FT that makes sense for a sampled,
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Finite time Infinite time
Discrete FT (DFT)

X(k) =

N−1∑
n=0

x(n)e−jωkn

k = 0,1,...,N-1

Discrete time FT (DTFT)

X(ω) =

+∞∑
n=−∞

x(n)e−jωn

ω ∈ (−π,+π)

Discrete
time n

Fourier Series (FS)

X(k)

∫ P

0

x(t)e−jωktdt

k = −∞, ...,+∞

Fourier Transform (FT)

X(ω)

∫ +∞

−∞
x(t)e−jωtdt

ω ∈ (−∞,+∞)

Continuous
time t

Discrete frequency k Continuous frequency ω

Table 1: The four different types of Fourier Transforms. Table adapted from [26].

finite length signal is the Discrete FT (DFT). This is also what is used in the LOFAR processing
pipeline, except there it is the more efficient algorithm called the Fast Fourier Transform (FFT). This
will be further examined in Section 2.4.1, but to understand this, the DFT has to be introduced first.

To understand the DFT, one may look first at the most simple scenario, where an input of
two values gives two outputs as well. These outputs come from the summation of both inputs,
each multiplied by a complex exponential exp(−jωkn), as shown in table 1. It is easy to see that
the outputs are likely also complex, which not only gives information about the frequencies but
also the polarisation of the waves[29]. It’s beyond the scope of the thesis how this complex data is
analysed in further detail. The input as well as the output can be represented as vectors, where
the multiplicative factors can be expressed as a matrix. This notation is most commonly used to
describe the DFT, where the DFT matrix of size N is shown in figure 9. These matrix components

are complex exponentials, given by ωN = e
−i2π
N where i is the imaginary number and N is the

size of the DFT matrix, which is equivalent to the amount of inputs and the amount of outputs.
The inverse of this matrix is equal to the Inverse DFT (IDFT) matrix, which is a FT going from
the frequency domain to the time domain. Together they need to have a normalisation factor
of 1/N, which is represented as a 1/

√
N factor in figure 9, implying another 1/

√
N factor in the

IDFT matrix. It is also valid to only put a 1/N factor in front of the IDFT matrix. The matrix
components ωN are also primitive Nth roots of unity, which means that they are complex numbers
that equal one if they are raised to the Nth power, following Euler’s identity (fig 10). This will also
be an important property for the FFT.

The DFT matrix is a great tool for signal processing, but it is computationally expensive. This
is because the input vector is an N×1 vector, which gets multiplied by an N×N square matrix. As
such, there is a computational complexity of O(N2). This can become a problem when N is large,
which can be necessary when precise Fourier Transform analysis is required. Ideally, the amount of
computations is reduced to lower latency, required capacity and power consumption[25][31]. The
solution is provided in the form of the FFT.

Figure 9: The DFT matrix, the first row and first column are all ones. There is a factor of 1/
√
N

in front of the matrix for normalisation purposes. Figure taken from [28].
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Figure 10: Roots of unity displayed on the unit circle in the complex plane. The complex exponentials
ω are given for the Nth roots of unity of size 8. This means that every ω represented on this unit
circle will equal 1 if it is raised to the power of 8. Figure taken from [30].

2.4.1 Fast Fourier Transform

While Gauss first discovered the FFT over two centuries ago, it went wholly unnoticed until it was
rediscovered 150 years later [32]. In 1965, J.W. Cooley and J.W. Tukey did pioneering work for the
FFT, based on the Danielson-Lanczos Lemma that was published during the second world war[33].
This Lemma states that a size N DFT can be rewritten as a sum of two DFTs of size N/2 [34].
This is given as:

Fn =

N−1∑
k=0

fke
−i2πnk/N (4)

=

N/2−1∑
k=0

f2ke
−i2πnk/(N/2) +

N/2−1∑
k=0

f2k+1e
−i2πnk/(N/2) · ωn (5)

Where ωn = e−i2πn/N . This Lemma can then be extended to be broken down in smaller segments
by subdividing the numbers by even-ness and odd-ness. This is most simply done by looking at
bit notation of the numbers using little-endian bit representation. In the case of 3 bits, the even
numbers look like [xx0] and the odd numbers are [xx1]. In other words, even-ness is shown by the
final index being a 0. Similarly, subdividing these even and odd numbers into more even or more
odd parts is done by looking at the second index. This means [x0x] is more even than [x1x]. As such,
0 ([000]) is the most even number and 7 ([111]) is the most odd number in a 3-bit system. This
rewriting ultimately does not remove complexity, since the recursive half sized summations still span
the whole N sized FT. However, complexity can be reduced by this lemma in combination with the
observation that the DFT has a lot of symmetry. This is taken advantage of in the Cooley-Tukey
FFT algorithm to reach a complexity of O(Nlog(N))[35]. For this reason, it is important to make the
FFT be of a size that is a power of 2 to allow all recursive steps, which allows for maximum efficiency.

If an N x N DFT matrix is taken with N as a power of two (if needed, add 0s until the matrix
size is a power of two), reshuffle the evaluation points f0, f1, ...fN−1 (equation 4) to even and odd
parts. The DFT matrix then is simplified to two new matrices filled mostly with zeros as shown
in equation 6. The I512 stands for unitary matrices of order 512 (so 512 x 512), F512 refers to a
DFT matrix specific to either the even numbers or the odd numbers and D512 refers to a diagonal
matrix of 1, ω, ω2, ...ω511.

F1024f =

[
I512 −D512

I512 −D512

] [
F512 0
0 F512

] [
feven
fodd

]
(6)

F1024 → F512 → ... → F4 → F2 (7)
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Figure 11: Improved butterfly diagram with Twiddle Factor ωk = −ωk−N/2 for k ≥ N/2. Instead
of the diagram with two twiddle factors (left), it can be simplified to a multiplication with one
twiddle factor and simply a multiplication with -1 (right). Figure taken from [39]

To more easily represent the computations of the FFT, butterfly diagrams are used. The
butterfly diagram for the simplest size-2 FT is shown in figure 11. The two butterfly diagrams in
this figure are identical, but generally the one on the right is used as simplified notation [25]. The
output signals receive a combination of the two input signals. Namely, X[0] receives x[0] + ω0· x[1]
and X[1] receives x[0] - ω0· x[1]. These weight factors ωN = exp(i2π/N) are called twiddle factors
in the FFT, equal to the aforementioned root of unity components for the DFT. For N = 8, ω0 is
equal to 1, ω4 is equal to -1, etc.

Figure 12 schematically shows the FFT after the even and odd components are separated once by
use of butterfly diagrams [36]. Two DFT calculations are shown here, which require multiplications
on the order of N2/2. In accordance with the Danielson-Lanczos Lemma, the N/2 DFT calculations
can be again subdivided into smaller segments, as shown in figure 13. The first splitting of even and
odd indices only lowers the complexity to the order of N2/2 +N , due to the (N/2)2 computations
of each smaller DFT matrix and the N final butterfly computations, as shown in figure 12. But
splitting the DFTs down to even smaller variants leads to lower complexities. If the FFT size N is
defined as N = 2r or r = log2(N), then it can be found that after r splitting steps that:

C =
N2

2r
+ r ∗N = N +Nlog2(N) (8)

Where C is the complexity of the FFT[31][37]. For large N, it is therefore evident that the complexity
is on the order of O(Nlog(N)).

In these examples above, the assumption is made that the FFT is split up from the original
DFT matrix size down to many DFT matrices of size 2x2. This is called the radix-2 FFT, which is
also what is used in LOFAR [31]. Similarly, radix-4 means dividing the DFT matrix into small DFT
matrices of size 4. Since the last step of subdividing size 4 DFTs into size 2 DFTs isn’t conserving
much energy, it can be omitted. In both cases, the total amount of computations, latency and
power consumption goes down significantly for large N [31][38].
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Figure 12: A diagram for N=8 which shows the first step towards an FFT from a DFT. First the
even and odd parts are separated and smaller DFTs are calculated. This architecture reduces
multiplicative complexity from N2 in the DFT to 2 · (N/2)2 +N . wk

N is the twiddle factor for a
FT of size N. Figure adapted from [36].
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Figure 13: The full diagram for N=8 showing how the FFT simplifies DFT calculations, including
recursion. Figure taken from [40].

The FFT computations from figures 12 and 13 are done using the Decimation In Time (DIT)
algorithm, meaning that the signals x[n] are decimated into smaller segments. Alternatively, one
could use the Decimation In Frequency (DIF) algorithm, which decimates the X[k] into smaller
segments. These two algorithms create butterfly diagrams that are flipped compared to each other.
This is shown in figure 14. The DIT algorithm has pre-ordered time signals and the DIF algorithm
has pre-ordered frequency signals[42]. The order of the shown indices are representative of the
even-ness or odd-ness of said signals, which works the same as before with the Danielson-Lanczos
Lemma. Since the FFT matrices have a size that are a power of 2, the indices can perfectly be
written in bit representations. As a result, the time signal indices have inverted bit representations
compared to the frequency signal indices. For example, for N=8 this means that [xyz] indices in
time domain lead to [zyx] indices in frequency domain.

The multistage FFT works the same as the aforementioned butterfly structures, but now there
are multiple in succession. Multiplication needs to be applied to this signal before addition is
applied, which then feeds into the next butterfly structure until the output is reached. As an
example, in figure 14 the calculation for X[1] is given as

X[1] = x[2] · −1 + x[0] +W 1
4 (x[3] · −1 + x[1])

where W 1
4 = −j is the Twiddle Factor for N=4, k=1 and j is the imaginary number.

Figure 14: The difference with DIT (left) and DIF (right) butterfly diagrams with input examples.
While the setups are designed differently, the same outputs are found. Figure taken from [41].
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Figure 15: Example of aliasing, for the case where the sampling frequency is 1.25 times the frequency
of the sine wave. Since the sampling frequency does not surpass the Nyquist frequency, the perceived
wave does not closely resemble the real wave. Image taken from [43].

2.4.2 Frequency related artifacts

Next to conceptual understanding of the FT, it is also necessary to understand how it retrieves
frequencies within the electrical systems that it resides in. In the figures 13 and 14, it is shown how
the signals result in an output of X[i], with i any integer from 0 until N-1. These X[i] are frequency
bins, with discretised frequency values [31]. X[0] is always the DC signal with a frequency of 0 Hz.
After that, each frequency bin goes up in frequency values in equally spaced increments. Since the
Fourier transform has to span a specific bandwidth B that should be analysed, it is evident that
each frequency interval ∆f between the frequency bins should equal B/N with N the size of the FT.
For example, if a 156 kHz bandwidth is analysed with a FT of size N=512, then ∆f = 381Hz. This
means that there is an inaccuracy in the system, as the frequency resolution is limited by the allowed
values in the frequency bins. However, this inaccuracy can be made insignificant if the ratio N/B is
maximised. This could mean that the size of the Fourier transform has to be doubled, which also
requires double the amount of FIR filters. This not only increases the amount of computations (∼
linearly with N), but the sampling frequency also needs to be thought of due to the Nyquist theorem.

The Nyquist frequency fn is very relevant for the PPF, since it is the highest frequency that can
reliably be measured at a specific sample rate fs. The Nyquist frequency is defined as fn = fs/2,
meaning that if the sample rate is 2 kHz, the highest measurable frequency is 1 kHz [23]. As such, if
a bandwidth up to the highest frequency of 250 MHz needs to be analysed at LOFAR, the sampling
rate should be at least 500 MHz. Figure 15 shows what happens if the Nyquist rate is not reached.
Here, there is just a simple sine wave of frequency 1 Hz (the gray line) and the sample rate is 1.5
Hz. If a sine wave is extrapolated from these samples, the result does not correspond to the real
sine wave of 1 Hz. This is a similar effect to the shutter speed of a camera, that can not capture
the rotating speed of rotors of a helicopter, making them look seemingly not move at all. If all
frequencies above fn are excluded from the bandwidth, there is only one set of frequencies that can
form the measured samples. However, without taking the Nyquist theorem into account, there can
be an infinite amount of waves that can describe the measured samples. This means that tuning
the sampling rate and bandwidth carefully is essential for signal processing.

When doing a FT, the theory assumes that the sampled signal is repeated periodically infinitely
long. In practice, this implies that the signal is sampled for a whole number of periods. It is not
only hard to tune the equipment to achieve this, the incoming signals are too complex to find and
predict any full periods of the signal. This leads to leakage, which means that energy seems to ”leak”
into all other frequency levels, due to uncertainty in the signal frequencies [31]. To counteract this
effect, weighting functions called windowing functions can be used [37]. This reduces the amplitude
at the boundaries of the sampling segments, to reduce the leakage at these points. Since a reduction
of leakage also lowers the frequency resolution [31], various windowing functions are commonly
used, each with their respective use cases.
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(a) (b)

Figure 16: Schematics of a beamformer. a) The delay of an incoming wave. Since it takes longer
for the wave to reach one antenna than another, there is an artificial delay implemented to correct
any phase shift. After this, the signals are combined to get a strong signal from the desired light
source. b) The inner workings of the beamformer. Each input gets multiplied by their corresponding
weights and finally combined. These weights have the purpose of steering the directionality of the
antennas. Figures taken from [44] and [45], respectively.

2.5 Beamformers

Before the filtered signal can be sent towards the central processing in Groningen, one final beam-
forming step needs to be taken. The function of this step is the same as the analogue beamformer at
the receiver immediately after the initial LNA. The shorter wavelength HBAs have such an analogue
beamformer incorporated into their processing, while LBAs skip this step [19]. All antennas lead to
the final digital beamforming step, however. This step is necessary, because adding them together
reduces the amount of processed data by a factor of the number of antennas. The beamforming
step is also necessary because the antennas take in all kinds of signals, from many angles and
wavelengths. This means there is a large influx of noise, leading to a low SNR. Since the antennas
in LOFAR lie flat and cannot move to point in a certain direction, conventional addition of the
antennas signals would equate to the antennas pointing to zenith (pointing directly upwards). The
signals coming from zenith will then add up perfectly, but signals from other angles will have a
phase delay compared to one another, as shown in figure 16a. These signals will therefore have a
reduced intensity. Since the sources that need to be analysed are usually at an angle, there needs
to be a solution to still be able to ”point” the antenna towards other angles. Figure 16a shows how
the beamformer provides this solution. It does this by inputting an artificial delay into all antennas
to align them towards the required angle, getting rid of any phase mismatches between antennas
and thus increasing the SNR.

The delaying nature of beamformers can be described accurately by the application of weights to
the input signals, as shown in figure 16b. Each antenna receives a signal xi that can be multiplied
by a complex weight, which points the antenna in the desired direction. To define these weights, it
can be easier to define the offset of the incoming wave. Since LOFAR deals with far-field sources,
the incoming waves can be seen as plane waves as per the Van Cittert-Zernike theorem. This
significantly makes the process easier to describe [46]. If the desired signal is defined as x0 with
steering vector s, which acts on the signal x(t), it is found that:
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x(t) = x0 ∗ s (9)

s =



1
exp(−j2πdsin(θ)/λ)
exp(−j4πdsin(θ)/λ)
exp(−j6πdsin(θ)/λ)

...
exp(−j(M − 1)2πdsin(θ)/λ)]


(10)

Where j is the imaginary number, d the distance between antennas, θ the angle of arrival and λ
the wavelength of the incoming signal. This steering vector is a mathematical representation of
the extra distance that light needs to travel depending on which antenna the light reaches. This is
shown in figure 17, where it is expressed as a phase delay. Here it is shown how, in accordance with
the vector shown above, there is an extra distance d · sin(θ) travelled by light for each antenna it
passes. Naturally, if the angle of arrival is 0 and thus the signal comes from zenith, all components
of the steering vector are 1 just as expected. To counteract the phase change that is induced by the
steering vector, one can apply the weights shown in equation 9 if the Hermitian conjugate is taken.
These weight values can easily be tuned in multiple digital ways, even when the beamformers are in
the analogue domain [47]. The ideal signal x0 is maximised again following the simple characteristic
that sHs = I with sH the Hermitian conjugate of the steering vector and I the identity matrix. This
holds true because the steering vector is Hermitian. Thus, the ideal signal can be maximised this way.

Real antenna arrays get more than only deep-space sources’ light signals. There could be
interferences from other near-field sources, including satellites and other man-made signals. As
a result, there is not only a peak in signal from the angle at which the deep-space object resides,
but also at angles from interfering sources. This, in combination with examples of beam patterns,
is shown in figure 18. A deep-space object is shown here, which is the subject of analysis by use
of the antenna. By using the beamformers, the antennas can be prepared to accurately receive
the desired signal [49]. This is shown by the main lobe, which is the tall lobe in the centre of
the beam pattern. The height of the lobe implies that the antenna is very sensitive to signals
coming from that direction, compared to the rest of the beam pattern. There are also local maxima,
shown as side-lobes. This is an inevitable feature of the antenna beam pattern. The beam pattern
can, however, be altered, which is done for two reasons. Firstly, the main lobe has to be shifted
along with how the deep-space object moves in the sky due to the earth’s rotation. Secondly, the
beam pattern can be reshaped such that the interference falls into minima of the beam pattern
(spatial nulls) instead of into the side lobes. These spatial nulls mean that any signal coming
from that direction is completely mitigated by the phased array. Figure 18 shows exactly how the
interfering satellite’s signal falls into a spatial null, yet the deep space object falls into the main
lobe. Furthermore, grating lobes can also be found when the antennas are separated by a distance
of more than λ/2, in which case it can be solved by carefully putting the antennas in a random grid.

There are multiple ways to retrieve the ideal signal from the total signal — which includes
the interference — which is done by the use of tapering functions [17][50]. Firstly, a so-called
rectangular window can be used, by tuning the weights in a way that maximises the signal. This is
by putting the weights such that they act as the Hermitian conjugate of the array steering vector,

Figure 17: Schematic showing the extra distance that each wave travels depending on which antenna
it reaches. For example, the wave at antenna 1 has travelled an extra sin(θ) · d compared to the
incoming wave at antenna 2. Figure taken from [48].
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Figure 18: The signal from both the deep space object that needs to be researched and from
interfering objects. The beam pattern of the antenna is also shown. This pattern can be changed —
as it’s an antenna characteristic — so the main lobe points to the signal of interest and interfering
signals are in directions of spatial nulls. Figure taken from [49]

which was shown in equation 9. This is the simplest idea, but there exist more tapering functions
like the Hamming function, which increase the SNR while losing intensity for the ideal signal. This
tapering function not only affects the phase delay of each incoming signal, but also how they are
amplified. Currently, LOFAR uses a simple rectangular window, with uniform amplification of all
signals and only phase delays to maximise the signal.

As mentioned before, there are 2 different beamformers at the local processing steps in LOFAR.
While the analogue and digital beamformers perform the same tasks, there is still a difference
between them for how LOFAR is set up. Figure 19 shows the full setup of antennas within a
LOFAR HBA station. Firstly, a set of 16 antennas are taken together in what is called a tile. The
analogue beamformers combine these individual antennas’ beams in the manner described in this
section. In the same way, the digital beamformers combine the signals of all the tiles, which span
the entire station.

Figure 19: The tile setup for a HBA station in LOFAR. A group of 16 antennas fill up a tile, which
similarly combines into a station. Figure taken from [51].
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3 Neuromorphic computing

3.1 Introduction to neuromorphic computing

Computing machines have been around since ancient times. The abacus, for example, has been
around as early as 4 millennia ago in Mesopotamia [52]. These early machines were then used to
help humans with complex computational tasks. Typically they could execute only one type of
program, such as arithmetic in the case of the abacus. If other operations were needed, a new
computing machine needed to be built. In 1945, John von Neumann published a design for a
digital computing machine that could run many kinds of programs — this design is known as the
von Neumann architecture and it is the computing model still used globally today [53][54]. The
architecture is based on the idea where a part of storage is used for a program — which is simply a
set of instructions — which meant that separate processing units and memory units are being used.
As a consequence, computations are done by sending electrical signals between the processing units
and memory units.

Due to the inherently serial design, the von Neumann architecture is not efficient for large scale
complex calculations. Despite the serial design of computers, decades of downscaling still allowed to
do very complex calculations [55]. However, enormous amounts of data transport inevitably leads to
a huge energy consumption. This can easily be seen by how a supercomputer from 2011 compares
to the human brain. It was found to have 10 times as much memory storage as the human brain
and about 4 times better calculation times (in FLOPS) [56]. Meanwhile, this supercomputer uses 1
million times more energy than the human brain[57]. The difference in energy consumption is due
to the fact that, unlike computers, brains do not follow the Von Neumann architecture. Memory
and processing in brains are integrated rather than separated, which means the system is highly
parallel rather than serial. It is then interesting to see if such parallel systems can be used for very
complex calculations, with the benefits of the extreme energy efficiency that is seen in the human
brain. Such computing forms that are inspired by the architecture of the human brain is known as
neuromorphic computing [58].

One of the use cases of neuromorphic hardware is analogue in-memory computing (AIMC),
which is energetically favourable for two reasons. Firstly, the data transport between memory and
processors is no longer necessary [59]. For large systems like the matrix vector multiplications
(MVM) that are important in machine learning, retrieving the matrix values from memory is
where the majority of energy consumption resides. Secondly, analogue computations only need a
few resistors and capacitors, whereas digital computations may need in the order of a thousand
transistors just to do one multiplication, depending on the required precision [60]. The latency of
the computations also improves significantly in large systems, as all computations can be done
simultaneously instead of serially.

The brain is made up of two major building blocks, neurons and synapses. A human brain

Figure 20: Action potential of a neuron.
Once the voltage passes a threshold, there
is a spike, called the action potential. This
signal can be passed on to the next neuron
in a neural network. Image taken from [61].

Figure 21: The most simple perceptron model.
There is an n number of inputs with assigned
weights which can be negative or positive. The
weighted sum of the inputs have to surpass a
threshold, which is set by the bias, so that the
output is activated. If the threshold is not reached,
there is no activation. Image taken from [62].
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consists of 86 billion neurons and each neuron has 15 thousand synaptic connections to other
neurons, a network of a population of neurons and synapses is called a neural network [63]. When
an outside impulse is received by a human, for example by seeing a bowl of soup, a group of neurons
will receive an electrical impulse. If this electrical impulse at a neuron surpasses a threshold voltage
in a neuron, there will be short yet high peak in the potential, called the action potential or a spike
(fig 20) [61]. The action potential in a neuron will then release neurotransmitters at the synaptic
junction, which can produce a spike in the next neuron if the threshold voltage is reached. Each
spiking neuron will start this process, so even looking at a bowl of soup can lead to spiking patterns
of a high complexity. Still, the basic concept of the interplay between neurons and synapses —
the latter of which having incorporated memory[64] — paved the way for learning to be done
by computers, both in software and hardware. This lead to the introduction of Spiking Neural
Networks (SNN) and In-Memory Computing (IMC) as topics of interest. This thesis only covers the
latter one of these two neuromorphic computing paradigms. To understand this, artificial neural
networks have to be introduced.

In the late 1950s, Frank Rosenblatt proposed an algorithm called the perceptron [65]. This is an
algorithm, used for classification, that tries to imitate the biological system of neurons and synapses
in a simple form — this is an example of an Artificial Neural Network (ANN). In figure 21 the basic
concept is illustrated, starting with the layer of either activated or inactivated inputs, which are
also called artificial neurons. Similar to the synapses in the brain, these inputs are multiplied by
either inhibitory (negative) or excitatory (positive) weights. The weighted sum then is compared
to a threshold from a separate neuron called the bias, which determines what the value of the
output will be. This is done by taking the inner product of the weights and the transpose of the
weights, which in this most simple, single-layer example is simply a element-wise product. However,
a single-layer perceptron isn’t sufficient for more complex computations. More layers have to be
added, which will lead to systems more closely related to the neural networks that are found in
brains. Furthermore, perceptrons only have one neuron, whereas multilayered ANNs have multiple
neurons that are all connected to an input. These multilayered ANNs — also called Deep Neural
Networks (DNN) — are then able to do more complex tasks [66]. Contrary to the element-wise
products of the single-layer perceptron, the DNN works with Matrix-Vector Multiplications (MVM).

Figure 22: An MVM realised in the form of a memristive crossbar. The signal starts with a certain
voltage value, which passes through a component with conductance G. Via Ohm’s law G · V = I,
the incoming voltage value is translated into a new current signal. Then signals from several
rows, coming with different amplitudes, are added up together via Kirchhoff’s laws. On top, the
calculated MVM is shown. Image taken from [67].
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Activation functions in ANNs can be any mathematical function that determines the output of a
neuron. A very simple one may be a step function, like the one shown in figure 21. If the incoming
signal is below a predetermined value, the output is 0 — so there is no activation — otherwise it is
1. Though this can be relevant for simple classifiers, non-linear functions like the sigmoid function
may be used for more complex systems [68]. An important distinction can be made here between
spiking networks and non-spiking neural networks. The former either produces a spike in a neuron
or it does not, with no in between, which is most like a biological brain. The latter may also allow
intermediate values, increasing the potential complexity, which is what is used for the IMC use case
of this thesis. Here, the complex neural systems can be replicated by embedding them into hardware.

In the case of MVMs such as the one seen in figure 22, the computations consist of additions
and multiplications. Additions can be considered by Kirchhoff’s law, stating that two wires that
combine into one wire will add up the two currents as per:

∑N
i Ii =

∑N
f If with Ii the initial

currents before the junction and If the final currents after the junction. Multiplications can be
formed with the use of resistances/conductances. The conductance G as the inverse of the resistance
leads to Ohm’s law as: V = G · I. When neural networks are considered with MVMs, just like in
machine learning, the weights or synapse strengths can thus be represented by conductances and
the additions of each action potential from the previous neuron is represented at the wire junctions.
In figure 22, a crossbar consisting of resistive devices is shown. The input vector is represented
by voltages and each voltage leads to N different resistive devices. These resistances result in an
effective multiplication of V · R to get a current output. Each current value in a column then
gets summed at each junction, whose results combine into an output vector. For this project’s
purposes, the resistances are representative of the weights of the DFT matrix, for example. Since
these weights have specific values, it is important to use components that have tunable resistances
at a nanoscale. This is where the memristor comes in.

3.2 Memristor

In 1971, Leon Chua postulated the existence of a fourth fundamental electrical circuit element,
besides the known resistor, capacitor and inductor. Since the four physical quantities of charge,
voltage, current and flux all have a relationship with each other, Chua reasoned that — due to
symmetry — the relation between charge and flux had to exist, including a circuit element [70].
This ”missing” circuit element was called the memristor, as shown in figure 23. A useful model or
physical example of a memristor was not found until 2008, however, when HP found experimental

Figure 23: Memristor theory as the 4th (missing) electrical unit. In an electrical system, ϕ is the
flux, v the voltage, i the current and q the charge. Each of these physical quantities are related to
one another by the shown equations and the electrical devices. Figure taken from [69].
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Figure 24: The hysteresis loop in the I-V characteristics for a memristor. If a sufficient voltage is
applied, the slope — and thus the resistance — of the graph changes. If the voltage is removed,
and thus also there is no current, and then reapplied again, the new slope is once more found. In
other words, the slope is ’remembered’. This process can be reverted by reversing the voltage. If
the switching frequency is too high (here shown as ω0), the slope is unchanged, analogous to the
I-V characteristics of non-memristive materials. Figure adapted from [71].

evidence using thin films of TiO2[71]. This was done by using the memristance, a physical variable
belonging to the memristor, similar to resistance, inductance and capacitance. The memristance
comes from the relationship between the flux ϕm and the charge q, which is given by dϕ = Mdq,

where M is the memristance. Using dϕ = V dt and dq = Idt, leads to M = dϕ/dt
dq/dt and thus M = V/I.

For linear elements, the memristor is therefore simply a resistor. When the resistance depends
on the charge, however, the element becomes more interesting as this implies tunability. Looking
at the I-V characteristics of a regular resistor, the dependence would be linear. For a memristor,
however, a hysteresis loop should be found. This means that the charge that has gone through the
material before affects the I-V characteristics for a memristor.

In figure 24, it is shown how the first memristor had a non-linear resistance. Once a voltage
was applied and a current ran through the system, the resistance — indicated by the slope —
changed. This would then also remain changed after the voltage is removed from the circuit. In the
experiment, a sinusoidal voltage was applied to a circuit where a semiconductor thin film was put
in between two metals. The semiconductor had a region doped with positive ions (p-doped) and a
region with no doping at all, as shown in figure 25. The p-doping leads to a high conductivity in
the semiconductor, unlike in the undoped region. Application of a voltage caused the dopants to
drift, which also changed the resistivity over the circuit [72]. When the voltage is removed from
the circuit, position of the dopants remains distinct from the initial position before the application
of a voltage. Thus, the new resistance is ”remembered”, which makes this a type of Non-Volatile
Memory (NVM). The dashed line shows a hysteresis collapse for high frequencies, indicating that
the dopants will not drift significantly and the memristor acts as a regular resistor. Though the
precise definition of a memristor is contentious [73][74][75], there are more similar memristor-like
NVM devices that can act as the resistive component in IMC.

Figure 25: A schematic showing the setup of the first published physical example of a memristor. A
region of p-doping and no doping were formed, which had low resistance (Ron) and high resistance
(Roff ), respectively. By ion migration, a low resistance filament can be formed. Image taken from
[71].
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3.2.1 Resistive RAM

Within the AIMC architecture, there are many interesting NVM devices which have their data
stored in a variety of ways. These NVM devices include Phase Change Memory (PCM), Resistive
Random Access Memory (RRAM), Electrochemical Random Access Memory (EcRAM), Magnetic
Random Access Memory (MRAM), flash memory and Ferroelectric Field-Effect Transistors (FeFET)
[76].
Firstly, Resistive Random Access Memory (RRAM) devices are generally based on metal-insulator-
metal systems where the insulator is a dielectric material, but even semiconductors can be used.
Normally the insulator would naturally lead through no current, but in RRAM systems there is
formation and dissolving of conductive filaments in the insulator region. These filaments are created
by positive ion (cation) or negative ion (anion) migration in the dielectric[77], for example in a
system illustrated in figure 25. The conductance in the insulating material is controlled by either
tuning the width of the material or changing the composition of the filament in the insulating
region [76]. The dielectric material that constitutes this insulating region can be made of binary
oxides, perovskites, 2D materials and more. The binary oxides, like the TiO2 used by HP for their
breakthrough RRAM device, are simple, inexpensive and compatible with CMOS processes[78].
The compatibility with CMOS processes is not shared with other possible dielectric materials like
perovskites, which gives rise to considerable practical challenges. The durability of the binary oxide
HfO2 (> 1010 cycles) is paired with sub ns resistive switching, making that the most interesting
binary oxide together with TaO2, which can reach similar numbers, even reaching an endurance
of > 1012 cycles [79]. These qualities are especially relevant for neuromorphic computing systems,
where the endurance is vital for systems that ideally will not be touched for years. There are three
ways of forming filaments in the dielectric material. Namely, it can be done by n-type or p-type
doping on the dielectric material, by electrode diffusion or by designing bilayer structures [80][71][78].

Electrochemical dissolution and deposition of electrodes can lead to two possible filament
forming processes. Firstly, the cation migration in the dielectric, which is called Electrochemical
Metallisation (ECM). This can be done by applying a so called writing voltage to an active electrode
such as Cu or Ag, which then oxidises. The resulting metal cations diffuse across the dielectric
and bind to the electrode on the far end, which is an inert electrode like Pt and Au [78]. As these
cations bind to the far end, more cations will build up until a filament is formed [82]. By applying

Figure 26: How the oxygen vacancies move in the material. A particle is attracted to enter the
vacancy, leaving a new vacancy — which is in essence the same as the vacancy moving to a new
site. Image taken from [81].
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a much smaller voltage called the read voltage, the resistance can be probed. The voltage that
forms the filament to create a Low Resistance State (LRS) is also called the SET voltage, whereas
the voltage that switches into the High Resistance State (HRS) is called the RESET voltage [83].

A second way to form filaments is by anion migration, which is referred to as Valence Change
Memory (VCM). The process here results from a redox process at one of the electrodes. The
function of the electrodes here are swapped compared to the ECM process, meaning the inert metal
is the active electrode and a non-noble metal is called the oxidisable electrode [84]. The redox
process refers to the loss of electrons (oxidisation) in one reactant, while there is a gain of electrons
(reduction) in the other reactant. This redox process happens at the oxidisable electrode’s interface
with the dielectric material. For example, if a high voltage is applied to the Ti (electrode) and
TiO2 interface, the following chemical reaction takes place:

TiO2 + Ti −→ TiO2−x + TiOx (11)

The TiOx is the partially oxidised Ti electrode, which is still conductive [81]. The TiO2−x in the
dielectric effectively function as oxygen ion vacancies. These ions can diffuse through the dielectric
in a way that is shown in figure 26. Here it is shown how a vacancy in a lattice can move around.
In reality the vacancy is filled by the nearest neighbours, but this is identical to saying the vacancy
moves to the donating neighbour. As the oxygen vacancy concentration is increased, diffusion by
application from a high voltage will lead to the forming of a conductive filament. Both in the case
of anion migration and cation migration, there exists a fundamental limit for endurance.

3.2.2 Phase Change Memory

Next to the forming of filaments, it is also possible to create high resistance and low resistance
states by transitioning between crystalline and amorphous phases of chalcogenide glasses. The
resistivity of the amorphous phase is very high, while the crystalline phase’s resistivity is very low
[87]. The resistivities of the two states can differ by as much as 3 to 5 orders of magnitude [88].
Joule heating, which is the heating that occurs when a current is run through a material, can be
used to switch between the two phases of the material. As is shown in figure 27, if the material is
heated up to exceed the crystallising temperature, the crystallisation can occur. Conversely, the
material needs to be melted and quenched rapidly, for the material to reach the amorphous phase
[89]. Melting a very high resistance state is possible due to threshold switching, where an applied
voltage above the threshold voltage Vt can create conductive filaments in the amorphous phase.
Through these filaments, Joule heating can be used to melt the material, given a high enough
voltage [89]. These melting and quenching steps most commonly results in an amorphous dome
that resembles the head of a mushroom, which is called the mushroom cell structure [85], this is
shown in figure 28. The endurance has been proven to reach values of > 108 cycles with a SET
speed of 1 ns [90]. However, the programming current is very high since the melting temperature of

Figure 27: Comparison of the SET, RESET and READ
voltage pulses in PCM. To SET a LRS, a longer pulse at
high voltage is needed to reach the crystallising temper-
ature due to Joule heating. To set an HRS, a RESET
pulse has to be applied for a very short period to rapidly
melt and quench so that the material can’t relax into the
crystal phase and stays in an amorphous phase instead.
Finally, a READ voltage can be applied to probe the
resistance of the material. Figure taken from [85].

Figure 28: A schematic of the physical
structure of a PCM device, shown as
the characteristic mushroom cell. When
putting the device in the RESET state
— thus the amorphous, low resistance
state — an amorphous dome appears
on top of the bottom electrode. Image
taken from [86].
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the material needs to be reached. [90] used a crystallisation temperature of 600 K and a melting
temperature of 1200 K for the melt-quench operations. Furthermore, unlike RRAM, PCM cannot
yet go under 10 nm in size, making this a relatively unattractive NVM device [76][85]. Though, the
HERMES core — supported by IBM — has been able to come to a 14 nm size [91].

3.2.3 Alternative Non-Volatile Memory types

While RRAM and PCM are the most important NVM devices in contemporary research, there exist
other NVM devices which might become more relevant in the next decades. These are explained
briefly here, with illustrations of the corresponding cell structures given in figure 29.

Firstly there is flash memory, which works on the principle where current can run through
a material, past a floating gate where charge can be stored. This charge can then increase the
resistivity of the gate. The amount of charge stored can be tuned. Flash memory leads to relatively
high noise, however, meaning this is for the time being less feasible than PCM and RRAM[87].

Secondly, there is Magnetoresistive RAM (MRAM), where there are two magnetic layers with
an insulating layer in between [92]. The magnetisation of one of the two layers are set, the other
one is free to change. This can be changed by applying an external field, which then changes the
magnetisation. If the two magnetisations are aligned, there is a low-resistance state for a tunnelling
current to flow. If the magnetisations are not aligned, there is a high resistance state. Though
MRAM has had major improvements over the past decades, scalability issues keep it from being a
viable option for NVM devices. To improve on the scalability issues, Spin Transfer Torque MRAM
(STT-MRAM) has been introduced [93][94]. Since STT-MRAM deals with spins, the effects are
very small, which means that there is a low RHS/LHS ratio of ∼2.

Thirdly, Electrochemical RAM (EcRAM) works on a simple gate-source-drain system. The
source and drain is connected by channel through which the current flows. The resistance is
modulated by the gate, which is separated from the source-drain channel by a electrolyte layer
that enables ion migration. By applying a voltage on the gate, an exchange of ions is induced,
which changes the resistance of the device[87][94]. This has the advantages of only using low power
for writing and reading processes, symmetric switching, as well as high resistance granularity[87].
However, the slow operation speed and lack of maturity make this NVM device less attractive
compared to RRAM and PCM[94].

Fourthly, Ferroelectric RAM (FeRAM) is a NVM device that is similar to a dynamic RAM

Figure 29: Cell structure of the analysed NVM devices. A-C) The cell structures of flash memory,
ferroelectric FET and ferroelectric RAM. D) The nanocells with working principles of phase change,
magnetic tunnel junctions (MTJ) and metal-oxides (ReRAM). The amorphous and crystalline
structures of phase change memory, (mis)alignment of magnetic moments and the forming of
filaments are shown for the HRS and LRS. E-F) The cell structures of the two analysed MRAM
devices, which belong to the MTJ shown in D. Image adapted from [92].
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Table 2: Comparison of best performances of commercialised stand-alone NVM devices. It is
important to note that this is commercialised and stand-alone devices, so that better realised
structures — which are not stand-alone and commercialised — are excluded in this list. This
for example means that the bits per die for RRAM, which reaches 32 GB [97], is excluded. This
would be a large improvement both in memory and possibly in price per bit. ’F’ is the minimal
lithography size and ’L’ is the amount of layers in a 3D structure. Table adapted from [92].

FeRAM PCM RRAM STT-MRAM

Cell area 6-30 F2 4/4L F2 6-30 F2 6-30 F2

Bits per die 8 Mb 256 Gb 8 Mb 1 Gb
Retention >10 years >10 years >10 years >10 years
Endurance ∼1015 cycles ∼107 cycles ∼106 cycles ∼1015 cycles
Read time 10-100 ns 10-100 ns ∼100 ns ∼10 ns
Write time 10-100 ns 10-100 ns ∼100 ns ∼10 ns
Cell energy ∼0.1 pJ ∼10 pJ ∼0.1 pJ ∼0.1 pJ
Array energy Low Medium Medium Medium/low
2021 price > $1000/Gb ≤ $0.30/Gb ∼ $1000/Gb $40-70/Gb

(DRAM) structure, utilising a one-transistor-one-capacitor (1T1C) structure, where the dielectric is
a ferroelectric material. Writing a state can be done by applying an electric field, the two possible
polarisation states of the ferroelectric material can then be utilised [95]. However, the reading
process is destructive in FeRAM systems, so subsequently there needs to be a new write cycle every
time. Furthermore, there are limitations regarding scalability due to a low storage capacity, while
also having higher costs [92].

Finally, Ferroelectric Field Effect Transistors (FeFET) works by using an FET with a ferroelectric
material used as the gate dielectric. By applying an electric field, the polarisation of the ferroelectric
material can be altered such that the resistance across the FET is changed[96]. This is similar to
flash memory, except with ferroelectricity in the gate. FeFET has reliability issues compared to PCM
and RRAM due to parasitic effects like charge trapping, which severely limits the endurance[93].
Furthermore, a relatively short memory retention time limits the capabilities of FeFET as an NVM
device[96].

There are even more NVM devices, but these are all either not researched extensively yet or
have too many significant limitations to mention. The devices mentioned above, however, are all
contenders for future application in IMC. PCM and RRAM are the two main types of NVM devices
for the time being, especially PCM, which held 90% of the commercialised NVM market share in
2020 [92]. These other types of devices may also become interesting for ASTRON in the coming
decades. Table 2 compares FeRAM, PCM, RRAM and STT-MRAM in their best performances.
Here, only stand-alone commercialised devices are taken into account. Certain devices have been
found to reach better performance in research, but has been excluded. One notable example is the
low number of bits per die given for RRAM, while prototypes have been built that reach results of
16 or 32 GB [97].

3.3 Applicability of Non-Volatile Memory devices

The NVM devices are clear candidates for in-memory computing, which can be implemented in
ASTRON’s signal processing pipeline. Figure 30 shows a schematic of an IMC crossbar, with
memory-based unit cells, similar to what was shown in figure 22. These unit cells have been covered,
with the most interesting contemporary NVM devices being PCM or alternatively RRAM based
types. In an ideal scenario, these unit cells would have exact resistances, representing the weights
that belong to the various matrices. However, there are only an N number of discrete values that
the resistance can have. For RRAM, this is because the filament path is limited by the amount
of possible direct conductive paths that can be formed. For PCM it is the limited ways that the
structures of the phases can be formed. In the best materials there exist hundreds or even thousands
of programmable states, giving a modest approximation for being continuously tunable.

There is some level of imprecision by the discrete nature of programmable states. Next to this
aforementioned uncertainty of tuning the resistance, there exist 3 types of noise[76]. The first type
of noise is programming noise, which is the error of the programmed value compared to the target
resistance value. This is due to the write-read-verify iterative loop that is part of programming the
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right noises. Secondly, drift noise is the shifting of noise over time. This is either due to relaxation
of the amorphous phase in PCM or due to the shifting of the ions in RRAM [98][99]. Thirdly,
there is read noise that comes from the flicker noise and random telegraph noise (RTN) sources,
which also change the resistance values. This happens when reading the resistances, after the
components have been programmed. Besides these known noise types, there also exist noise issues
specifically in analogue systems. Namely, the endurance for materials is given in digital voltage
pulses. Normally, the MHz range of radio astronomy would give ample time for the materials to
recover from possible drift in the time frame when a voltage is applied. Since the analogue signals
spend essentially no time without an applied voltage, the endurance is unknown for these materials
in such an environment.

Before these NVM devices can be applied in ASTRON’s processing pipelines, research needs
to be done to figure out the effects from an analogue signal into a system like LOFAR’s. While
direct implementation of an analogue input for IMC has been presented before [100][101], the
questions remain what the effect is of implementation of a 24/7 applied signal that intends to run
for decades. Finally, the read voltages need to be taken into consideration. ASTRON uses amplifiers
on their incoming signals, otherwise the desired signal is too weak. However, read voltages of 0.2V
may significantly increase noise levels in RRAM systems [102][103]. Either ASTRON needs their
incoming voltages to stay at 0.2V at its maximum after the amplifications or other materials need
to be used to allow for higher read voltages. This would make PCM devices or even Flash memory
more attractive, whose writing voltages tend to be very high, though the voltage levels scale with
size, so the size has to be significantly larger to raise the possible read voltages [85][104]. Currently,
the threshold voltages at which Joule heating is achieved in PCM is around 1V, so the voltage has
to stay at a significantly lower level to prevent any changing of the material. Having a constant
current will also cause minor heating, so some cooling mechanisms like fans have to be used so that
the material does not start overheating. If all the combined noises become a precision issue for
ASTRON’s processing purposes, there is a way to achieve arbitrary precision [105]. This will be
further analysed in Section 4.4.

Having considered various NVM devices and their applicabilities, the next chapters will cover if
ASTRON’s front-end processing pipeline could be done by using the analogue and/or neuromorphic
domains. Furthermore, the effect on energy efficiency and latency will be considered in these
domains.

Figure 30: A schematic of an AIMC core. This includes a crossbar, with memory-based unit cells,
similar to what was shown in figure 22. Figure adapted from [76].
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4 Results

The shift of the PPF and beamformer from the digital domain toward a more energy efficient
domain will be analysed in this section, separated into two domains for each of the components:
analogue and neuromorphic. Afterwards an energy comparison will be made with the current
pipeline. Finally, the precision of the outgoing signals will be discussed.

4.1 Analogue LOFAR pipeline

In this subsection, there is a focus on a shift towards the analogue domain. This includes if the
LOFAR pipeline can be constructed with analogue components and if so, how.

4.1.1 Analogue FIR

As stated in Section 2.3, the FIR filter consists of a tapped delay line, which is followed by mul-
tiplicative weights whose results are then summed together. The multiplications can be done by
amplifiers, capacitances, resistances and multiplicative DACs, among other things [106][107][108].
Additions are similarly easily implemented by use of an op-amp [106]. Analogue delay lines have
also commonly been used, for example for music-making purposes[109]. Due to the simple nature of
the FIR components, it is unsurprising that first publications of analogue FIR filters date back to
the 1960s and 1970s [106][110]. As a result, the implementation of such an FIR filter in the desired
analogue LOFAR system should not pose a problem.

An example of the analogue FIR system is schematically shown in figure 31a. This shows the
implementation of the tapped delay line to separate the samples of the signal [106]. In this example,
12 samples were put through weights which were implemented by the use of resistances which then
fed into an op-amp which summed the weighted signal taps, as shown in figure 31b. The resistances
can then tune the voltages such that multiplications can be read out. The way this is done is via
resistive weights using so-called Savitzky-Golay functions. The reciprocal of the absolute value
of these weights can then be the values of the resistor. For example, if a minimum resistance of
10 kΩ is needed and a weight factor’s maximum value is 15, then the resistor corresponding to
that value can be chosen as 10 kΩ. If then there is a weight value of -2, the resistance would be
| 1
−2 | · 15 · 10 = 75kΩ. The factor of 10 is due to the minimum resistance value and 15 because that
is the weight factor for which this resistance reference value exists. As stated above, a sufficient
number of different weight implementations exist which can be used in the analogue LOFAR system.

The power consumption of an energy efficient 32-tap FIR filter was found to be 90µW for a
sampling rate of 16 MHz [111]. Within LOFAR, there are only 16 taps. If the assumption is made
that the power consumption scales linearly with the number of taps, then the power consumption
for a 16-point FIR in LOFAR will be 45µW . The sampling rate at LOFAR is 160 MHz or 200
MHz, which is a full order of magnitude higher than what is shown here. This means that it may
be more costly to implement this architecture in LOFAR, if such an increase to the sampling rate
is possible at all. This architecture also makes use of high reconfigurability, which is not necessary
for LOFAR. Not using this reconfigurability can further optimise the power costs of the FIR filter.

(a) (b)

Figure 31: a) Schematic of an analogue FIR filter. First, a tapped delay line is shown that then
feeds into multiplicative weights before being summed together. b) A schematic of how the FIR
filter is built. Resistances are used to act as weights and the summing of weighted inputs is done
by an op-amp. Figures taken from [106].
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4.1.2 Analogue FFT

Unlike the FIR filter, FFT filters are complex to implement in the analogue domain, though it is
possible. One such example of a system that implements an analogue FFT is shown in figure 32
[112]. Here, the size-8 FFT is shown, including the peripheral components. Firstly, the incoming
signal is serial so it needs to be split up into parallel components for the input to the FFT. For
this purpose, sample-and-hold amplifiers (SHAs) are used that are controlled with use of a clock.
The first sample is taken at time t1, then t2 up to tN . Once all samples are aligned at tN+1,
they are put into the FFT. Within LOFAR, the incoming signal is parallel coming from the FIR
filters, so the SHAs would be superfluous. Similarly, the equaliser and final SHAs are irrelevant
for the analogue LOFAR system and the coefficient DACs alter the butterfly coefficients, which
is unnecessary for the purposes in LOFAR as well. However, the FFT signal flow graph (SFG) is
important to analyse. This consists of butterfly diagrams in a radix-2 DIT structure, which includes
additions and multiplications.

Once more, a naive approach would be utilisation of amplifiers and op-amps, like with the FIR
filter. However, some things have to be taken into consideration for the FFT filter. Firstly, it is
critical to note that the resulting noise, energy consumption and chip size need to be limited. This
is true in general, but the scale of the FFTs in LOFAR and the resulting amount of operations
increase the importance here. Secondly, the FFT’s twiddle factors mean that the signal is multiplied
with complex numbers. To realise this in electrical engineering, it is necessary to separately multiply
the the real and imaginary parts. One example of the butterfly structure is given by [112], who
makes use of analogue transconductance multipliers and linear adders, which are shown in figures
43 and 44 in the Appendix (App. A). Furthermore, the butterfly diagram operations can be realised
in other ways as well, such as by the use of current mirrors [113]. Furthermore, [114] uses capacitive
voltage dividers and wire swapping for additive and multiplicative functions, respectively.

Figure 33 shows the set-up of the butterfly structures shown in figure 32 [115]. XA, XB are the
incoming voltages in the butterfly diagram, YA, YB are the outgoing voltages. I and Q differential
voltages represent the complex values of the signal. Transconductances Gm and linear adders Σ are
shown for multiplicative and additive purposes. The transconductances change the magnitude of
the signal with the coefficients C0, Cc, Cs and converts it into a current signal. The adders include
a transresistance that converts the signal back to a voltage signal. Phase shifters (PS) are used at

Figure 32: A circuit design of a CMOS FFT processor. In this design, the incoming signal is —
unlike in the analysed LOFAR pipeline — not yet parallel. For parallelisation, SHAs are used
combined with a clock divider. The same steps are used to make the outgoing signal serial again.
In between, the FFT SFG is shown with butterfly structures. These butterfly structures are shown
in more detail in figure 33. Figure taken from [112].
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Figure 33: Schematic showing the set-up of the the butterfly structures from figure 32. Transcon-
ductances Gm and current adders Σ are used for multiplicative and additive operations, which are
more thoroughly analysed in figures 43 and 44 in App. A. PS indicates an applied phase shift,
tuned to 90◦, 180◦, 270◦ or 0◦. Figure taken from [115].

90◦, 180◦, 270◦ or 0◦ angles, which is implemented as an equivalent multiplication by j, -1, -j and 1
respectively. Since the twiddle factors for FFTs of N≥8 have intermediate values that are not equal
to 90◦ phase shifts, these PS components are not sufficient to fill the purpose of the multiplicative
twiddle factors. Consequently, the transconductance values Gmc and Gms are introduced. The c
and s subscripts represent the cos and sin terms to multiply with Gm0 to represent the real and
imaginary values, respectively. Then:

Gmc =Gm0 · cos(
2kπ

NFFT
)

Gms =Gm0 · sin(
2kπ

NFFT
)

It must also be stated that the inputs for the FFT come from one antenna, which holds true for
every FFT. Therefore, the inputs to the FFT are real valued and consequently, the FFT outputs
are symmetrically valued. As a result, half of the results can be ignored as the outputs do not need
to be counted twice.

[112] mentions an 11-25 mW power consumption for the 8-point analogue FFT. [114] built upon
the above architecture, creating a 256 point FFT with 614.4 mW power consumption for a sample
rate at 2 GS/s, which is slightly higher than the maximum LOFAR throughput of 3 Gb/s or 0.75
GS/s [116]. However, since the reference power consumption is based on complex incoming values,
the power consumption might be slightly overestimated for comparison to the LOFAR system. The
SNDR for the 256 point FFT is 38 dB, which is similar to the 36 dB found in the original paper by
Lehne et al [112]. Within the LOFAR pipeline 512-point FFTs are needed, which would amount to
a power consumption on the order of 1 W for each FFT.

4.1.3 Analogue Beamformers

The analogue beamformer is a component that already has a use case within the receiver signal
processing pipeline in LOFAR. Therefore, it is more or less trivial that it is indeed possible to
implement analogue beamformers at the end of this part of the pipeline as well. One example of a
beamforming scheme is shown in figure 34 [117]. Here, a delay and sum architecture is used by the
use of capacitors C and transistors M. The capacitors act as memory storage. This scheme was
used to realise a 16 channel analogue beamformer and it was able to reach a power consumption of
16.2mW. This is significantly smaller than the number of channels needed in the LOFAR pipeline,
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Figure 34: Scheme for an analogue beamformer where C is a capacitor and M is a core transistor.
Figure taken from [117].

but research for large beamformers of around 144 channels is not readily available. If the assumption
is made that power scales linearly with the number of channels, the total power consumption for
one beamformer in LOFAR would be 145.8mW.

Figure 35 shows a schematic overview that indicates what the LOFAR receiver signal processing
pipeline looks like with the implementation of the aforementioned analogue PPF and beamformer
components. There are 144 receivers in a Dutch LOFAR station, each with 512 FIR filters, which
then give their output into a size-512 FFT filter. The 512 outputs of each FFT lead to a different
beamformer, those beamformers acquire one input from each receiver. The multiplicative factors,
additive factors, phase shifters, etc. in this figure can be implemented in ways described in the
Sections 4.1.1, 4.1.2 and 4.1.3.
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Figure 35: Pipeline schematic for the analogue LOFAR receiver signal processing pipeline. The FIR
filters, FFTs and beamformers can be implemented by use of components exemplified in Sections
4.1.1, 4.1.2 and 4.1.3.
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4.2 Neuromorphic LOFAR pipeline

Having seen the possible implementations of analogue components in the LOFAR receiver signal
processing pipeline, further analysis will be done in this subsection on the application of neuromorphic
components.

4.2.1 Neuromorphic FIR

As seen in figure 22, with the use of memristors, a crossbar can be made to replicate MVM
calculations. In the case of the FIR filter, the calculations are simpler due to the simple nature
of the device. There is only one multiplication for each signal coming out of the delay line. This
means that there is only a vector-vector multiplication (VVM), which is relatively short as well,
due to the fact that there are only 16 inputs in the FIR filters in LOFAR. As such, it is relatively
trivial to make a crossbar that satisfies the conditions for the neuromorphic FIR filter. While it has
never been shown before that this can be done well, the assumption here is that a FIR filter will be
possible if a more complex system can also be made by use of a crossbar. One such example is the
Fourier transform explained below (Section 4.2.2). Since the FIR filter has a delay line next to
the VVM, it is still necessary to implement such a delay line before inputting the crossbar. The
resulting schematic is shown in figure 36.

The energy consumption of the crossbar will be analysed in Section 4.2.2, but the FIR filter
also has the delay line component before it. [118] created an analogue delay line of 20 taps with a
power consumption of 90µW at sampling rate 40 MHz. This entails a slightly higher number of
taps than what is used in LOFAR, but it is still decently comparable. If the rough assumption is
made that power consumption scales linearly with the number of taps, the power consumption for
a 16-tap delay line is equal to 72µW .

4.2.2 Neuromorphic FT

The DFT has been used in many systems over the whole world, like in signal processing. For this
purpose, the DFT has been widely analysed to figure out any ways to make it as energy efficient as
possible. Besides the aforementioned FFT algorithm and the step to do this in an analogue CMOS
system, the DFT also lends itself to be used for a neuromorphic use case. Since the FFT cannot
be considered as a singular MVM, but rather as a multiplication of many smaller matrix-matrix
multiplications, the energy gain from a faster algorithm has to be discarded for the benefit of using
a memristor crossbar. This has been widely considered and later implemented[120][121].

Implementation of low power MVM crossbars has gotten a lot of attention, including in con-
densed matter physics and particle physics [15], and due to the Fourier transform’s importance the
DFT has also gotten widespread attention [16]. While the above examples analyse exact solutions
to the MVM by switching between the analogue and digital domains, examples also exist analysing

Figure 36: Schematic showing the setup of the neuromorphic FIR. First, a tapped analogue delay
line is used, then the taps feed into a 16 x 1 vector crossbar. Figure adapted from [119] [106].
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Figure 37: Schematic showing the setup of a crossbar, for example for the implementation of the
DFT. The incoming voltages on the left Vi move across the word lines WLi following Kirchhoff’s
laws at each junction with the bit lines BLj . At each memristive component, the voltage is
multiplied with the conductance following Ohm’s law. The resulting current values across each
column get added up to the output values V0. Figure taken from [119]

a full-analogue crossbar’s performance [122][119]. One such example of an analogue crossbar that is
utilised for doing DFT calculations is shown in figure 37 [121]. The horizontal word lines WL feed a
voltage Vi to the memristors at the junction with every vertical bit line BL. As explained in Section
3.1, through the use of Ohm’s law and Kirchhoff’s laws, the voltage values are multiplied with the
memristors’ conductance values to obtain current values, which within the BLs are summed to form
the outputs of the MVM. The outputs can be converted back to voltage values at the end of the BL
with the use of simple op-amp circuits [123]. For a DFT, the conductance values of the memristors
are equal to the twiddle factors found in the DFT matrix of figure 9. The implementation of
complex valued weights is non-trivial, as well as the addition of negative weights.

The DFT weights W and outputs X are all complex values, while the crossbar can only compute
real multiplications and additions. It is therefore necessary to divide the signals into real and
imaginary parts, as shown in figure 38. There are four groups of memristor crossbars, two for the
real part of the incoming signal Re(x) and two for the imaginary part of the incoming signal Im(x).
Each one of those groups has a crossbar representing the positive (W+) and one representing the
negative weights (W−). Since LOFAR FT inputs are real valued, half of these crossbars can be
removed. Just as before (Section 4.1.2), the outputs are symmetrical so half of them can can be
ignored once more. This leaves 2 crossbars, where the real inputs x are multiplied with the real
parts of the weights. Since one crossbar sums the negative values and the other sums positive
values, the two crossbars still need to be added together. The values coming out of the negatively
valued crossbar are positive, so subtraction of the two crossbars is necessary. This means that
column k of the first crossbar gets subtracted with column k of the other crossbar before being sent
on to the beamformer, for all columns k. As the weights are either positive or negative, if there are
an M number of weights in a crossbar, there will be M zeroes across the two crossbars. This would
mean an infinite resistance, but that is impossible. Instead, the memristor should hold the highest
possible resistance so that the conductance approximates 0. Alternatively, it can be possible to
put any material with very high resistance (e.g. an insulator) in the memristor’s place, as these
components do not need to be tuned, which can cut down on costs both in terms of resource use
and capital expense. It may also be possible to make the negatively weighted crossbar one row and
column smaller, since the first row and columns only consist of positive weights. This may not be a
relevant way to reduce complexity or energy consumption, but in the eye of unnecessary resource
use, this may be interesting.
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Figure 38: The setup for DFT crossbars. Since the DFT deals with complex numbers, the setup
has to be changed to allow for separate real and imaginary inputs, weights and outputs. Since
conductance values can only take positive real values, there are 8 necessary crossbars to compute
the whole DFT. Since the incoming signal in LOFAR is real and only the real part of the output is
relevant, two crossbars are enough for the DFT in LOFAR. Figure taken from [121].

This crossbar system has been implemented for 512 x 512 DFTs, with energy efficiency mea-
surements showing a 55x improvement and latency measurements showing a 5.6x improvement
compared to a CMOS FFT module [121][119]. Compared to the earlier found data for analogue
FFTs, this is even a roughly 1000x improvement in power consumption. The power consumption is
set at 1.12mW, the data throughput is not mentioned. However, these calculations assume the
utilisation of all 8 crossbars, which are 6 more than necessary in the LOFAR pipeline. There-
fore, the rough assumption can be made of a 4x further decrease in power consumption to reach
0.28mW. Measurements were also done on how the accuracy was affected by process variations in
the memristive crossbar. Ideally, following Kirchhoff’s laws, the output of the system should be
perfectly accurate, assuming the conductance values correspond to their theoretical values perfectly.
However, the process variations mean memristors have imperfect values after manufacturing, so
programming the weight values into the memristor will be inaccurate [124]. Hence, inaccuracy of
the result of a DFT memristor was calculated for different intensities of process variations. It has
been done via a uniform variation distribution, with the maximum variation at 5% and 10%. For
the maximum variation of 5%, it was found that the relative inaccuracy of the 512 x 512 DFT
memristor was 0.18% and for a maximum variation of 10%, the relative inaccuracy was found to be
0.3%. However, as the data is not openly available and precise details of how it was calculated are
not given, it is uncertain how accurate these numbers are precisely.

4.2.3 Neuromorphic Beamformer

Having seen the implementation of the neuromorphic DFT, a look can be shed on the relatively
simple beamformer. By the separation of the real and imaginary parts of the DFT, the imaginary
part of the output can be ignored. As such, the differences in phase for each of the DFT outputs
are gone and thus there is no longer a need for a beamformer. This step can be completely forgone.
However, for completeness’ sake, the implementation of such a neuromorphic beamformer will still
be shown. This may especially be interesting for possible use cases where the incoming signal for
the DFT is complex, for example.

As seen in Section 2.5 (equation 9), the beamformer can also be considered as a VVM with the
incoming vector being values from the DFT and the weight vector consisting of complex exponentials.
Once more, a setup like figure 38 is necessary. Depending on the type of input (real or complex),
some crossbars may be removed. Since this is a VVM, this amounts to a maximum of 8 column
vectors. Figure 39 shows what one of these crossbars would look like. If there are other use cases,
whether that is at LOFAR or elsewhere, it is easily implementable and its power consumption will
be very low due to the fact that these crossbars are much smaller than the low-power DFTs. As
stated above however, there is no need for these beamformers and thus beamformers produce no
power consumption at all.

34



Figure 39: A schematic showing a possible way to implement a neuromorphic beamformer. While
the weights of the beamformer are complex exponentials, this figure simply shows one vector-like
crossbar. Figure 38 shows how it is possible to implement complex weights. For LOFAR’s receiver
end processing purposes, this beamforming crossbar is superfluous. Figure adapted from [119]

Figure 40 shows a schematic overview that indicates what the LOFAR receiver signal processing
pipeline looks like with the implementation of the neuromorphic components. There are 144
receivers in a Dutch LOFAR station, each with 512 FIR filters, which then give their output into
a size-512 DFT filter. The outputs of the DFTs do not lead to beamformers, as that is made
redundant by how the system is designed. Apart from the delay lines, all components are made by
use of memristive crossbars.
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Figure 40: Schematic of the LOFAR receiver-end signal processing pipeline in the neuromorphic
paradigm.
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4.3 Energy calculations

Currently, each of LOFAR’s uniboards use 4 FPGA units, each of which uses a maximum of 350W
and an estimated 250W on average[125]. There are 6 uniboards in each Dutch LOFAR station,
leading to an estimated power consumption of 6000 W.

To compare with the current FPGA setup at LOFAR, power consumption extrapolation was
done from the data collected in Section 4.2.2. This was done by calculating the amount of operations
done in total in a station and multiplying that with the power consumption of the neuromorphic
DFT. The DFTs are the easiest, as there are 144 receivers in a Dutch station and thus 144 DFTs,
with 1 DFT estimated to have a power consumption of 0.28 mW. Then simply, there is a total DFT
power consumption of 144 · 0.28 = 40.32 mW.

For the FIR filters, this is a bit more complex. Namely, the shape of the crossbars are very
different, there are no zeroes and the delay line also needs to be taken into account. There are 512
FIR filters per receiver, with 144 receivers and a 16 x 1 column vector size. If the total amount of
operations are compared, it is found to be equal to 4.5 crossbars with size 512 x 512. The DFT uses
2 crossbars that are size 512 x 512, so all FIR filter crossbars combined have a power consumption
of 2.25 · 0.28 = 0.63 mW.

As stated in Section 4.2.1, there is also an approximate 72 µW for every FIR filter delay line.
With a total amount of 512 · 144 = 73, 728 FIR filters, this amounts to a power consumption of 5.3
W. The total the power consumption of the neuromorphic LOFAR pipeline is still 5.3W, because
the crossbars consume an insignificant amount of power compared to the delay lines. However, this
is a very high number, especially considering the fact that the analogue FIR filter from Section 4.1.1
consumed 45µW , which includes a 16-tap delay line, but also the weights and summations that come
after. As such, the assumption is that this delay line power consumption is overestimated or outdated.

If the comparison is made with the regular analogue system, similar calculations can be made
to find the total power consumption in a Dutch LOFAR station by use of the data found in Section
4.1. Firstly, the estimated power consumption of an analogue FIR filter is 45µW . A Dutch LOFAR
station has 144 · 512 = 73, 728 FIR filters, so the total power consumption is equal to 3.3 W. This
is already energetically cheaper than the neuromorphic FIR filter delay lines, which supports the
suspicion that the delay line power consumption is overestimated.

The analogue FFT power consumption has been estimated to be circa 1 W. With 144 FFTs in
a station, this leads to 144 W for analogue FFT power consumption.

One beamformer in LOFAR has been estimated to be 145.8 mW. If extrapolated to a full Dutch
LOFAR station, this means that the total analogue beamformer power consumption is equal to 21
W.

Table 3 shows a full overview of power consumption, including the current FPGA architecture,
the regular analogue setup and the neuromorphic architecture.

Since the neuromorphic power consumption is a rough estimate, another kind of calculation
is also considered. This is a direct calculation done by extrapolating data from the HERMES
core [91]. This was previously used in literature for calculations with a 512 x 512 crossbar in
an architecture going from the digital domain to the analogue domain [15]. The found power
consumption was 0.13W with a 1 GHz operation frequency. This includes all the periphery, like a
DAC and ADC. As such, the power consumption of the crossbar itself is even lower. By assuming

Table 3: The energy comparison of the current LOFAR setup, the analogue alternative and the
neuromorphic alternative. All data is for a full station of 144 antennas, which is accurate for all
Dutch stations. The total power consumption of neuromorphic processing is shown as a range of
values. The lower bound of the neuromorphic total is calculated without delay lines and the upper
bound is with the delay line power consumption. The value of the neuromorphic beamformer is 0
W, because in the neuromorphic architecture, there is no need for a beamformer.

Pipeline element Current FPGA setup Analogue Neuromorphic
FIR N/A 3.3 W 5.3 W
FIR excluding delay lines N/A N/A 0.63 mW
FT N/A 144 W 40.32 mW
BF N/A 21 W 0 W
Total 6000 W 168 W 40.95 mW - 5.3 W
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Figure 41: The energy comparison between the current FPGA setup, the analogue alternative and
the proposed neuromorphic paradigm. Analogue implementation is circa an order of magnitude
lower in energy intensity and a power consumption decrease 4± 1 orders of magnitude is possible
for the neuromorphic system. There is a large uncertainty in the latter system, with the upper
limit chosen at 5.3, corresponding to the neuromorphic system that includes the delay lines at the
reported energy values.

power consumption goes up linearly as data throughput is increased and correcting for the ADC
and DAC, the extrapolated power consumption in LOFAR would be equal to 96.53mW for the
crossbars. This means that the crossbars in this rough second estimate would be 2.3x more energy
intensive than the previously found numbers excluding delay lines. It is more uncertain, but the
power consumption of the crossbars are still much lower than the values found for the analogue
delay lines.

Figure 41 shows the energy comparison between the current FPGA setup, the analogue setup
and the proposed neuromorphic setup. The analogue system has a power consumption that is one
order of magnitude lower than the FPGA setup. In the neuromorphic setup, it can be seen that
there is a reduction of 4 ± 1 orders of magnitude in energy consumption in the neuromorphic domain
compared to the current FPGA setup. There is a high uncertainty attributed to the delay lines,
leading to an upper limit of 5.3 W. The uncertainty shown for the analogue case is based on the fact
that the main contributor to the power consumption — the FFT — has data retrieved from literature
with the FT in a similar environment to the one required in LOFAR, hence it is not highly uncertain.

Next to the energy consumption of neuromorphic hardware, the size and amount of chips are
also relevant factors for the implementation of neuromorphic hardware. IBM has presented their
state-of-the-art IMC 256 x 256 core, fitting 64 of them onto a chip with a 4µm pitch [91][126]. If
the same materials were used, with the same chip size, the number of chips needed for a Dutch
LOFAR station can be extrapolated from the sizes and amounts of crossbars that are needed. Since
DFTs consist of two 512 x 512 crossbars and there being 144 DFTs in a Dutch LOFAR station,
that equates to 18 chips. There are also 512 · 144 FIR filters of size 16 x 1, which — in total size —
equates to 18 crossbars of size 256 x 256. In other words, all FIR filters combined would take up
28% of a chip. In total, using the IBM chip as the example, LOFAR may need 19 chips in total.

4.4 Arbitrary precision

Analogue — and by extension, neuromorphic — circuits generally have difficulties regarding accu-
racy and precision. On top of that come the NVM devices’ precision issues presented in Section 3.3,
leading to an overall question whether the proposed architecture has sufficient accuracy. However,
a circuit architecture with combined ADCs has been presented that allowed analogue devices to do
high-precision computing [105]. This architecture is shown in figure 42a. Here, crossbars are shown
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Figure 42: a) Arbitrary precision circuit for neuromorphic systems with joint ADCs. b) Example of
programming a desired output A=1 with weighted parallel crossbars Ai. Figure taken from [105].

that work the same as previously explained, but now they are laid parallel to multiple identical
crossbars. These parallel crossbars compensate for errors coming from the initial crossbar. One
simple example can be given for when the output of a column is supposed to be 1, shown in figure
42b as R0 = A = 1. The initial crossbar is then programmed to have conductance values that
lead to an output of 1, but an error of 10% means that the output is actually 0.9 instead. To
compensate, a second crossbar is added that once more is programmed to lead to an output of 1.
To not overshoot the target value when the two crossbar outputs are summed, the resistance Rf is
altered so the second crossbar is weighted by a factor of 0.1. Once again, the second crossbar may
have a 10% error, leading to an output value of 0.9 and a total output of 0.99. Then this cycle
can be repeated with a third crossbar and even more if necessary, up to an arbitrary precision. It
does not matter if a crossbar’s error leads to an output value higher than 1, since that can also be
corrected by subtracting it with the next crossbar’s output. Though this is a simplified example, an
extensive algorithm is given following this principle for any complex crossbar, leading to arbitrary
precision for neuromorphic computations.
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5 Discussion

This study aimed to find whether a shift towards a neuromorphic domain would be a feasible
solution to significantly reduce the energy output. The results have shown a decrease in power
consumption of 4 ± 1 orders of magnitude for the implementation of neuromorphic front end
processing. Next to the significant energy mitigation, there is consequently less strain on cooling
mechanisms. This is a first order estimate, however, so there is a significant uncertainty in this
calculation. Mainly, the power consumption from the delay lines was imprecise, while it in the
most extreme case would account for more than 99% of the total system. Due to the variance in
power values, more research would have to be done to more accurately define the system’s power
consumption. Alternatively, new architectures can be made that use less separate delay lines or other
circuit components that are less energy intensive in the LOFAR pipeline. Overall the calculations
were based on literature, where the specifications are different than the ones needed in LOFAR.
The actual power consumption will be different as a result, which may only be known by doing
experimental research. Finally, the NVM devices are still in its developmental stages. Their perfor-
mances may yet improve greatly, meaning that the state-of-the-art may be much different in a decade.

While not needed for the proposed architecture, it has been shown that the beamformer can
also be made using neuromorphic components. Even if it does not prove useful for LOFAR, it may
be relevant for other radio-astronomical use cases or other use cases where radars are needed like in
the defence industry. It is important to note, however, that such systems need tunability at a high
frequency. It has been shown that the write time for NVM devices is in the ns range (table 2), so it
has to be analysed how many read-write cycles are necessary to reach significant accuracy for any
specific use case. Furthermore, the endurance of the NVM devices need to be taken into account.
Currently, endurances go up to 106 read-write cycles for RRAM, which would last approximately 1
year if there is 1 read-write cycle every minute. For most systems this endurance is much too low,
especially when higher frequencies of read-write cycles are needed. Though, the endurance can be
significantly higher depending on which NVM device is used and it may also improve in the coming
decades. It is furthermore necessary to have low read voltages. For example, in PCM a maximum
read voltage is in the order of 0.1 V to prevent Joule heating. It has to be analysed whether this is
feasible for the LOFAR system.

With the shift toward the analogue domain, there is a clear relevance of noise levels in the
system (see also Section 3.3). Consequently, it needs to be thoroughly analysed whether the signal
can be accurate enough for LOFAR’s analysis purposes. For neuromorphic devices especially, the
effect of a constant analogue current for extended periods of time is unknown. In part this may
increase noise even more, but heating may also be relevant. For this latter point, small heating
fans can be employed. If accuracy proves to be a significant issue, one possible solution is given
in Section 4.4. However, due to the necessity of multiple parallel crossbars for this technique, the
total power consumption scales with the number of parallel crossbars too. Furthermore, the latency
will increase significantly by using this technique, while that should be one of the improvements of
using neuromorphic hardware.

In principle, if the delay lines are ignored, the DFT is the major power consuming component
within the front-end processing pipeline. Here it was opted for a DFT rather than an FFT de-
spite its theoretically higher energy intensity, for the purposes of applicability of NVM devices.
However, it may yet be possible to do an FFT as well using neuromorphic components, with the
use of clever techniques [127]. However, the implementation of such an architecture may add
unwanted energy costs in transport. If in the future neuromorphic components are implemented
in the CEP in Groningen, once more the FT can be done cheaper energetically. However, one
big point of power consumption of the inverse FFT (IFFT) comes from the necessary equally
spaced grid [128]. The added costs that make sure there is indeed functionally an equally spaced
grid may not be worth the avoided costs of a neuromorphic IFFT compared to a neuromorphic IDFT.

For steps towards the future, it may be interesting to also test the implementation of the digital
neuromorphic domain. This would include energy intensive DACs and ADCs, but is more accurate.
Furthermore, this paradigm would allow for cheap transport and computing over long distances,
which means that processing steps in the CEP in Groningen may also be done with neuromorphic
elements. Alternatively, if work on neuromorphic computing in the analogue domain yields positive
results, it may be possible to do initial computing steps as such and additional neuromorphic
processing in the CEP in Groningen in the digital domain.
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It may also be possible to look into photonics or other alternatives that may be similarly
energetically cheap. One example would be photonic beamformers [129].

6 Conclusion

In this thesis, the implementations of analogue and neuromorphic architectures for front-end
processing in LOFAR were analysed, with a focus on the neuromorphic paradigm. It has been
shown that the energy intensity decreases by 4 ± 1 orders of magnitude for the neuromorphic
implementations, with the delay lines of the FIR being the major contributor to the power
consumption. Further research still needs to be done to more accurately conclude the total power
consumption, as well as for testing the noise levels that are paired with going into the analogue
domain. Together with the knowledge gathered in this thesis, this will provide a new, energetically
cheap way to do front-end processing in radio astronomy.
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7 Appendices

Here, additional information is given to expand on the results section.

7.1 Appendix A. Analogue pipeline

Within the analogue FIR, there is a necessity for multipliers and summations. [112] gives these in
the form of transconductances and linear adders as shown in figures 43 and 44, respectively.

Figure 43: The coefficient multiplier circuit based on a
linear transconductor. Image taken from [112].

Figure 44: A linear adder used for imple-
mentation of the FFT shown in figure 32.
Image taken from [112].

Figure 43 shows an coefficient multiplier circuit based on a linear transconductor, which is
a device that performs voltage-to-current conversion [130]. This can fix issues with preserving
the parameter that is being observed. For example, if the measured quantity from the FIR
filter into the FFT is current, but the FFT is only feasible by using voltage to represent the
coefficients of the matrices, then the transconductor can convert that voltage to the form of a cur-
rent value. The transconductance multipliers can be made in the form of many MOS structures [131].

Figure 44 shows a linear adder, which can be used for implementation of an analogue FFT.
This linear adder — proposed in [112] — works as a transresistor. This means that, similar to the
multiplier, multiple differential current signals are summed to reach a single differential voltage as
its output.
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