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a b s t r a c t

Self-Organizing Maps (SOMs) are extensively used for data clustering and dimensionality reduction.
However, if applications are to fully benefit from SOM based techniques, high-speed processing is
demanding, given that data tends to be both highly dimensional and yet ‘‘big’’. Hence, a fully parallel
architecture for the SOM is introduced to optimize the system’s data processing time. Unlike most
literature approaches, the architecture proposed here does not contain sequential steps — a common
limiting factor for processing speed. The architecture was validated on FPGA and evaluated concerning
hardware throughput and the use of resources. Comparisons to the state of the art show a speedup
of 8.91× over a partially serial implementation, using less than 15% of hardware resources available.
Thus, the method proposed here points to a hardware architecture that will not be obsolete quickly.

© 2021 Elsevier Ltd. All rights reserved.
1. Introduction

The volume of digital data produced and processed in the
edical, telecommunications, image and video processing
omains has increased considerably in recent years (Lachmair,
ieth, Griessl, Hagemeyer, & Porrmann, 2017). According to Kose-

eva and Ropaite (2017) and Yaqoob et al. (2016), analyzing
ubstantial amounts of data to extract information has become an
ssential process in a variety of applications. However, meeting
rocessing time requirements for applications where massive
ata sets need to be analyzed in real-time or near-real-time is
hallenging (Ayani, Moulaei, Khanehsari, Jahanbakhsh, & Sadeghi,
019; Khalifa & Bedoui, 2019).
One way to overcome the data processing time challenges is

o adopt data mining solutions that use parallel architectures.
arallel execution allows different sections of a system to process
ifferent subsets of data concurrently (Hussain, Benkrid, Erdo-
an, & Seker, 2011). Moreover, hardware designs combined with
arallelization techniques appear to be good candidates for appli-
ations that demand high-speed processing, outperforming their
ounterparts based on sequential solutions; several examples are
ffered in Ben Khalifa, Blaiech, and Bedoui (2019), Choi and So
2014), Hikawa (2019), Hussain et al. (2011) and de Sousa, Pires,
nd Del-Moral-Hernandez (2020), where hardware architectures
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compute in parallel the neuron weights updating process, or the
distance between a multi-bit input data point and all the neurons.

Self-organizing Maps (SOMs) have high flexibility for paral-
lelization and, thus, enhancing the throughput of applications, as
reported in Ben Khalifa et al. (2019), Hikawa (2019), Saraswati,
Nguyen, Hagenbuchner, and Tsoi (2018) and de Sousa et al.
(2020). These works compute the distances of an input data point
to all neuron in the map, simultaneously. Alongside the high-
throughput reached compared to conventional techniques, these
implementations usually also benefit from low-power
consumption (de Sousa et al., 2020). More recently, embedded
applications of SOMs are increasingly desirable as there is an
increasing need for embedded neural networks in fields such
as robotics and Internet of Things, as presented in Araujo and
Santana (2014), Merolla et al. (2014) and Rast et al. (2011). Fur-
thermore, embedded SOM implementations deployed in a local
environment have also been proposed, supporting edge comput-
ing implementations by reducing the systems latency (Rodríguez
et al., 2019).

In this paper, we present a fully parallel SOM hardware ar-
chitecture, optimized for high-throughput, by reducing the SOM
data processing cycle. The proposed design is evaluated through
deployment on a Field-Programmable Gate Array (FPGA). FPGAs
can support a high hardware parallelization and, therefore, higher
performance (throughput) in contrast to sequential systems (Dias,
Ferreira, & Fernandes, 2020; Tirumalai, Ricks, & Woodbury, 2007).
Our approach is entirely parallel and developed with the Gaussian
Neighborhood Function (GNF), resulting in a small error con-
cerning the quality of clusters (Kolasa, Długosz, Pedrycz, & Szulc,

2012). Thus, this paper’s main contributions are:
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• A complete, fully parallel hardware implementation without
additional embedded processors or software;
• A scalable design using the GNF;
• A reproducible work through a complete description of each

implemented module;
• A thorough speed and hardware resources analysis based on

the post-synthesis results for reconfigurable hardware;

The results show that the architecture proposed here has gen-
eral applicability to contexts where large data volumes must be
processed under stringent time restrictions.

The next subsection presents an overview of the most relevant
related works.

1.1. Related works

Several SOM hardware architectures developed on FPGAs have
been published over the past few years and are briefly described
here (Hikawa & Kaida, 2015).

In Khalifa and Bedoui (2019), a parallel architecture of SOM is
presented. It was developed based on a 5 × 5 lattice of Neuron
Processors (NPs), implemented as systolic arrays responsible for
performing the distance metric and updating its neurons. The sys-
tolic arrays sequentially process the data dimensions, achieving
2,614M Connections Updated Per Second (CUPS). However, the
sequential processing schemes considerably affect the throughput
as a result of the high-dimensionality data.

In de Sousa et al. (2020) is presented another parallel ar-
chitecture on FPGA, called SOMProcessor. To lessen the hard-
ware resources needed in the design, the circuits operate in
‘‘blocks’’ rather than a complete parallel scheme. A processing
speed of 37,620MCUPS was obtained for a 10 × 10 SOM. How-
ever, sequential processing is a limiting factor for processing
speed.

Similar to Khalifa and Bedoui (2019), the design proposed
by de Sousa and Del-Moral-Hernandez (2017) also devised a
distributed system of NPs. The Best Matching Unit (BMU) is
determined by distributing the neurons’ distance values until it
reaches the global minimum. To accomplish that, each NP has
a module to compute a local minimum distance regarding the
four NPs in its neighborhood. Therefore, starting from the top-
left side of the map, the local minimum distances are sent to
the next NP to verify the next local minimum distance until it
reaches the global minimum at the map’s bottom-right side. Un-
like most architectures, this proposal does not need a control unit
to synchronize circuits operation, reducing the resources needed
in the hardware, and it achieved 113.25MCUPS for a 5 × 5 SOM.
onetheless, the throughput is significantly slower, as opposed to
ther architectures in the literature, mostly because of sequential
chemes.
In Hikawa (2019), a nested architecture is proposed. Every

odule is composed of submodules, where the smallest sub-
odule represents one neuron. The nested strategy was adopted

o decrease the hardware resources utilized. Unlike most pro-
osals, the authors developed a dedicated circuit for obtaining
he BMU instead of embedding directly inside of NPs, reaching
3,021MCUPs for a 16 × 16 SOM.
In Lachmair et al. (2017), the algorithm was developed in three

ifferent platforms: Graphics Processing Unit (GPU), FPGA, and a
entral Processing Unit (CPU). The SOM is sequentially performed
or the CPU while a parallel scheme is chosen for the remainder,
hrough multi-threads in the GPU and processing elements on
PGA. Despite this, the searching process for the BMU is per-
ormed sequentially on all platforms. The FPGA achieved the best
erformance, being 220× faster compared to the CPU, for exam-

le, with an energy efficiency of 28× higher. However, several x
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FPGAs are required for the neuron map, and one is dedicated
to synchronizing the others, making the design expensive and
limiting the speed as a result of the communication between
them.

In Cardarilli, Di Nunzio, Fazzolari, Re, and Spanó (2019), a
5 × 5 SOM architecture is proposed without a circuit for finding
the BMU. Therefore, when the input data is close enough to a
BMU, its coordinates are considered instead of neuron ones. As
a consequence, 7,263MCUPS was achieved. However, for a good
quality of the clusters, a high number of iterations is required.

Another FPGA approach was designed by Shao, Du, and Wang
(2018), with a 4 × 4 lattice, utilizing a parallel approach for
obtaining the distance metric while the remaining steps are se-
quentially processed. This proposal reached a network latency of
250 µs, 7× faster than the software implementation. However,
in a hybrid architecture, sequential and parallel schemes in the
same design can limit processing speed over time.

Other SOM hardware designs were proposed by Kolasa et al.
(2012) and Tanaka and Tamukoh (2019) for different settings
with sequential schemes in the architecture. It was achieved
a speedup of 2,796MCUPS and 2,500MCUPS, respectively, com-
pared to software implementations. However, as the volume of
data is continuously growing, sequentially processing architec-
tures will become rapidly obsolete.

Therefore, the body of literature reviewed shows that hard-
ware implementations are better suited for high-throughput re-
garding traditional systems. Nevertheless, most approaches are
devised with sequential schemes, usually for processing data
dimensions, narrowing the throughput for high-dimensional data
when compared to fully parallel implementation. Besides, the
Negative Power of Two Neighborhood Function (NPTNF) is com-
monly adopted instead of GNF to lower hardware resources.
However, its effect on increasing the clustering error is not neces-
sarily considered (Haykin et al., 2009; Kolasa et al., 2012; de Sousa
et al., 2020).

Our proposal can preserve the high-throughput equally for
high-dimensional data. Besides, the GNF is implemented, enhanc-
ing the quality of clusters. Furthermore, the fully parallel method
is less likely to become rapidly obsolete as it does not have
sequential schemes, a bottleneck for processing speed.

2. Self-Organizing Map (SOM)

The SOM is a neural network with unsupervised learning and
no hidden layers, in which the neurons are interconnected and
iteratively reshaped towards the input data distribution (Musci,
Parigi, Cantoni, & Piastra, 2020; Vesanto & Alhoniemi, 2000).
Among its common applications are data clustering, visualization
and dimensionality reduction (Chen, Chen, Ma, & Chen, 2019;
Dias, Coutinho, Gaura, & Fernandes, 2020; Haykin et al., 2009;
Nathan & Lary, 2019).

The Algorithm 1 presents the SOM pseudocode. A SOM can be
characterized as a lattice of K neurons described by its weights,
wk,D. These, in turn, are described as

wk,D[m](n) = [wk,1[m](n), wk,2[m](n), . . . , wk,D[m](n)]
∀k, 1 ≤ k ≤ K

(1)

here D and m are the dimensions and bits, respectively, while
is the iteration, wherein n = 1, 2, . . . ,N .
As can be seen in line 1 of Algorithm 1, it begins by randomly

nitializing the weights of each kth neuron, featuring the initializa-
ion process (Haykin et al., 2009). Besides, as shown in line 2, the
earning phase of the algorithm ends after a predefined number
f N iterations.
Secondly, for each input data point of D dimensions,
j,D[m]∀j, 1 ≤ j ≤ J , the algorithm computes the distance
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Algorithm 1 SOM pseudocode
1: Randomly initialize each kth neuron weights, wk,D;
2: while n ≤ N do
3: for j← 1 to J do
4: for k← 1 to K do
5: Compute dk(xj,D[m], wk,D[m])(n) according to

Eq. (2);
6: end for
7: Discover the BMU conform Eq. (3);
8: for k← 1 to K do
9: Update wk,D[m](n) according to Eq. (4);
0: end for
1: end for
2: n← n+ 1;
3: end while

regarding all K neurons and finds the nearest one, known as Best
Matching Unit (BMU), as detailed from lines 4 to 7, featuring
the competition process. Hence, the distance metric is described
s (Patel & Thakral, 2016):

k(xj,D[m], wk,D[m]) =
D∑

i=1

∥(xj,i[m] − wk,i[m])z∥1/z (2)

where z = 1 defines Manhattan distance and z = 2 Euclidean.
Therefore, the BMU is the one that resulted in the lowest distance
value, as following:

BMU = argmin
k
∥dk∥,∀k, 1 ≤ k ≤ K . (3)

Finally, as shown in line 9, the neurons weights are updated
featuring the synaptic adaptation process. Therefore, the weights
of BMU and neurons in its neighborhood are updated as follows:

wk[m](n+ 1) = wk[m](n)+ η[m](n)× hk,c[m](n)
× (xj[m](n)− wk[m](n)),

(4)

η[m](n) = η0 exp
(
−

n
N

)
, (5)

where hk,c[m](n) represents the GNF and η[m](n) the learning
parameter. In addition, as can be seen in Eq. (5), η[m](n) decreases
hilst the iterations (n) increases. The GNF is performed by the
aussian function (Haykin et al., 2009; Hikawa, 2019; Lachmair
t al., 2017; Tisan & Cirstea, 2013), and, similarly to the learn-
ng parameter, its size also decreases, based on the following
quations:

k,c[m](n) = exp
(
−
∥rk − rc∥2[m](n)

2σ 2[m](n)

)
, (6)

σ [m](n) = σ0 exp
(
−

n
N

)
, (7)

where rk and rc denote the coordinates of a kth neuron and the
MU, respectively, and σ0 is the initial value of the GNF size.
Many hardware architectures were designed to lessen the re-

ources needed, selecting Manhattan as the distance metric, while
he neighborhood is implemented with the NPTNF instead of GNF.
owever, the impact on the quality of clusters is not analyzed.
herefore, our architecture employs the Gaussian function for
aintaining the quality of clusters and yet hardware scalability.

. Implementation description

Our proposed SOM was developed using a fully parallel
rchitecture that benefits from the resources available in
820
Fig. 1. Block diagram representing the general hardware architecture and its
main modules.

the FPGA, in a similar fashion to Dias et al. (2020) and
Nedjah and de Macedo Mourelle (2007).

The algorithmic flow path for this strategy is organized in
three main modules, as shown in Fig. 1, representing the steps
of the SOM, namely: the Neuron Block (NB); the BMU Finder
(BMUF); and the Learning Memory (LM). The NB modules are
responsible for performing the calculations of the competition
nd synaptic adaption processes of the algorithm, while the BMUF
eeks the BMU coordinates. The LM module assists the NB mod-
les in updating their neurons weights by providing the learning
nd neighborhood parameters.
A bidimensional lattice establishes the SOM proposed here,

hich is constituted of K neurons that are interpreted by the
NB modules. Each neuron’s lattice is determined by its line and
column coordinates, i.e., P and Q , respectively. Therefore, the
location of a kth NB module in the lattice is represented by NBk

P,Q .
Note that, to be fully implemented in parallel, the proposed

rchitecture is replicated. Thus, all K NBs operate individually
rocessing all data dimensions, xj,D[m], concurrently, i.e., at the
ame iteration. The BMUF and LM modules are not replicated,
ut their internal submodules also operate in parallel to boost
he throughput. Therefore, all the steps of the SOM are executed
n one iteration. The maximum number of NBs modules and data
imensions in the design is limited by the target FPGA’s hardware
esources.

The following subsections detail those modules shown in
ig. 1, and the implementations of their submodules.

.1. Neuron Block (NB)

This module performs Eqs. (2), (4) and (6). Therefore, its
ubmodules were designed to calculate the distances, i.e., the
istance of a neuron regarding the input data and neuron neigh-
orhood; it also updates the neuron weights in the respective
B.
Fig. 2 shows the submodules used to design one NB mod-

le, which are: subtractors (St−k), absolute (∥Mod∥k), multipliers
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Fig. 2. Submodules that constitute one Neuron Block module, NBk
P,Q . (For interpretation of the references to color in this figure legend, the reader is referred to the

eb version of this article.)
m

S
R

DSP×k), registers (Regk), adders (Addr+k), delay (Z−1), converter
G×) and memory (Mk

exp). The registers Regk
coords and Regk

w,D store
he coordinates and weights, respectively, of a neuron. An Ether-
et Gbit cable is used to load the initial values in the registers,
eaturing the initialization process of the algorithm.

The competition process is executed in two steps: computing
he distance metric and finding the smallest, as presented in
lgorithm 1. The Manhattan distance was adopted due to the
omplexity of Euclidean (Dias et al., 2020), and it is performed
y the submodules painted in blue, shown in Fig. 2. Thereby, the
ubmodule St−k

dist,D perform the subtraction between the weights
nd input data, that is, xj,D[m](n) − wk,D[m](n), and, thereafter,
Mod∥kdist,D submodule outputs the absolute value (∥xj,D[m](n) −
k,D[m](n)∥). The latter is then summed on Addr+k

dist submodule,
hich outputs the distance, dk(n). Note that these submodules
re duplicated, allowing the processing of all D dimensions in
nly one nth iteration. Afterward, dk(n) is sent to BMUF module,
long with the P and Q neuron coordinates, as displayed in
ig. 1. The competition process ends when the BMUF feedback the
MU coordinates, which represents the nearest neuron to input
ata and are described as BMUP [m] and BMUQ [m], to all kth NB
odule.
Following on, the SOM synaptic adaptation process is per-

ormed, allowing the SOM to assume a topographic relationship
ith the input data. Hence, it starts by obtaining the GNF, de-
cribed in Eq. (6). To implement that equation on hardware, its
erms were separated and rewritten as:

k,c[m](n) = exp
(
−

(
∥rk − rc∥2[m](n)× β[m](n)

))
, (8)

nd

[m](n) =
1

2σ 2[m](n)
(9)

where β[m](n) is the neighborhood intensity of adjustment based
in the function size defined in Eq. (7).

Therefore, hk,c[m](n) is performed in two steps. The submod-
ules for performing each step is painted in green and orange,
respectively, as shown in Fig. 2. In the first step, it is calculated
the square of the distance of a kth neuron regarding the BMU,
i.e., ∥rk − rc∥2[m](n). Thus, the submodules St−k

P and St−k
Q sub-

tracts the BMUP [m](n) and BMUQ [m](n) from the P and Q neuron
oordinates and, subsequently, ∥Mod∥kP and ∥Mod∥kQ output the
bsolute value, which are summed by Addr+k

coord. Lastly, the latter
utput is multiplied by itself in the DSP×k

coord.
In the second step, it is obtained vk[m](n) = ∥rk−rc∥2[m](n)×

β[m](n), in the DSP×k submodule, and, finally, h [m](n).
addr k,c
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β[m](n) is given by the LM module. Thereafter, the converter
submodule, G×, is used to convert vk[m](n) to an address of
the memory submodule, Mk

exp, which in turn stores the exp
function of Eq. (8). The G× submodule operates according to the
following:

G× =
2#bits

(∥max(P)−min(P)∥ + ∥max(Q )−min(Q )∥)2
(10)

where #bits is the depth in bits of the memory. Subsequently,
the memory submodule, Mk

exp, outputs hk,c[m](n). This memory
submodule is a Look-Up Table (LUT) that stores the exponential
function for a range of predefined distance values (0 to ∥max(P)−
in(P)∥ + ∥max(Q ) − min(Q )∥2) that comprises all possible

values that vk[m](n) can assume. Besides, the LUT size is defined
by the number of bits (2#bits) instead of the neurons and their
coordinates. Hence, all vk[m](n) values are linearly spaced in that
size.

Finally, Eq. (4) is performed through the submodules painted
in red, shown in Fig. 2. As you can see, xj,D[m]−wk,D[m] is delayed
in one iteration through Z−1D submodules, to synchronize the op-
eration with the memory submodule. Thereafter, it is multiplied
by hk,c[m](n) and η[m](n), on DSP×k

h,D and DSP×k
η,D submodules.

ubsequently, Addr+K
w,D adds it to the previous weight value in

egk
w,D.
Regardless of the equations, all data are described by m bits.

Thus, every NB module was designed in fixed-point, allowing the
user to optimize m as needed, also reducing the bit-width with
respect to floating-point designs. Thereby, the bit-width in the
output of submodules performing the distance metric (which are
painted in blue in Fig. 2) is increased by 1 bit, so the bits in
their output has been set to full. Meantime, the bit-width can be
doubled in the output of multipliers submodules; thus, its output
size was restricted to increase m by 2 bits, as the analysis was
performed for normalized data, that is, input data values range
from 0 to 1. Therefore, for D = 2, Manhattan distance increases
m by 2 bits.

3.2. Best Match Unit Finder (BMUF)

The BMUF module performs the task of searching the BMU
coordinates, BMUP [m](n) and BMUQ [m](n). This procedure is car-
ried out by verifying the smallest distance value among those
received from the NB modules, as described in Eq. (3). For this
purpose, all the K distance values of the NB modules, together
with their P and Q coordinates, are received in parallel, as shown

in Fig. 1.
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The operation of this module can be described in three steps.
t is shown in Fig. 3, the submodules for each step, painted in
reen, blue, and orange, respectively. The BMUF submodules are
eplicated to verify the smallest distance in one iteration.

First of all, the smallest distance is found by comparing the
alues dk, received from the NB modules. At each nth iteration,
he comparators submodules, COMPk

≤
, determine the smallest

istance according to the following:

k(n) =
{

1, if dk ≤ dl,∀l, 1 ≤ l ≤ K where l ̸= k
0, otherwise.

Therefore, vk = 1 indicates that the input data point, xj[m](n),
s close to the kth NB represented by its COMPk

≤
, while vk = 0

ndicates otherwise. If there are two or more equal distant values,
he comparator output with the lowest kth index will be assigned
he bit 1, while the remaining will be assigned a bit 0, through
he multiplexers MUXk and logical OR gates submodules. Hence,
t each nth iteration, only one comparator has its output vk = 1.
Second of all, for vk = 1, the coordinates of this kth NB,

.e., Pk[m](n) and Qk[m](n), are propagated through the multi-
lexers, MUXk

P and MUXk
Q , respectively. For vk = 0, the value 0

s propagated instead. Note that, in this step, vk is used as the
ultiplexers data selector.
Finally, those propagated coordinates (Pk[m](n) and Qk[m](n))

nd 0s, are summed by Addr+P and Addr+Q submodules, gener-
ting the BMU coordinate, i.e., BMUP [m](n) and BMUQ [m](n).
To illustrate that operation, suppose the distance of a jth input

ata, xj,D[m], concerning to the second neuron weights, w2,D[m],
eing the smallest, i.e., d2 < dl,∀l, 1 ≤ l ≤ K and l ̸= 2. Each
th COMPk

≤
checks if the kth distance on its first input is smaller

han the remaining K distances on the other inputs. Note that
ll the COMPk

≤
submodules operate simultaneously. Hence, the

utput of the second COMP2
≤
is set to v2(n) = 1, while remaining

omparators outputs is set to vk(n) = 0. As a consequence, the
oordinates of the second neuron in the lattice, that is, NB2

2,1,
re propagated through MUX2

P and MUX2
Q , respectively, and sub-

equently summed with 0s from others multiplexers. Thus, the
econd neuron becomes the winning, that is, BMUP = P2 = 2

nd BMUQ = Q2 = 1. d

822
Fig. 4. Submodules used to build the LM module.

3.3. Learning Memory Module (LM)

The LM module stores the parameters needed for updating the
neurons, as described in Eqs. (4) and (9), and it is linked to every
kth NBs in parallel, as shown in Fig. 1. It is designed with the
following submodules: two LUTs (LUTβ and LUTη), one counter
(COUNT ), one comparator (COMP≥), two multiplexers (MUX) and
three registers (βmin, ηmin and nτ ), as shown in Fig. 4.

The LM performs the SOM learning phase in two steps: or-
dering and convergence. During the ordering step, the values of
the neighborhood intensity, β[m](n), and learning parameter,
η[m](n), decrease as the number of iterations increase, as de-
tailed in Eqs. (5) and (7). Meanwhile, in the convergence step
these parameters remains constant. The transition from ordering
to convergence step, is performed by the COMP≥ submodule after
a predefined number of iterations, i.e, COUNT ≥ nτ (a predefined
offset).

The η[m](n), defined in Eq. (5), is preloaded in the LUTη for a
ange of predefined values that decreases as the memory depth
ncrease. In the analysis discussed in the next section, this param-
ter ranges from 0.1 to 0.01. Thus, at each nth iteration, COUNT
ddresses one η[m](n) value to NBs modules during ordering step,
nd the constant ηmin = 0.01 during convergence step. The values
re described in fixed-point of m-bits.
Simultaneously, the β[m](n), defined in Eq. (9), is also ad-

ressed by COUNT . It is preloaded in the LUT submodule for a
β
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Fig. 5. Randomly generated synthetic bidimensional data set and the SOM initial
eurons and weights positions.

ange of predefined values that decreases as the memory depth
ncrease. In the analysis presented in the next section, the neigh-
orhood size parameter used to define β[m](n) decreases from
0 =
√
K to σ = 1, as described in Eq. (7). During convergence

tep, βmin = 1 is used (minimum value defined for σ ), to update
nly the BMU throughout this step. The values are also described
n fixed-point of m-bits.

Note in Fig. 2 that β[m](n) is multiplied by ∥rk − rc∥2(n),
esulting in vk[m](n). Subsequently, after being normalized by
×, vk[m](n) is used to address the memory Mk

exp, generating
k,c[m](n).

. Experimental results

This section discusses the analysis performed to characterize
he architecture’s performance against two key metrics: area oc-
upation and throughput, given that the objective of this research
s to enhance the throughput throughout the learning phase by
sing full parallel hardware acceleration. The area occupation
efers to the amount of resources used in the target FPGA, that
s, the number of LUTs, registers, multipliers, and memories.

The architecture was implemented using the Xilinx develop-
ent platform (Xilinx, 2008). It allows the development of sys-

ems using a block diagram approach (Suzuki, Morie, & Tamukoh,
018). All analysis results were obtained for the Virtex-6
c6vlx240t-1ff1156 FPGA, which contains 37,680 slices, 301,440
egisters, 150,720 LUTs and 768 DSP cells.

The throughput is measured in terms of CUPS: this represents
he number of weights updated per second by the algorithm and
llows one to estimate the data processing time. CUPS is defined
ccording to Ben Khalifa et al. (2019):

UPS = f × P × Q × D (11)

here f represents the clock frequency.
Simulations were carried out to validate our SOM architecture

sing a synthetic data set composed of 5000 bidimensional input
ata, xj,2[m]∀j, 1 ≤ j ≤ 5000, described with m = 16 bits,
herein the fractional part is 12 bits. The map established by
= 25 neurons in a 5 × 5 lattice, hence, P = Q = 5, while

he remaining parameters were set to nτ = 4000, #bits = 9,
nd N = 16,499 iterations. It is shown in Fig. 5, the randomly
enerated data set, and the initial lattice of neurons and weights
ositions. Meanwhile, Fig. 6 shows the final map. Note that the
lgorithm was able to assume a topographic relationship towards
he input data.

Once the implementation was validated as described above,
yntheses were carried out by varying the following parameters:
823
Fig. 6. Lattice of neurons and weights final position in the of learning phase.

Table 1
Synthesis results of varying neurons from 16 to 64 for D = 2 and m = 16.
Virtex-6

Neurons LUTs Registers Multipliers BRAM CUPS

16 6,970 1,090 96 56 573.30M
25 12,918 1,666 150 74 755.01M
49 35,768 3,202 294 122 1,380.55M
64 55,542 4,162 384 152 1,572.73M

the number of neurons (K ), input data dimension (D), and bit-
width (m). Therefore, allowing us to analyze the impact of each
parameter concerning the two-key metrics mentioned.

Firstly, K was increased from 16 to 64 while the remaining
arameters was set to D = 2 andm = 16. The values were chosen

similar to the literature. The results are presented in Table 1.
The second to fifth columns are the number of LUTs, registers,
multipliers, and memory blocks (BRAM) utilized in the FPGA,
while the sixth column gives the throughput in CUPS.

Concerning the area occupation, it can be seen that it increases
as the number of neurons increases, i.e., increasing K from 16
to 64 required ≈ 4× more multipliers and registers, and ≈ 8×
more LUTs. The total FPGA area used was 5.94%, 10.71%, 29.35%,
and 45.10%, respectively. This increase is a consequence of the
parallelization of modules, requiring more submodules and, thus,
hardware resources. The amount of BRAMs increases linearly
with the number of neurons by 2×, and it does not increase
considerably as the other resources because the LM module is
not replicated. For the throughput, K = 64 reached a speedup
of ≈ 2.7× compared to K = 16 as the processing speed in CUPS
increases by increasing the number of neurons weights.

Secondly, syntheses were carried out by varying m and D,
which had its values chosen based on the literature and empir-
ically obtained configurations. Therefore, D varied from 2 to 16,
while m from 12 to 20, for K = 25. The results are presented in
Fig. 7.

Clearly, increasingm and D requires more resources. In respect
to m = 12, the area occupation grows from 8.65% to 47.33%
as D increases from 2 to 16, while for m = 16 and m = 20 it
grows from 10.71% to 62.57% and 13.11% to 80.66%, respectively.
Regarding the bit-width, for D = 2, the area occupied grows from
8.65% to 13.11% by increasing m from 12 to 20. Meanwhile, for
D = 16, a growth from 47.33% to 80.66% resulted by increasing m.
This is a result from the increase in the number of NB modules for
fully parallel processing. Also, increasing the bit-width increases
the resources required by the multipliers that were implemented
using the DSPs.

These parameters also influence the throughput measured in
CUPS, as shown in Fig. 8. As can be seen, the growth in data di-
mensions increases the number of weights and, consequently, the
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Fig. 7. Total hardware resources necessary to implement the architecture by
varying D and m for K = 25.

Fig. 8. Throughput achieved by implementing the architecture when varying D
nd m for K = 25.

umber of CUPS. In respect to m = 12, the throughput increases
rom 779.50MCUPS to 4, 605.11MCUPS as D increases. However,
ncreasing the bit-width reduces the throughput, e.g., for D = 16
t reduced from 4, 605.11MCUPS to 4, 168.45MCUPS as m in-
reases from 12 to 20. The reason for that is an increase in the
ritical-path of multipliers with a higher bit-width.
Lastly, the effect of increasing data dimensions versus the

requency of the clock was analyzed. It can be seen in Fig. 9, a
lightly decrease of ≈ 1 MHz in clock frequency as D doubles,
.e, for m = 12, it decreased from 15.59 MHz to 11.51 MHz
s D increased, while for m = 20 it decrease from 14.39 MHz
o 10.42 MHz. Increasing D requires more adders submodules
Addr+k

dist ), increasing the critical path and decreasing the clock’s
requency. Thus, this design is not considerably affected by data
imensions compared to others in the literature because of the
ully parallel design. Based on that, it can be said that this archi-
ecture is satisfactory for high-dimensional data systems.

The synthesis above shows that parallel techniques grow the
ardware area due to improving processing speed significantly,
elivering feasible and fast-processing applications, even for sys-
ems with high-dimensional data. Also, it is necessary to highlight
hat there are idle FPGA resources in the analyses performed.
hus, it is possible to increase K and D to achieve even higher
hroughput. Although we have not performed a test that used all
esources, the parameters that affect most the area occupation
re K and D.
Sections 4.1–4.3 present the scalability of the architecture, the

esolution of the map produced by the SOM hardware implemen-

ation, and a comparison to the state of the art works.

824
Fig. 9. Impact on clock frequency by doubling D, for K = 25 and m = 16.

Fig. 10. Multipliers necessary to design the SOM for different number of data
dimensions, D, and neurons, K , in the proposed hardware architecture.

4.1. Scalability of the design

Most hardware designs of the SOM algorithm that are cur-
rently proposed in the literature, as discussed in Section 1.1,
adopt the NPTNF to avoid or reduce the use of multipliers and
maintain good hardware scalability. However, it is usually not
presented the effects of these modifications concerning the reso-
lution of the map and quality of clusters.

In our design, the GNF is adopted for maintaining a good
quality of the clusters generated by the SOM and, still, acceptable
hardware scalability (Kolasa et al., 2012). Hence, the impact of
multipliers concerning the scalability is presented as it is consid-
ered the major bottleneck for hardware designs (Cardarilli et al.,
2019; Hikawa, 2019; Khalifa & Bedoui, 2019; Shao et al., 2018;
de Sousa & Del-Moral-Hernandez, 2017; de Sousa et al., 2020;
Tanaka & Tamukoh, 2019). As previously discussed, increasing
K and D requires more submodules due to the fully parallel
approach. Therefore, the number of multipliers can be described
as totalMULT = (2× D+ 2)× K .

It is shown in Fig. 10, the number of multipliers necessary
to our SOM proposal by varying K and D. Also, the available
multipliers in two state of the art FPGAs, Virtex-7 (Xilinx, 2020)
and Stratix 10 (Altera, 2020) is presented. As can be observed,
only one Virtex-7 FPGA can support all the analyzed settings.
Similarly, the Stratix 10 also supports all settings, except for K =
100 and D = 32. Therefore, it is possible to ponder these two
parameters, that is, increasing one decreases the other, and vice
versa. Hence, only one FPGA can implement a significantly high
number of clusters or dimensions.

It is important to emphasize that the number of multipliers
presented was defined based on the available DSP slices in each
FPGA. However, multipliers can also be implemented using other
FPGA resources, such as LUTs. Therefore, the number of neurons
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Comparison of the area occupation and throughput for two set of neurons, K = 16 and K = 25.
Reference Neurons LUTs Area (%) CUPS Speedup

de Sousa and
Del-Moral-Hernandez (2017)

16 8,845 30% 76.16M –

25 17,945 62% 113.25M –

This work 16 6,970 5.94% 573.30M 7.53×
25 16,175 14.39% 1, 008.59M 8.91×
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Fig. 11. Quantization error as a function of the training epochs process for the
ame network implemented in both software and hardware using Euclidean and
anhattan distance, respectively, in the implementations.

mplemented in a single FPGA can be further increased, limited
y the total resources available, at the cost of a slight reduc-
ion in processing time as DSP slices can process mathematical
perations faster.

.2. Evaluation of the map resolution

The quality of clusters generated by the SOM hardware im-
lementation was analyzed through the resulting map lattice by
omparing to a typical software implementation developed on
atlab (MATLAB, 2012). The analysis were performed for K = 25

(5 × 5) and D = 2.
For this purpose, the Quantization Error (QE) is introduced and

used to analyze the results. The QE has a similar concept to the
within-cluster sum of squares and can be obtained by verifying
the distance of an input data point about its BMU (Kolesnikov,
Trichina, & Kauranne, 2015; Pölzlbauer, 2004; Science, 2018;
de Sousa et al., 2020). Thereby, the clustering resolution can be
estimated and, thus, infer its quality. The QE can be described as

QE =
1
Z

Z∑
i=1

√
(xj,i − wc,i)2 (12)

where Z represents the number of input data points, xj, and wc,i
the weights of BMU.

Fig. 11 shows the QE for 8 observations during the SOM
learning phase, in which there is a set of 2000 iterations in
between observations. The hardware approach was developed
using Manhattan distance while the software benchmark used
Euclidean; both were evaluated according to Eq. (12).

It can be seen that QE decreases with the progression of
SOM training, for both software and hardware cases, as a con-
sequence of decreasing β[m] and η[m]. The resulting QE for
the software variant is lower than the hardware one as the
Euclidean distance offers better performance than Manhattan
in low-dimensional applications (Aggarwal, Hinneburg, & Keim,
2001; Delibasis, Goudas, & Maglogiannis, 2016; Karkare, Gibson,
& Marković, 2013; Kriegel, Kröger, & Zimek, 2009). Nevertheless,
the low QE value shows that the proposed hardware design
825
Fig. 12. Quantization error as a function of the training epochs process for the
same network implemented in both software and hardware, both developed
based on Manhattan distance, and varying the bit-width in the hardware.

can deliver clusters quality that is similar to that from software
implementations.

Afterwards, the analysis was repeated but varying m in the
ardware design. For that, both hardware and software variants
ere developed with Manhattan distance, and m varied from 8
o 32 in the hardware approach. The results are shown in Fig. 12.

Regarding m = 8, the QE is high, reaching QE ≈ 400.
herefore, the map is not well-defined; i.e., it does not achieve
topographic relationship to input data. Meanwhile, for m = 16,
he map achieved a low QE value, indicating a well-defined map
nd clusters. Regarding m = 32, the map also reached an excel-
ent topographic relationship with the input data, showcased by
he low QE value. However, it can be observed in Fig. 12, the QE
or 32 and 16 bits are almost overlapped, as the values are very
imilar, not resulting in a noticeable improvement. Hence, our
esign does not require a high number of bits, as in floating-point
mplementations, for a good map resolution such as the software
ne.

.3. Comparisons with state of the art works

The methodology developed in this research is compared to
OM hardware architectures in terms of the two key metrics
reviously mentioned. There comparisons are made with as many
imilar significant parameters as possible, given that many stud-
es do not report all of the settings data or are described under
ifferent circumstances.
Table 2 displays the comparison with the architecture pro-

osed in de Sousa and Del-Moral-Hernandez (2017), which was
eveloped in Virtex-5 xc5vlx50t FPGA. The settings for K = 16,
ere set as D = 2 and m = 8, and for K = 25 they were set as
= 3 and m = 8. In the meantime, this proposal was developed

n a Virtex-6 xc6vlx240t, and the settings kept the same except
or the bit-width, which was defined to m = 16.

Regarding the throughput, our architecture achieved a speedup
f 7.53× and 8.91× for 16 and 25 neurons, respectively, as a
onsequence of sequentially finding the BMU in de Sousa and
el-Moral-Hernandez (2017). Concerning the area occupation, as
ifferent FPGAs were used, it cannot be compared. However, we
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able 3
omparison of the area occupation and throughput for K = 25 neurons.
Reference Registers LUTs DSP CUPS Speedup

Khalifa and Bedoui (2019) 2,566 2,721 25 2,614M –
This work 16,355 135,587 750 4,704M 1.8×

Table 4
Comparison of clock latency for different settings of SOM hardware designs.
Reference K D Latency Speedup

Shao et al. (2018) 16 1 250 µs ≈ 4, 479×
Tanaka and Tamukoh (2019) 256 16 0.07188 µs ≈ 1.3×
This work 16 2 0.05582 µs –

assume our design requires more resources than in de Sousa and
Del-Moral-Hernandez (2017), that is, it occupies more area as a
result of the high parallelism adopted and because the Virtex-6
technology is more recent.

Another comparison is presented in Table 3, with the design
roposed by Khalifa and Bedoui (2019) for K = 25. The archi-
ecture in Khalifa and Bedoui (2019) was developed in a Virtex-7
c7vx485t for m = 8 and D = 23. Meanwhile, in our proposal, it
as developed in a Virtex-6 xc6vlx240t for m = 16 and D = 20
the Virtex-6 do not have enough resources for D = 23).

Once again, different FPGAs were used, and the area occupa-
ion cannot be compared. Nevertheless, the proposal of Khalifa
nd Bedoui (2019) is 1.8× slower, even using a more advanced
PGA. Also, it has more data dimensions, which increases the
hroughput in CUPS, as shown in Eq. (11). Therefore, processing
ata dimensions sequentially through systolic arrays limit the
hroughput for high-dimensional data analysis.

Lastly, the clock latency was compared with the hardware
esign proposed by Shao et al. (2018) and Tanaka and Tamukoh
2019) for different settings. The results are displayed in Table 4.
s can be observed, our proposal reached a latency of 0.05582 µs,
speedup of ≈ 4, 479× and ≈ 1.3×, respectively. The bottleneck

n the compared designs is the sequentially implemented archi-
ectures and the joint between sequential and parallel schemes
n the same architecture. Meanwhile, our proposal is developed
n a completely parallel scheme.

. Conclusion

This work introduced a new method for developing the SOM
lgorithm on fully parallel hardware architecture. The method
as presented and evaluated through an FPGA implementation,
nd the synthesis carried out shows it achieves high performance.
All details of the proposed architecture were presented, al-

owing its replication, and analysis for data processing speed
nd area occupation were presented. Besides, the impact of each
arameter of the SOM algorithm regarding these metrics was
resented to help future implementations easily define them,
llowing to balance, according to the desired purpose, the speed
rocessing, and hardware resources.
Apart from the high-performance reached, the design main-

ains good hardware scalability, where less than 46% of the FPGA
rea was used for 64 neurons. Also, the presented design does
ot occupy the FPGA’s total available resources, allowing other
ystems to be embedded or to increase the parallelization degree,
mproving even further processing speed.

We also presented the quality of clusters generated by the
OM hardware approach contrasted to a software one. The anal-
sis has confirmed that satisfactory quality is achieved, similar to
oftware applications, validating the proposed architecture.
Comparisons with works present in the literature were also
iscussed, showing that a fully parallel implementation can

826
chieve high throughputs compared to designs that involve se-
uential schemes. In certain conditions, it achieved a speedup
f 8.9× in respect to similar architectures in the literature,

occupying less than 15% of hardware area.
Therefore, the proposed method of a completely parallel im-

plementation allows the design to raise the processing speed,
despite the data dimensionality, to satisfy the current demand
for high-speed processing. Also, the method does not become
obsolete quickly as it does not has limiting sequential schemes.
However, the high parallelism adopted in our method requires
FPGAs with a high number of resources to implement a high
number of neurons in the SOM.

For future work, we intend to expand the implementation of
this method using multiple FPGAs. In this way, it will be possible
to considerably increase the number of neurons and analyze
the impact of data traffic during communication between the
FPGAs regarding the data processing time. Therefore, estimating
the limit in which the number of FPGAs does not significantly
affect the method’s processing time, contrasted to sequential or
semi-parallel designs.
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