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Abstract—Nowadays, the growth of Industry 4.0 and Internet
of Things (IoT) demands new solutions for designing low-power
low-cost advanced computational algorithms. This work develops
the sensor signal processing layer of a chemical biosensing IoT
edge device using NanoPillar transducers. We propose to move
from smart sensors to expert sensors, applying Principal Compo-
nent Analysis (PCA) for dimensionality reduction in FPGAs. As
a result, this paper provides a design space exploration of PCA
implementation over FPGAs, studying parameters as throughput
and resource usage.

Index Terms—Principal Component Analysis, Dimensionality
Reduction, Expert Sensors, Biosensor, Machine Learning, FPSoC.

I. INTRODUCTION

New technology challenges as Industry 4.0 or Internet of
Things (IoT), extending traditional Wireless Sensor Networks
(WSNs), require new technical solutions based on advanced
computation algorithms and low-cost low-power systems. For
this reason, embedded system designers have to face the
integration of complex algorithms in their constrained and tiny
elements. The edge processing elements of IoT for Industry
4.0 are becoming more sophisticated to make the systems more
accurate, secure, and reliable. In many cases, IoT communica-
tion aspects have been the main actors, and as a result, many
sophisticated solutions were developed addressing this issue,
leaving the sensor signal processing aside [1]. In this work,
we address the problem of sensor signal processing through
Machine Learning (ML) techniques for being integrated in a
biosensing IoT/WSN platform.

Biosensors are extensively considered in fields, such as
chemical detection and biological recognition events [2]. The
high-reliability and sensitivity features, achieved by this type
of sensors, satisfy the constraints of these applications. In
particular, we consider the signals coming from Resonant
NanoPillars (R-NPs), which have recently shown promising
results for biochemical sensing [3],[4]. R-NPs measure the
reflectivity in a defined wavelength band, producing a spectral
response. The most applied technique for processing these data
is based on the detection of a minimum resonant peak and
the variations in wavelength (λ) of this peak [5]. Therefore,
current analysers take one single value of the spectrum,
losing potential information provided by the rest of data as

amplitudes, slopes, and sub-resonant peaks. For this reason, it
could be interesting to build advanced analysers based on the
whole spectrum analysis and ML techniques.

As a whole spectrum includes many points, there are a
large number of variables that the ML system should relate
to for generating an output, increasing model complexity and
having a negative impact on accuracy. A problem dimension-
ality reduction will allow using the information in the whole
spectrum, but using a limited number of features, resulting
in a simpler and more accurate ML model. Additionally, for
an embedded system, it would be unaffordable to design a
complete spectrum analysis because of computational and
power limitations. Hence, this dimensionality reduction step
plays an important role in building advanced R-NP analysers.
Some successful recent examples of previous works applying
dimensionality reduction in embedded systems are in [6] for
EEC signals and in [5],[7] for hyperspectral images.

Based on this, the purpose of this paper is to study how to
move from smart sensors (resonant peak analysis) to expert
sensors (complete spectrum analysis) when considering R-
NP signals as input (see Fig. 1). To this end, as a first
step focusing on dimensionality reduction through Principal
Component Analysis (PCA) [8], we perform a design space
exploration studying the trade-off between some interesting
parameters as resource (DSPs, LUTs, and RAM) usage. As
an expected contribution, this paper will facilitate decision-
making to designers, when selecting the hardware needed
to build an expert sensor under specific constraints, such as
hardware limitations and sytem throughput. In future steps,
PCA will be combined with ML methods for regression or
classification to predict biochemical features, implementing
the system in a WSN/IoT platform as ”cookie” [9], developed
at CEI-UPM.

The rest of this paper is structured as follows. Section II
presents the PCA implementation in an embedded system
using different architectures. Section III details the results
obtained and the design space offered by the architecture
analysis. Finally, conclusions are shown in Section IV.

  





TABLE I: Architecture design constraints.

Parameter Value

Data type 32-bit floating-point, 32 -bit (22 fractional) fixed-point
N of RAMs 1,2,4
Pipeline Yes, No
Unroll 1 - 24

III. RESULTS

In this section, we analyse the performance of different ar-
chitectures based on Table I, while solving the PCA inference
step decribed before in Section II for R-NP data. To this end,
we consider the following metrics: throughput and resoruces
(DSP, FF, and LUT) usage.

Analysing the results obtained for each architecture, we
check that both FF (Flip-Flop) and LUT (Lookup Table)
usages are not limiting factors when solving the problem,
compared to DSPs (Digital Signal Processor) usage and
throughput. Their values are lower than 28% and 39%, re-
spectively. Thus, we focus on DSP usage, being the number
of DSPs used, and throughput. The metrics obtained during
this experimentation are listed in Tables II and III. Note
that configurations needing more than 100% DSPs usage are
removed, as well as non-synthesizable configurations.

If we focus on architectures using the same number of
RAMs, it is shown that pipelined architectures have better
throughput than non-pipelined ones for every unroll value (see
Fig. 3(a) and 3(c)). Moreover, the increase of unroll value
improves throughput for each architecture. Thus, the maximum
throughput found is 18.3 µs (microseconds) with 2 unrolls,
4 RAMs, pipeline, and fixed-point data type. Note that, this
architecture demands up to 80% of DSPs (see Fig. 3(b)).

Comparing fixed-point against floating-point, we check that
throughput is higher for fixed-point (see Fig. 3(a) and 3(c)).
Moreover, fixed-point architectures have a wide range of DSPs
usage depending on the constraint value selected. On the
contrary, floating point architectures have an almost static
DSPs usage per each number of RAMs (see Fig. 3(d)). Hence,
the fixed-point architecture offers more flexibility in the use of
DSP, which seems to be a more adaptive architecture solution.

As expected floating-point architectures offer more accuracy
than fixed-point one. Thus, the absolute error of using the 32-
bit floating-point data type is 1× 10−5, while for fixed-point
is 1× 10−4. Because the error value is low, it seems adequate
to consider a fixed-point data type for designing because of
throughput and resource usage advantages.

As a result of this work, we have checked that it is
highly recommendable to consider fixed-point data type when
designing a PCA inference system. On the other hand, some
parameters as number of RAMs, unroll, and pipeline usage
can be adjusted to get specific values for throughput and DSP
usage, while FF and LUT usage are not of concern.

IV. CONCLUSION

In specific IoT applications, the use of sophisticated biosen-
sors could produce a huge amount of data to be analysed.

TABLE II: Analysing fixed-point architectures.

N of RAMs Pipeline Unroll DSPs(%) throughput(µs)

1 no 8 80 59.30
1 no 6 60 66.90
1 no 5 50 102.15
1 no 4 40 82.10
1 no 3 30 97.30
1 no 2 20 127.70
1 no 0 10 182.41
1 yes 8 80 36.56
1 yes 6 60 36.56
1 yes 5 50 43.86
1 yes 4 40 36.55
1 yes 3 30 48.70
1 yes 2 20 73.01
1 yes 0 10 145.96

2 no 5 100 43.78
2 no 4 80 36.50
2 no 3 60 42.58
2 no 2 40 54.74
2 no 0 20 91.22
2 yes 5 100 21.98
2 yes 4 80 18.32
2 yes 3 60 24.39
2 yes 2 40 36.54
2 yes 0 20 73.02

4 no 2 80 27.38
4 no 0 40 45.62
4 yes 2 80 18.30
4 yes 0 40 36.53

TABLE III: Analysing floating-point architectures.

N of RAMs Pipeline Unroll DSPs(%) throughput(µs)

1 no 48 12 188.5
1 yes 48 12 188.5
1 yes 5 6 182.49

2 no 16 25 106.03
2 no 2 22 209.77
2 no 0 20 328.33
2 yes 4 8 109.56
2 yes 2 6 127.8

4 no 8 50 66.14
4 no 2 45 72.98
4 no 0 40 105.84
4 yes 5 6 73.19
4 yes 2 15 80.04
4 yes 0 12 45.82

Instead of being sent through the network, this data might
be processed in the sensors, or near them, reducing both
response time and communication load. This scenario leads to
the development of expert sensors, which attempt to achieve
the integration of machine learning systems in low-cost, low-
power, and resource-aware devices, such as FPGAs. This
paper proposes a hardware implementation of PCA inference
stage in FPGAs. This design space exploration comprises two
architectures according to data type, i.e., floating-point and
fixed-point, while throughput and hardware resource usage
(DSPs, LUTs, FFs, RAMs) depending on the implementation
type, are the studied parameters. As a result, floating-point
architectures are more suitable from an accuracy point of
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